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Rationale and Objectives. Rotator cuff disorders are prevalent and can cause pain and reduced range of motion and
strength. Accurate, noninvasive diagnosis of rotator cuff disorders is therefore important. In this work, we study the rela-
tionship between several three-dimensional (3D) shape measurements of the supraspinatus and its pathologic conditions.
The objective is to explore the utility of 3D shape descriptors in distinguishing supraspinatus pathologies, leading to com-
puter-aided diagnosis of rotator cuff disorders.

Materials and Methods. We acquired magnetic resonance images of the shoulder from 73 patients, separated into five pathol-
ogy groups: normal (14), tear (20), tear and atrophy (13), tear and retraction (15), and tear and atrophy and retraction (11). We
segmented the 3D surface of the supraspinatus from each magnetic resonance image, and computed 11 3D shape characteristics
for each. We performed an analysis of variance (ANOVA) test for each measurement to test the null hypothesis that the means
of the pathology groups were equal. The most promising of the measurements, as determined by the ANOVA test, were used to
train a support vector machine classifier to automatically assign new supraspinata to the correct pathology groups.

Results. The ANOVA test results rejected the null hypothesis (p � .0045) for 7 of our 11 measurements. Highlights of
the results from the support vector machine classifier were 79% accuracy in distinguishing normals from abnormals, and
82% accuracy in distinguishing atrophy from retraction, our main clinical motivation. These scores were tabulated based
on leave-one-out cross-validation.

Conclusion. From the results, we draw the conclusion that 3D shape analysis may be helpful in the diagnosis of rotator
cuff disorders, but further investigation is required to develop a 3D shape descriptor that yields ideal pathology group sep-
aration. The results of this study suggest several promising avenues of future research to meet this goal.

Key Words. Rotator cuff; supraspinatus; shoulder pathology; tear; atrophy; retraction; magnetic resonance imaging; 3D
shape analysis; 3D shape description; computer aided diagnosis.
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The rotator cuff comprises several muscles and tendons
that stabilize the shoulder, including the supraspinatus
(Fig 1). Disorders of the rotator cuff are prevalent; inci-
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dence of disorder has been found to be 34% of asymp-
tomatic individuals in a study where diagnosis was per-
formed on magnetic resonance images (MRI) (1), and
30% of individuals older than 60 years of age in a cadav-
eric study (2). Symptoms of rotator cuff disorder can be
debilitating, including pain, weakness, and limited range
of motion, especially for overhead work (3-5). Disorders
of the supraspinatus muscle may involve tearing, which
can lead to muscle retraction, atrophy, or both (6-9). It is
important to be able to distinguish between retraction and
atrophy because retraction is a condition that is repairable
by pulling the muscle forward in surgery, whereas atro-

phy is a condition uncorrectable by surgery. Because
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both of these conditions result in a reduction of the
apparent size of the muscle and therefore are difficult
to distinguish by size alone, we are motivated to inves-
tigate the utility of analyzing the 3D shape of the su-
praspinatus to discover shape characterizations that
may assist the physician in distinguishing between
these groups.

The objectives of this study are to explore the rela-
tionship between shape and pathology of the supraspi-
natus and to carry out a preliminary study of the effec-
tiveness of an automated machine learning algorithm
for distinguishing the pathologic cases of the supraspi-
natus based on its shape. We segment the 3D surfaces
of the supraspinatus muscle from MRI data of 73 pa-
tients. Each patient’s dataset is labeled according to
pathology after a quantitative procedure described in
related work (11,12), forming several groups of pa-

Figure 1. Diagram of shoulder anatomy
(posterior view). Adapted from Grey’s Ana
tients. Although shoulder arthroscopy is considered the
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gold standard for the evaluation of the rotator cuff, di-
agnosis based on MRI is noninvasive and has an ex-
ceptionally high accuracy that has been accepted as a
standard of reference (13-16). To be certain of the ac-
curacy of our pathology group labels, all MRI-based
diagnoses were also verified using shoulder arthros-
copy. Thus our diagnoses represent ground truth ac-
cording to the gold standard for supraspinatus diagno-
sis. We then compute 11 different shape descriptors of
each patient’s segmented supraspinatus surface. We
perform an analysis of variance (ANOVA) test evaluat-
ing the null hypothesis that the means of all of the pa-
thology groups are the same for each measurement. We
select the most discriminatory measurements to train a
support vector machine-based classifier to automati-
cally assign new supraspinatus surfaces into the correct
pathology groups. We evaluate our results according to

ting the location of the supraspinatus
(10).
indica
two criteria: 1) the p values reported by the ANOVA
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test, which indicate the statistical significance of the
differences in the measurements across pathology
groups; and 2) the accuracy of the trained support vec-
tor machine in classifying new supraspinata, which
gives a preliminary indication of the utility of this ap-
proach in designing a computer-aided diagnosis (CAD)
system for the rotator cuff. Ultimately, the clinical use
of such a system would be to act as a second, support-
ing reader to a radiologist attempting to make the diag-
nosis based on MRI.

MATERIALS AND METHODS

We acquired MRIs of the shoulder from 73 patients at
1.5T, with imaging parameters as follows: repetition time
4,000–5,500; echo time 36; field of view 14; matrix
256 � 256. The in-plane (sagittal) resolution of the data
was between 0.3 and 0.6 mm and the slice thickness
ranged from 3 to 5 mm. Patients were consistently im-
aged in the supine position, relaxed, and in minimal ex-
ternal rotation to minimize the effects of pose and gravity
on the shape of the muscle. The patients were selected
according to diagnoses made by examining the MRIs of
the shoulder. The group of patients with torn supraspinata
is composed of patients suffering different disease severi-
ties (classified according to previous work [12]), under
the assumption that some of these patients would have
visible muscle shape changes and some would not. The
retraction group comprised patients with observed rele-
vant mechanical changes to the muscle, and the atrophy
group had relevant physiologic changes. The control
group was composed of patients with unstable shoulders,
because they represent a more relevant cross section of
the population than would normal subjects. The pathology
groups, and the number of patients in each group, are
summarized in Table 1. This study was conducted under
a waiver from the Institutional Review Board.

The overall processing performed on the 73 MRIs is
given in Fig 2. Because of the low contrast with sur-
rounding tissues on many slices, expert anatomic knowl-
edge is required to segment the supraspinatus from the
rest of the MR volume. Manual segmentation of the su-
praspinatus muscle was performed by a radiology resident
on the sagittal MR images in a slice-by-slice manner, tak-
ing between 3 and 10 minutes per patient. The software
tool used for the outlining was custom-written for this
purpose and allows the resident to select control points

lying on the surface of the supraspinatus on each slice.
The tool automatically fits a parametric cubic spline curve
(17) to these points to guarantee smoothness, although
sharper turns in the curve are made possible by allowing
the user to add more control points near the turns. The
tool performed the spline fitting interactively (ie, every
addition, deletion, and modification of a control point up-
dates the display of the parametric cubic spline curve im-
mediately) so that the resident could manipulate the con-
trol points until the curve accurately followed the contour
of the muscle. In previous work, it has been shown that
intra- and interobserver variation in supraspinati contour-
ing is less than 5% (18).

Because of the 3- to 5-mm slice thickness of the data,
slice-by-slice segmentation results in a set of points which
are dense within the (sagittal) imaging planes but sparse
in the out-of-plane direction (contours in Fig 3). The next
step is to perform interpolation of the contours in three
dimensions (3D) to obtain a set of object surface points
that is dense along all axes. To this end, we used the in-
terpolation module of the segmentation editor in the
Amira software (Mercury Computer Systems, Inc), based
on an implicit, level set–based shape representation, simi-
lar to work by Turk and O’Brien (19). Figure 3 illustrates
the interpolated muscle surface between the contours. Fig-
ure 4 shows samples of 3D renderings of three represen-
tative muscles from each pathology group. Although there
seem to be some qualitative differences between the pa-
thology groups in these samples, it is difficult to state
them precisely, motivating the need for quantitative 3D
shape analysis to distinguish these groups. Figure 5 shows
an example of a segmented supraspinatus surface in con-
text of the MR image from which it was segmented.

Next, independently of the 3D shape analysis process,
the condition of the supraspinatus of each patient was
assessed by a board-certified radiologist based on MRI,

Table 1
Description of the Pathology Groups

Abbreviation Number of Patients

Pathology Group
Normal: No pathology N 14
Abnormal: T, TA, TR, TAR A 59

Abnormal subgroups
Tear: Full/partial tear T 20
Tear � atrophy TA 13
Tear � retraction TR 15
Tear � atrophy � retraction TAR 11
and assigned to one of the following groups: normal, tear,
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tear and atrophy, tear and retraction, and tear and atrophy
and retraction; the diagnosis process took between 1 and
3 minutes per patient. To ensure that we established a
ground truth diagnosis, all pathology group labels as-
signed based on inspection of MRIs were verified during
shoulder arthroscopy. Thus our group labels represent
ground truth based on a gold standard for rotator cuff
diagnosis.

We computed 11 different 3D shape measures for each

Figure 2. Computational pipeline used in this study. Slice-by-
slice segmentation of the supraspinatus from magnetic resonance
images leads to a set of sparse surface points, which are interpo-
lated to create a surface in three dimensions (3D). Each muscle is
assigned to a pathology group by an expert, and 3D shape mea-
sures are computed for each group. Group difference significance
is then assessed using analysis of variance testing and training
and evaluation of a machine learning algorithm for automated
diagnosis.

Figure 3. Supraspinatus muscle surface segmentation. Contours
resulting from expert segmentation of the supraspinatus are
shown, rendered (as dark bands) using physical space coordi-
nates. Large spaces between contours are due to the low out-of-
plane resolution of the data. Note that contours appear non-paral-
lel because of perspective projection. Also shown is the result of
three-dimensional interpolation of the contours, yielding a dense set
of points lying on the surface of the supraspinatus, rendered as a
surface. The coloring of this surface is according to the mean curva-
ture calculated at each point; higher curvature corresponds to lighter
coloring. This surface has been made translucent so that the con-
tours can be clearly seen surrounding the muscle.
dataset, summarized in Table 2.
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Ratios of Eigenvalues (Three Measures)

We performed principal components analysis (20)
against the points lying on the surface of each shape. This
is done by first subtracting the mean point from all of the
shape surface points. Next, a 3 � 3 covariance matrix is
calculated for these centered points, and the eigenvalues
�1 � �2 � �3 and eigenvectors e1, e2, e3 of this covari-
ance matrix are calculated. The eigenvalues �1, �2, �3

represent the variance of the supraspinatus surface points
in the direction of the eigenvectors (which describe the
main directions of variation) for each supraspinatus shape.
They represent an approximation to each supraspinatus by
an ellipsoid, where �1, �2, �3 represent the lengths of the
major axes of such an ellipsoid. Computing the three val-
ues of the ratios

�1

�2
,

�1

�3
, and

�2

�3
yields measures of elonga-

tion of the object. For a spherical object, we expect
that �1 � �2 � �3. For a cylindrical object, we expect that
�1 �� �2 � �3; for a disk-like object, we expect that �1 �
�2 �� �3. See Fig 6 for an illustration of the meanings of
these elongation measures.

Mean and Standard Deviation of Distances to
Centroid (Two Measures)

Here, we compute the centroid of all of the supraspina-
tus surface points, and compute the mean euclidean dis-
tance from each surface point to this centroid, as a mea-
sure of size. We also compute the standard deviation of
these distances as a measure of surface roughness or non-
sphericity.

3D Moment Invariants (Three Measures)
We compute three 3D moments, J1, J2, J3, that have

been shown to be invariant to translation and rotation.
Moments are measures that capture characteristics of the
spatial distribution of the mass of a shape (21). They are
computed as follows:

J1 � �200 � �020 � �002

J2 � �200 �020 � �200 �002 � �020 �002 � �110
2 � �101

2 � �011
2

J3 � �200�020�002 � 2�110�101�011 � �002�110
2

� �020�101
2 � �200�011

2 ,
where �pqr is given by
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Figure 4. Sample supraspinatus surfaces. Each row shows three samples for each pathology group. (a–c) Normal. (d–f) Tear. (g–i) Tear
and atrophy. (j–l) Tear and retraction. (m–o) Tear and atrophy and retraction. The surfaces are shaded according to the computed mean

curvature at each point; lighter shading corresponds to higher curvature values.

1233



WARD ET AL Academic Radiology, Vol 14, No 10, October 2007
Figure 5. Supraspinatus surface, in context. Four views, from different angles, of the same segmented supraspinatus, in con-
text of the magnetic resonance image from which it was segmented. (a) The semitransparent sagittal slices viewed face-on, with
the supraspinatus rendered as a hollow region. (b) Image (a) rotated slightly for a different perspective. (c) A view from the side

of the shoulder. (d) A view from the top of the shoulder.
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�pqr � �
x

�
y

�
z

(x � x)p(y � y)q(z � z)r f(x, y, z),

f is given by

f(x, y, z) ��1 if (x, y, z) is a surface point

0 otherwise

x, y, z are given by

x � m100 ⁄ m000

y � m010 ⁄ m000

z � m001 ⁄ m000,

and mpqr is given by

mpqr � �
x

�
y

�
z

xpyqzrf(x, y, z).

Surface Area, Volume, and Their Ratios (Three
Measures)

We compute the surface area and volume of each su-
praspinatus in physical units and take the ratio of surface
area to volume. The surface area and volume are com-
puted by extracting a triangular mesh corresponding to
the iso-surface at the boundary of the shape surface (22).
The volume contained by the mesh is then computed,
and the surface area of the mesh is computed as the sum

Table 2
Descriptions of the measurements taken, with their
associated measurement numbers used in this article

Number Description of Measurement

1 Eigenvalue ratio �1/�2

2 Eigenvalue ratio �1/�3

3 Eigenvalue ratio �2/�3

4 Mean of distances to centroid (cm)
5 Standard deviation of distances to centroid (cm)
6 3D moment J1

7 3D moment J2

8 3D moment J3

9 Surface area (cm2)
10 Volume (cm3)
11 Surface area/volume (1/cm)
of the areas of the mesh faces.
As a test of the significance of the measurements
taken, for each measurement type, we performed a one-
way ANOVA to test the null hypothesis that the means of
the normal and pathologic groups were the same. Thus
we are testing 11 separate hypotheses (one for each mea-
surement) on our dataset. We therefore need to take care
in selecting our statistical significance level to account for
the fact that, by chance alone, we may encounter a favor-
able significance level simply because of the number of
tests that we are conducting. In this work, we apply the
Bonferroni correction (23). The Bonferroni correction
states that if we test n hypotheses on a set of data, then
we should adjust our statistical significance level by a
factor of 1

n. Choosing a standard significance level of p �
.05 for a single experiment, our Bonferroni-corrected sig-
nificance level in this work is p � 1

11�0.05�, or p � .0045.
To test the classification power of the computed de-

scriptors, we consider the machine learning problem
wherein we attempt to train a classifier to distinguish the
supraspinatus pathology groups based on extracted shape
descriptors. It is well-known in the machine learning
community that, although a set of features may lead to
very poor classification performance when each feature is
considered individually, considering these features in
combination may lead to much better classification. This
idea is illustrated in Fig 7, in which we illustrate a simple
problem involving two pathology groups (red and black),
and two shape descriptors, or features, f1 and f2. It can
be seen in the figure that either of f1 or f2, taken individ-
ually, would result in very poor classification perfor-
mance; there is no place on either of these axes where a
decision point could be placed that results in good classi-
fication. However, taking both features into account, a
quadratic decision curve can be computed in two-dimen-
sional feature space that perfectly separates the pathology
groups. Based on this idea, we train a support vector ma-
chine (24) using multiple extracted shape features and
evaluate its classification accuracy in differentiating the
supraspinatus pathology groups. We perform leave-one-
out cross-validation, averaging the classifier’s accuracy
across all rounds.

RESULTS

Table 3 gives the mean and standard deviation values
of the measurements taken for each pathology group.
Measurements whose ANOVA tests favored rejection of

the null hypothesis (p � 0.05; Bonferrori-corrected to
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Figure 6. Illustration of the meaning of the relationship of the eigenvalues (resulting from principal components analysis [20] on shape
surface points) to each other. (a) PCA on a set of two-dimensional points: Eigenvalues �1 and �2 represent the lengths of the vectors
along the directions of greatest and second-greatest variation in the data points, respectively. (b) When PCA is done on a set of points
lying on a sphere-like shape, eigenvalues tend to be equal. (c) When PCA is done on a set of points lying on a cylinder-like shape, �1

tends to be much larger than � and � , both of which tend to be equal. (d) PCA on a set of points lying on a disk-like shape yields �
2 3 1

approximately equal to �2, both of which being much larger than �3.
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p � .0045) are shown in Table 4. These measurements
include the mean of distances to centroid, the 3D moment
invariants, surface area, volume, and the ratio of surface
area to volume.

To visualize the separability of the pathology groups
based on the most discriminatory (according to p value)
of the measurements taken, we provide box plots showing
the first, second, and third quartiles, the extent of nonout-
liers, and the outliers for the mean of distances to cen-
troid, the best (according to p value) of the 3D moment
features, and the best (according to p value) of the sur-
face area and volume measurements in Fig 8.

Table 5 shows the results of support vector machine
classification. At each cell of the table, a value is given
that indicates the classification accuracy achieved by the
support vector machine in differentiating the pathology
groups indicated by the row and column of that cell.

DISCUSSION

In this article, we presented a pilot study involving 73
patients with varying supraspinatus pathology: normal,
tearing, retraction, atrophy, and combinations of these
diagnoses. We segmented the supraspinatus from sagittal
shoulder MRIs of each patient, and computed 11 3D mea-

Figure 7. A plot showing two features, f1 and f2, in 2D feature
space. Black points correspond to one group, and red points to
another (please see electronic version). The points are projected
onto the f1 and f2 axes to illustrate that the group separability is very
poor for either of these features taken separately. However, a classi-
fier based on a quadratic decision curve is able to achieve perfect
class separation when both features are considered together.
surements of the resulting shapes. Several of the measures
that we take include an element of size (ie, are not invari-
ant to scale). This is intentional; domain expertise sug-
gests that aspects of size are important in distinguishing
these pathology groups (eg, atrophy is, by definition, a
reduction in size). In a small or poorly chosen sample of
patients, this inclusion of size measures could be prob-
lematic. Consider, for instance, a scenario in which all of
the patients with normal supraspinati happened to be large
individuals, and all of the patients with torn supraspinata
were small individuals. We might then erroneously con-
clude that size is a distinguishing factor between these
groups, when in fact this is an artifact of our patient se-
lection process. To compensate for this, it may be tempt-
ing to normalize for patient size (for example, by using
the size of the joint), but this would fail to compensate
for differences in fitness and muscle mass across individ-
uals (eg, large individuals with small muscles and small
individuals with large muscles). On the other hand, if all
groups consist of a representative cross-section of differ-
ent-sized people, and yet size remains a distinguishing
factor between the groups, then it is safe to conclude that
the size differences are related to the muscle pathologies.
We believe this to be the case in our study, which in-
volves a relatively large group of real patients.

From the plots in Fig 8 it can be qualitatively observed
that the normal group is generally separable from the ab-
normals taken as a whole and also separable from the
tear, with atrophy and retraction (TAR). It appears that
the surface area to volume ratio provides the best separa-
bility between the normal and abnormal groups. This re-
sult is interesting because the surface area to volume
measurement captures aspects of both shape nonsphericity
and size. Geometrically, spheres have the lowest surface
area to volume ratio, so it can be said that high values of
this measurement indicate nonsphericity. This nonspheric-
ity could be in the form of an elongation of the object. It
is arguable in this study that differences in elongation
may not be involved here, because the elongation mea-
sures (ratios of eigenvalues) produced poor group separa-
bility (failure to reject the null hypothesis in the ANOVA
test). It could also be the case that the separability associ-
ated with the surface area to volume ratio is a conse-
quence of differences in the amount of folding in the sur-
face between the normal and pathologic groups, increas-
ing its total surface area without a corresponding increase
in volume. Informally, the samples shown in Fig 4 seem
to bear this out. However, this hypothesis would require a
more detailed investigation before any conclusions could

be drawn, especially because the size of an object also
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affects this measurement; the larger an object (of the
same shape) becomes, the lower becomes its surface area
to volume ratio. It is less clear how these measurements,
taken separately, would separate the individual groups
corresponding to pathologic conditions; qualitatively, it
seems that on the whole, these individual measurements’
performances would be poor in doing so.

We evaluated each measurement to determine if its
differences across pathology groups were statistically sig-
nificant, and selected those with the most significant dif-
ferences for training of a support vector machine–based
classifier. We evaluated the classifier’s performance in
distinguishing the pathology groups using cross-valida-
tion. The results are generally promising, with the excep-
tion of the classifier’s ability to distinguish a tear (T)
from a tear with retraction (TR), and a tear with atrophy

Table 3
Mean � standard deviation values of each of the measuremen

N T

1 2.4 � 1.2 2.6 � 0.90
2 5.7 � 2.5 6.7 � 2.3
3 2.5 � 0.60 2.6 � 0.69
4 2.0 � 0.44 1.8 � 0.32
5 0.65 � 0.22 0.66 � 0.13 0
6 10.2 � 105 � 9.1 � 104 8.7 � 104 � 5.2 � 104 6.5 �

7 5.3 � 109 � 6.4 � 109 2.7 � 109 � 2.8 � 109 1.5 �

8 7.6 � 1013 � 1.1 � 1014 2.6 � 1013 � 3.7 � 1013 1.3 �

9 60 � 24 49 � 18
10 23 � 13 15 � 8.3
11 2.8 � 0.56 3.5 � 0.80

Please refer to Tables 1 and 2 for the meanings of the column a

Table 4
p Values resulting from a one-way analysis of variance test
for each measurement, testing the null hypothesis that the
means of the measurements of all of the pathology groups
are the same

p Value

Mean of distances to centroid (cm) .0039
3D moment J1 .0014
3D moment J2 .0018
3D moment J3 .0027
Surface area (cm2) .0010
Volume (cm3) .000041
Surface area/volume (1/cm) .0000034

Only p values leading to rejection of the null hypothesis
(p � .0045) are shown.
(TA) from a tear with atrophy and retraction (TAR). Spe-
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cifically encouraging, however, are the classifier’s ability
to distinguish normal from abnormal (79% accurate), and
most importantly, tear and atrophy (TA) from tear and
retraction (TR) (82% accurate). We acknowledge that
these accuracies are not sufficient for direct clinical use,
but our objective in this paper is not to design an imme-
diately usable CAD system for the supraspinatus. Our
objectives in this work were 1) to examine the relation-
ship between the shape of the supraspinatus and its patho-
logical conditions, and 2) to carry out a preliminary ex-
ploration of the feasibility of a computer-aided diagnosis
system for the supraspinatus, based on its 3D shape. The
specific contributions of this article are the achievement
of these two objectives. These objectives have been
achieved because 1) several shape features (mean of dis-
tances to centroid, 3D moments, surface area, volume,
and surface area to volume ratio) were shown to differen-
tiate the pathology groups in a statistically significant
manner (p � 0.05; Bonferroni-corrected to p � .0045)
resulting from an ANOVA test), and 2) encouraging re-
sults were obtained from a trained support vector machine
attempting to automatically diagnose supraspinatus pathol-
ogies. In particular, the classifier’s accuracy in differenti-
ating the tear with atrophy (TA) group from the tear with
retraction group (TR) is very encouraging, because it is
this very diagnosis that is critical to determining whether
surgery is required (retraction) or not (atrophy), and this
diagnosis is difficult to make clinically and noninvasively.

From our results, we conclude that 3D shape is indeed
useful in distinguishing the pathologic conditions of the
supraspinatus. However, our work represents only the first

r each of the groups

A TR TAR

2.4 3.5 � 1.4 3.0 � 2.1
5.7 7.6 � 2.6 7.4 � 3.3
0.75 2.5 � 0.85 3.0 � 1.5
0.34 1.6 � 0.29 1.6 � 0.22
0.11 0.56 � 0.13 0.6 � 0.17
4.2 � 102 4.5 � 104 � 2.8 � 104 3.7 � 104 � 2.2 � 104

1.9 � 109 6.8 � 108 � 7.3 � 108 4.6 � 108 � 5.5 � 108

2.2 � 1013 3.2 � 1012 � 4.5 � 1012 1.7 � 1012 � 2.8 � 1012

22 34 � 7.6 34 � 12
10 9.1 � 2.8 7.1 � 4.7
1.7 4.1 � 1.3 5.1 � 0.89

w labels, respectively.
ts fo

T

4.0 �

10 �

2.7 �

1.8 �

.66 �

104 �

109 �

1013 �

45 �

15 �

4.8 �
steps toward the overall goal of the development of a
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Figure 8. Box plots showing the separability of the pathology groups using the mean of distances to centroid (top), three-dimensional
moment J1 (middle), and ratio of surface area to volume (bottom). The bottom and top of each displayed box plot indicate the first (Q1)
and third (Q3) quartiles of the measurements, respectively. The line in the middle of the box shows the median. The whiskers emanating
from the box show the largest and smallest nonoutliers. The � symbols show outliers (defined as being smaller than Q1 � P or larger

than Q3 � P where P � 1.5 � Q, Q � Q1 � Q3 ).
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CAD system for supraspinatus pathologies. To make such
a system useful in a clinical setting, several avenues of
work need to be explored. First, a reliable, highly auto-
mated method for segmentation of the supraspinatus on
MRI must be developed. Second, the accuracy of the au-
tomated classifier needs to be increased to a level that is
comfortable to practicing radiologists. With these two

Figure 8. (continued).

Table 5
Automated Classification Results

N T TA TR

A 0.79
T 0.70
TA 0.81 0.72
TR 0.79 0.44 0.82
TAR 0.76 0.73 0.50 0.73

Each cell shows the accuracy (1 being perfect accuracy) of a
support vector machine trained to distinguish the pathology
groups corresponding to the row and column of that cell. Leave-
one-out cross-validation was performed, with the results aver-
aged over all rounds. The support vector machine was trained
using shape features corresponding to the three smallest p val-
ues: surface area, volume, and the surface area to volume ratio.
See Table 1 for abbreviations.
goals achieved, a clinical work flow incorporating this

1240
work can be envisioned: the patient presents with symp-
toms of rotator cuff disorder, the primary care physician
performs a diagnosis based on palpation and range of mo-
tion tests and orders an MRI. The radiologist performs a
first reading of the MRI and diagnoses the condition of
the patient’s supraspinatus. The CAD system segments
the supraspinatus from the MRIs, computes 3D shape
measures, and performs an automated diagnosis—effec-
tively acting as a second reader. If the system’s diagnosis
differs from that of the radiologist, the radiologist is
flagged so that he or she may give the diagnosis further
consideration to decide whether or not to accept the CAD
system’s recommendation. Design of such a CAD system
is a long-term goal; the results of this article suggest that
CAD based on 3D shape of the supraspinatus is indeed
possible with significant work.

Further work will involve the establishment of point-
wise anatomical correspondence on the supraspinatus
surfaces across all patients, enabling visualization and
quantification of the results of local (pointwise) statistical
analysis. The aim is that this should lead to further hypothe-
ses about local or regional differences between muscles in
different pathology groups, hopefully leading to better sep-
aration between groups. Orthogonal to this, another inter-

esting area for future study would be to assess the impact
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on shape analysis of positional difference during imaging
(eg, the influence of internal and external rotation).
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