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Abstract

A computer-based system was designed for the grading and quantification of hip osteoarthritis (OA) severity. Employing an active-contours
segmentation model, 64 hip joint space (HJS) images (18 normal, 46 osteoarthritic) were obtained from the digitized radiographs of 32 unilateral
and bilateral OA-patients. Shape features, generated from the HJS-images, and a hierarchical decision tree structure was used for the grading
of OA. A shape features based regression model quantified the OA-severity. The system accomplished high accuracies in characterizing hips as
“Normal” (100%), of “mild/moderate”-OA (93.8%) or “severe”-OA (96.7%). OA-severity values, as expressed by HJS-narrowing, correlated
highly (r = 0.9, p <0.001) with the values predicted by the regression model. The system may contribute to OA-patient management.

© 2007 Elsevier Ltd. All rights reserved.
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1. Introduction

The syndrome of osteoarthritis (OA) causes alterations in
the tissues of synovial joints, a condition that results in pain,
stiffness, deformity as well as limitation of the movement of
the affected joint [1].

Plain film radiography is considered as the reference imaging
modality for the assessment of the severity of OA [2], despite
the fact that Magnetic Resonance Imaging (MRI) is considered
as the most promising tool for the investigation of the disease
[3]. Radiographic features that signify the presence of OA in a
joint include: joint space narrowing (indicating the progressive
loss of articular cartilage), subchondral sclerosis, osteophytosis,
and cyst formation [4]. For the assessment of the severity of
hip OA, several qualitative grading scales have been proposed
[5]. According to these scales, a severity grade is, subjectively,
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assigned to the studied hip joint, while each grade is defined
on the basis of joint structural alterations visualized on radio-
graphic images. The Kellgren and Lawrence (KL) grading scale
[6] is considered as the golden-standard despite its deficiencies
[7]. The specific scoring system evaluates the severity of OA
on a five (0—4) grade scale, in which 0 indicates a “normal”
joint, while the grades 14 are used in order to characterize the
osteoarthritic condition as “doubtful”, “mild”, “moderate”, and
“severe”, respectively [6].

Shape is a visual feature of cardinal importance regarding
the description and the recognition of an object within a digital
image [8]. In biomedical images, the shape and the size of
anatomical structures may provide useful information regard-
ing the physiology or the pathology of the structures [9]. In
the field of X-ray musculoskeletal imaging, the shape of lum-
bar vertebrae has been utilized for the discrimination between
normal and defective (having osteophytes) ones by means of a
neural network based classification approach [10]. In another
study, alterations in the shape of periarticular bone contours
of the middle or proximal phalanges, associated to rheumatoid
arthritis of the hand, have been assessed by computer-based
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Fig. 1. Diagrammatic representation of the computer-based system for the grading and quantification of hip osteoarthritis severity.

image analysis techniques [11]. Finally, the size of radiographic
knee joint space has been used for the automatic discrimination
between osteoarthritic and unimpaired knees using a neural
network [12].

Referring to hip OA, a characteristic shape alteration asso-
ciated to the disease is the narrowing of hip joint space (HIS),
perceived on radiographic images. The specific radiographic
feature has been considered as a defining criterion for epidemi-
ologic studies of the disease [13], whereas the monitoring of
HJS-narrowing has been accepted as the most reliable index for
the monitoring of the disease progression [4]. The progressive
and non-uniform loss of the articular cartilage, indicated by the
narrowing of radiographic HJS, is expected to differentiate the
morphology of radiographic HJS in osteoarthritic hips. Thus,
the utilization of features capable of evaluating the shape and
the size of radiographic HJS could establish means for the dis-
crimination between normal and osteoarthritic hips as well as
among various grades of hip OA-severity.

Previous studies [13,14] have introduced HJS-width thresh-
olds for characterizing a hip as normal or osteoarthritic. In
previous studies performed by our group [15-18], hip joint
alterations associated to OA were assessed by means of the ra-
diographic texture of HJS. Additionally, textural information
extracted from the region of radiographic HJS has been em-
ployed in the design of pattern recognition schemes for the
discrimination among OA-severity categories and the quantifi-
cation of the severity of the disease. In a preliminary study
performed by our group, morphological descriptors of radio-
graphic HJS were employed in the design of a probabilistic
neural network based classifier, used for the discrimination be-
tween: (i) normal and osteoarthritic hips, and (ii) between hips
of mild/moderate OA and of severe OA [19].

In the present study, a more robust computer-based system
was designed for the grading of hip OA-severity from pelvic
radiographs as well as for the quantification of the severity of
the disease (see Fig. 1). Within this context: (i) digital image
features, capable of evaluating alterations concerning the shape
and the size of radiographic HJS due to OA, were generated
from the abovementioned anatomical region, (ii) these features

were employed in the design of a tree-structure based classifi-
cation scheme, implemented by suitable combination of pattern
recognition algorithms, for characterizing hips either as normal
or as of mild/moderate OA or of severe OA, and (iii) a shape
features based regression model was introduced for the quan-
tification of the severity of hip OA.

2. Materials and methods
2.1. Patients and radiographs

The sample of the study comprised 64 hips (18 normal, 46 os-
teoarthritic) corresponding to 32 patients with verified hip OA.
Eighteen patients were diagnosed as of unilateral OA, while
14 as of bilateral OA. Diagnosis of hip OA was performed ac-
cording to the clinical and radiographic American College of
Rheumatology criteria [20]. The mean value of patients’ ages
was 66.7 years (range 49 years—83 years). A pelvic radiograph
was available for each patient, while all radiographs were ob-
tained employing a specific radiographic protocol. In partic-
ular, each radiograph was taken on an X-ray unit (Siemens,
Polydoros 50, Erlangen, Germany) with the following settings:
70-80kVp, 100 cm focus to film distance, alignment of the X-
ray beam 2 cm above the pubic symphysis, use of a fast screen
and film cassette 30 cm x 40 cm. Radiographs were digitized
at 12 bits (4096 gray levels) with a spatial resolution of 146 ppi
(0.17 mm pixel size), using a laser digitizer suitable for medi-
cal applications [21]. Digitizer performance was evaluated em-
ploying a quality control protocol [22].

The KL grading scale criteria were used for the radiographic
assessment of hip OA-severity [6]. In particular, each one of
three orthopaedists assigned a KL severity grade to the exam-
ined hips, while in order to establish a golden-standard, only
those examinations of common consent were retained for the
purposes of the present study. Based on the assigned KL grades,
the hips of the sample were allocated into one of the follow-
ing three major OA-severity categories: ‘“normal/doubtfoul”
(KL = 0,1), “mild/moderate” (KL = 2,3), and “severe”
(KL = 4). Within this context, and referring to the unilateral
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Fig. 2. Determination of the acute angle, defined on patient’s standard anatom-
ical landmarks, encompassing the studied hip joint space region of interest.
O: centre of femoral head, w: highest point of homolateral sacral wing, r:
lateral rim of the acetabulum.

OA-group, 18 hips were assigned to the “normal/doubtful”, 9
to the “mild/moderate”, and 9 to the “severe” category. The

corresponding numbers for the hips of the bilateral group were
0/7/21.

2.2. Active contours segmentation of radiographic HJS

In order to determine the region of radiographic HJS, an ac-
tive contours (snakes) segmentation model was utilized [23]. In
particular, the determination procedure comprised the follow-
ing steps:

(i) The digitized radiographs were processed by an algorithm
implementing the adaptive wavelet transform [24]. This
resulted in the contrast enhancement of the radiographic
image, while the articular margins of the joint were em-
phasized.

(i) On the enhanced radiographs, an acute angle encompass-
ing the weight-bearing portion of the femoral head was
formed for each hip (see Fig. 2), employing custom de-
veloped software [25,26]. This angle, defined on the basis
of patient’s anatomical landmarks [27], provided the me-
dial and lateral limits of the studied HJS region of interest
(ROI). As it can be observed in Fig. 2, the medial limit of
the HJS-ROI was defined by the line joining the centre of
femoral head (summit of the angle) and the highest point
of the homolateral sacral wing, while the lateral limit was
given by the line joining the centre of the femoral head
and the lateral rim of the acetabulum.

Fig. 3. Active contours based segmentation of the radiographic hip joint space
(HJS) region of interest (ROI), corresponding to Fig. 1. The initialization
points « , were connected by a solid line, which provided an initial rough
approximation of the HJS-ROI contour (a). After multiple iterations, the
articular margins of radiographic HJS-ROI, indicated by the solid line, were
determined by the active contours model (b).

Fig. 4. Segmented hip joint space (HJS) region of interest (ROI), correspond-
ing to Figs. 2, and 3.

(i) Within this angle, the orthopaedist commenced the seg-
mentation process by providing manually a number of ini-
tialization points. As it can be observed in Fig. 3a, these
points were placed within the region of radiographic HIJS,
in the vicinity along the articular margins of the hip joint.
The initialization points were connected automatically by
a line, which provided an initial rough approximation of
the contour of the HIS-ROI (see Fig. 3a). After the speci-
fication of the parameters of the snakes model (elasticity,
rigidity, number of iterations) the articular margins of the
HIJS-ROI were determined by the segmentation algorithm
(see Fig. 3b). An example of segmented HJIS-ROI, corre-
sponding to Figs. 2 and 3 is presented in Fig. 4.

On each enhanced pelvic radiograph, two ROIs were seg-
mented corresponding to patient’s both HJSs, according to the
previously described procedure. It has to be mentioned that in
cases characterized by complete loss of the HIS due to narrow-
ing, the shape analysis could not be performed, so an accep-
tance threshold was set (number of pixels corresponding to the
ROI greater than 200).
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2.3. Shape analysis of radiographic HJS

For the needs of the present study, the following features
[8,28,29] were generated from the segmented HJS-ROIs (see
Fig. 3b), in order to quantify shape and size aspects of radio-
graphic HJS:

S area, the number of pixels comprising the ROI

P perimeter, the number of pixels in the boundary of
the HJS-ROI

3 minimum upper distance, the minimum distance

between the centre of mass (centroid) and the upper
boundary (roof of the acetabulum) of the HIS-ROI

Jfa minimum lower distance, the minimum distance
between the centroid and the lower boundary (upper
margin of the femoral head) of the HIS-ROI

fs maximum medial distance, the maximum distance
between the centroid and the medial boundary of
the HJS-ROI

fe maximum lateral distance, the maximum distance
between the centroid and the lateral boundary of
the HJS-ROI

fr major axis length, the length of the major axis of the
ellipse that has the same normalized second order
spatial central moments as the HIS-ROI

f3 minor axis length, the length of the minor axis of
the ellipse that has the same normalized second
order spatial central moments as the HJS-ROI

fo eccentricity, the eccentricity of the ellipse that has
the same normalized second order spatial central
moments as the HJS-ROI. The specific feature is
defined as the ratio of the distance between the foci
of the ellipse and its major axis length

f1o orientation, the angle (in degrees) between the x-
axis and the major axis of the ellipse that has the
same normalized second order spatial central mo-
ments as the HIS-ROI

fi1 convex area, the area of the convex hull correspond-
ing to the HJS-ROI. For an object within a digital
image the convex hull is defined as the minimal
convex shape that entirely bounds the object

fi2 equivalent diameter, the diameter of a circle with
the same area as the HJS-ROI
f13 extent, the ratio of the area of the HJS-ROI to the

area of the Bounding box corresponding to the HJS-
ROI. The Bounding box of an object is defined as
the smallest rectangle (oriented along the rows of
the image) containing the object.
All the abovementioned areas and distances were expressed
in pixels.

2.4. Design of the grading classification system

For the computer-based grading of hip OA-severity, a clas-
sification system was implemented as a two-level hierarchical
decision tree (see Fig. 5). The first level of the system was de-
signed so as to discriminate between normal and osteoarthritic

hips. At the second level, the hips that had correctly been char-
acterized as osteoarthritic at the first level were further clas-
sified as of mild/moderate or of severe OA. As it can be ob-
served in Fig. 5, the classification task concerning the first level
of the tree structure was performed by an ensemble of 3 indi-
vidual classifiers. In particular, the k-nearest neighbor (k-NN),
the Bayes and the quadratic-least squares minimum distance
(Quadratic-LSMD) classifiers were combined according to the
majority vote (MV) principle, in order to improve the classi-
fication accuracy of the system. According to the MV combi-
nation rule, an unknown pattern is assigned to a specific class
oy if the majority of individual classifiers, implementing the
combined classification scheme, assigns the pattern to wy [30].

At the second level, the quadratic-LSMD classifier was used
for the further discrimination of osteoarthritic hips. At both lev-
els, the classifiers were designed employing the shape features
that were generated from the region of radiographic HJS.

2.4.1. k-nearest neighbor classifier

The k-nearest neighbor (k-NN) classifier implements an ef-
fective non-parametric classification approach that does not re-
quire the prior knowledge of patterns distributions. The specific
classification algorithm opines regarding the assignment of an
unknown pattern to a class relying on a distance function be-
tween patterns. In particular, an unknown pattern is assigned
the label of the class in which the most nearest training patterns
(neighbors) belong [31]. For the needs of the present study, the
Euclidean distance was used as the metric of proximity between
patterns [9]. Considering the p-dimensional feature space, the
Euclidean distance dg between the unknown pattern vector x
and a training pattern vector y is given by

de= 3" (=) (1)

2.4.2. Quadratic-least squares minimum distance classifier

The Quadratic-LSMD classifier discriminates among classes
by implementing quadratic decision boundaries. The specific
classification algorithm is a modified version of the least
squares minimum distance (LSMD) classifier, in the sense
that employs a quadratic equation within the least squares
method. In the quadratic approach, for a pattern vector x of
p-dimensionality, a pattern vector y of augmented dimension-
ality g is formed, through a one-to-one transformation. Due
to the latter, the quadratic decision functions involving the
elements of pattern x, can be written in the form of linear
equations employing the elements of the augmented pattern y.
Thus, the classifier finally opines similarly to the LSMD clas-
sifier. Accordingly, the augmented pattern y is mapped from
the augmented feature space into a decision space wherein the
patterns of a class are clustered around a pre-selected point.
The transformation that implements the mapping from the
feature space to the decision space is chosen so as the overall
mean-square mapping error is minimized (least squares). An
unknown pattern is assigned to a class if it is closest (mini-
mum distance) to the predefined point of the decision space,
corresponding to the class [32].
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Fig. 5. Two level hierarchical decision tree structure for grading osteoarthritis severity employing shape features of the hip joint space (HIS) region of interest
(ROI). Level 1: discrimination between Normal (N) and osteoarthritic (P) hips by the Majority Vote based combined classification scheme. Level 2: discrimination
between hips of mild/moderate (M) osteoarthritis and of severe (S) osteoarthritis employing the quadratic-least squares minimum distance (LSMD) classifier.

2.4.3. Bayes classifier

The Bayes classifier implements a statistical pattern recog-
nition approach, based on Bayes formula from probability
theory. The classifier is designed so as to minimize the av-
erage risk (probability of misclassification) associated to a
discrimination task. For a classification problem concerning
the assignment of an unknown pattern X into one of N classes

w1, w2, ..., oy, the Bayes classifier decides by utilizing func-
tions of
the form

dr(x) = pX|wg) - P(wy), k=1,2,...,N. 2)

In Eq. (2), the term p(x|wy) stands for the class-conditional
probability density function, which describes the distribution of
pattern vectors within the class wg. On the other hand, P (wy)
represents the a priori probability concerning the occurrence
of class wg. The pattern x is assigned to the class wy associated
with the highest value of the decision function di (x). Assuming:
(i) probability density functions p(x|wy) of Gaussian form,
and (ii) equal probabilities P (wy), the decision function of the
classifier can be written in the form of Eq. (3):
di(x) = In P(w) — 5 -In|Cy| — 1
x[x—m)'-Cl - (x—mpl, k=1,2,...N,
(3)

where Cj and my, represent the covariance matrix and the mean
vector of class w; while T indicates transposition [9].

2.4.4. Feature selection and evaluation of system performance
In order to determine the feature combination providing the
highest classification accuracy with the minimum number of

features (“optimum” or “best” feature combination) the exhaus-
tive search procedure was followed in conjunction with the
leave one out (LOO) performance evaluation method [9]. In
particular, the generated features were exhaustively combined
with each other (i.e. combinations of two, three, etc. features)
in order to form a pattern vector. For every feature combina-
tion, each one of the classifiers was designed employing all the
patterns of the sample, but one (“leave one out”). This pattern
was considered as an unknown one and was used in order to
determine the committed classification error. By this way, the
performance of the classifier was evaluated employing patterns
that were not used for its design. The classification performance
was expressed in terms of overall accuracy, specificity and sen-
sitivity [9]. The above described procedures were followed at
each level of the decision tree-structure.

In order to safeguard against variations in the dynamic range
of the generated features, a fact that could result in inaccurate
classification scores, the features were normalized to zero mean
and unit standard deviation [9], according to

fi _norm — u 5 (4)
o

where f; norm is the normalized value of the f; shape feature,
while p and ¢ are the mean value and standard deviation, re-
spectively, of feature f; over all HIS-ROlIs.

2.5. Quantification of hip osteoarthritis severity

In an effort to provide a quantitative estimation of the sever-
ity of the disease, a regression model was introduced for the
specific purpose. In particular, for each patient of the unilateral
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OA group:

(a) OA_severity was expressed as the difference between the
area of radiographic HJS of the osteoarthritic (HIS_Areapam)
and contralateral normal (HJS_Areanormy) hip, according to Eq.

(5) [15]:

HIS_Areanorm — HIS_Areapam

OA_severity (%) = S Area
— norm

x 100. (5)

In this context, OA_severity takes values between 0 and 100,
expressing the percentage reduction of the HJS-area due to
OA. Considering that: (i) the monitoring of HJS-narrowing
is regarded as the most reliable index for monitoring OA-
progression [4], (ii) the unaffected hip in patients with unilat-
eral OA can be used as reference for normal HJS-area [27], and
(ii1) in normal individuals, right and left hips do not differ sig-
nificantly [33], the HJS-area difference may be employed for
evaluating the cartilage loss due to OA, and thus for assessing
OA-severity.

(b) Utilizing multiple linear regression analysis [34], a mul-
tivariate model of shape features was generated for the quanti-
tative assessment of OA using the “Matlab Statistics Toolbox”
(The MathWorks, Inc., Natick, USA). Following multiple trials
for different combinations of the generated features, the Equiv-
alent Diameter and Maximum Medial Distance of the patho-
logical HJS-ROIs were found to give best fit and they were em-
ployed as the independent (predictor) variables of the model,
while the OA_severity was used as the dependent variable. The
regression equation describing the model was of the form

OA_severity(%) = — 1.9 - Equivalent Diameter
+ 0.3 - Maximum Medial Distance
+119.6. (6)

In order to test the quality of the regression OA-severity
model a “Leave-6-Out” model was used. In particular, data for
six patients were reserved for verification purposes and evalu-
ated by the model developed using the remaining 12 patients.

2.6. Statistical analysis

The student’s 7-test was used in order to investigate the exis-
tence of statistically significant differences (p < 0.05) between
normal and osteoarthritic hips for the shape feature values.
Multiple linear regression analysis [34] was utilized for the
generation of the multivariate model concerning the quantita-
tive assessment of OA. The existence of statistically signifi-
cant differences between the OA_severity values predicted by
the regression Eq. (6) and the “Leave-6-Out” model was in-
vestigated by means of the student’s paired ¢-test. Pearson’s
correlation coefficient was used in order to assess the correla-
tion between the measured and the predicted values. The stu-
dent’s 7-test was also employed so that to verify whether Eq.
(6) predicted OA_severity values for hips of mild/moderate and
of severe OA differed significantly. The coefficient of varia-
tion (CV) [35] was used in order to assess the reproducibility
of the HIS-ROI determination process. In particular, each of
the orthopaedists segmented the HIS-ROIs twice, according to

the previously described procedure. A time interval of about a
month was intervened between the two determinations, while
the evaluation scores were employed for the calculation of the
CV. High degree of reproducibility is indicated by low values of
the CV coefficient, and vice versa. Student’s paired z-test was
used in order to investigate whether shape features extracted
from the two determinations differed significantly (p < 0.05).
All statistical processing was performed utilizing the “Matlab
Statistics Toolbox™.

3. Results and discussion

This study proposes a computer-based classification system
for the grading and quantification of hip OA-severity from ra-
diographic images. The classification system, which is imple-
mented in the form of a two-level hierarchical decision tree
structure, utilizes shape properties of the radiographic HIS in
order to characterize a hip as normal, of mild/moderate OA or
of severe OA.

The degenerative process of OA causes the progressive and
non-uniform loss of articular cartilage. In a radiographic im-
age this loss is indicated by the narrowing of HJS, which in-
duces alterations in the morphology of the specific anatomical
region. Thus, the shape and the size of radiographic HJS in os-
teoarthritic hips, are expected to differ in comparison to normal
ones. This differentiation was verified by the results of statisti-
cal analysis of the present study, which revealed the existence of
statistically significant differences (p < 0.001) between normal
and osteoarthritic hips for the shape feature values. So far, the
well-known HJS-width and/or HJS-area parameters have been
employed in previous studies for the assessment of differentia-
tions concerning the size of HIS in the osteoarthritic condition
[13,14,27,36]. In the present study, the alterations of the radio-
graphic HJS associated to OA were evaluated by means of shape
descriptors, which provide quantitative information concerning
not only the size, but also the shape of the specific anatomical
region. The segmentation of radiographic HIS-ROI was found
to be reproducible. Regarding the intra-observer reproducibil-
ity, the CV was found equal to 2.3%, on average, indicating
the reliability of the segmentation process. Inter-observer re-
producibility was also high, since the corresponding value for
the CV was 2.9%, on average. In addition, the feature values
that were generated from the twice-determined HJS-ROIs were
found not to differ significantly (p > 0.05).

At the first level of the hierarchical decision tree structure,
the overall classification accuracy achieved by the system was
98.4%, since 63 out of 64 hips were correctly classified. As it
can be observed from Table 1, all the normal hips were prop-
erly characterized, resulting in the highest possible specificity
accuracy (100%). On the other hand, only one osteoarthritic
hip was misclassified, corresponding to a sensitivity accuracy
of 97.8%. It has to be mentioned that the specific hip was of
“mild/moderate” OA, a fact that may justify the specific clas-
sification error.

The abovementioned classification scores were derived from
the suitable combination of the k-NN, Bayes, and quadratic-
LSMD classification algorithms. In particular, the outputs cor-
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Table 1

Truth table demonstrating classification results regarding the discrimination
between normal and osteoarthritic hips at the first level of the hierarchical
decision tree
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Table 3

Truth table demonstrating classification results regarding the discrimination
between hips of mild/moderate osteoarthritis and of severe osteoarthritis at
the second level of the hierarchical decision tree

Hip characterization Normal Osteoarthritic Accuracy (%) Osteoarthritis severity category ~ Mild/moderate ~ Severe  Accuracy (%)
Normal 18 0 100 Mild/moderate 15 0 100
Osteoarthritic 1 45 97.8 Severe 1 29 96.7
Overall accuracy (%) 98.4 Overall accuracy (%) 97.8

Table 2

Classification performances of the individual classifiers implementing the
combined classification scheme at the first level of the hierarchical decision
tree

Classifier Overall accuracy (%) Specificity (%) Sensitivity (%)
k-NN 95.3 88.9 97.8
Bayes 93.8 100 91.3
Quadratic-LSMD  93.8 88.9 95.6

k-NN is the k-nearest neighbour, LSMD the least squares minimum distance.

responding to the best classification performance of each of the
individual classifiers were combined according to the “major-
ity vote” principle [30]. Table 2 tabulates the best classifica-
tion scores for each of the individual classifiers. As it can be
observed, the k-NN algorithm accomplished the highest accu-
racy in discriminating between normal and osteoarthritic hips.
In particular, 61 out of 64 hips (95.3% overall accuracy) were
assigned to the correct categories, for the optimum feature com-
bination comprising the features [Area, Perimeter, Maximum
Lateral Distance]. Sixteen out of 18 normal hips were prop-
erly classified (88.9% specificity accuracy), while only one os-
teoarthritic hip was incorrectly assigned to the normal category
(97.8% sensitivity accuracy). After multiple trials, the num-
ber of neighbours in the k-NN was determined to be equal to
3 (k = 3). The Bayes classifier discriminated successfully 60
out of 64 hips, accomplishing an overall accuracy of 93.8%.
The specificity accuracy was 100%, since all the normal hips
were correctly classified, while the sensitivity accuracy was
91.3% (proper classification for 42 out of 46 osteoarthritic
hips). The optimum feature combination provided the afore-
mentioned scores comprised the features [Area, Major Axis
Length, Extent, Perimeter]. Finally, the quadratic-LSMD clas-
sifier achieved the same overall accuracy as the Bayesian algo-
rithm (93.8%) for the three-dimensional optimum feature com-
bination [Eccentricity, Equivalent Diameter, Minimum Upper
Distance]. The specificity accuracy accomplished was 88.9%,
since 16 out of 18 normal hips were properly classified. Refer-
ring to the osteoarthritic hips, all but 2 were correctly charac-
terized, resulting in a sensitivity accuracy of 95.6%. As it can
be concluded, the combined classification scheme improved the
overall classification accuracy regarding the discrimination be-
tween normal and osteoarthritic hips. This can be justified by
taking into consideration the fact that each of the individual
classifiers, implementing the ensemble structure, commits clas-
sification errors in different regions (sub-spaces) of the entire

Table 4
Truth table demonstrating classification results for the hierarchical decision
tree structure

Osteoarthritis severity category Normal Mild/moderate Severe Accuracy (%)

Normal 18 0 0 100
Mild/moderate 1 15 0 93.8
Severe 0 1 29 96.7

Overall accuracy 96.9
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Fig. 6. Three-dimensional scatter diagram and regression surface of the
multiple regression analysis model for quantitative estimation of osteoarthritis
(OA) severity.

feature space. This complementary information was utilized by
the MV-based ensemble, which accomplished a superior clas-
sification performance for the specific discrimination task, in
comparison to the individual classifiers.

At the second level of the hierarchical tree, the hips that had
been correctly classified as osteoarthritic at the first level, were
further characterized as of mild/moderate or of severe OA. The
quadratic-LSMD classifier performed the specific discrimina-
tion task accomplishing an overall classification accuracy of
97.8%. As it can be observed from Table 3, all the hips of
mild/moderate OA were assigned to the correct category, re-
sulting in the highest possible accuracy (100%). Referring to
the hips of Severe OA, only one hip was misclassified provid-
ing an accuracy of 96.7%. The optimum feature combination
employed for the specific classification task comprised 5 fea-
tures: [Area, Convex Area, Extent, Perimeter, Maximum Lat-
eral Distance].
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Table 5
Measured and predicted values of OA_severity
Patient Measured Shape feature Shape feature Predicted Predicted
OA_severity equivalent maximum medial OA_severity OA_severity value
value (%) diameter® distance® value? by “Leave-6-Out”
(%) model (%)
1 84.2 24.7 62.7 91.5 97.7
2 92.7 16.1 132 93.0 92.8
3 92.0 15.6 11.2 93.3 92.9
4 84.8 25.5 63.6 90.2 96.4
5 82.3 31.0 83.6 85.8 93.7
6 67.3 41.3 54.9 57.6 55.7
7 82.2 31.8 67.7 79.5 76.4
8 73.1 29.7 474 774 74.3
9 86.8 29.5 60.3 81.6 78.5
10 51.8 442 61.1 54.0 50.9
11 66.0 38.5 63.6 65.5 62.4
12 71.9 333 34.5 66.7 63.6
13 53.3 40.7 58.7 59.9 63.0
14 21.6 59.0 73.2 29.5 38.8
15 60.1 46.8 69.1 51.4 55.5
16 58.9 42.6 49.6 535 59.4
17 18.7 46.2 44.5 452 539
18 46.1 523 59.2 38.0 46.8
OA is osteoarthritis.
2Values in pixels.
PEquation of multiple linear regression model: OA_severity (%) = —1.9 - Equivalent Diameter 4 0.3 - Maximum Medial Distance 4 119.6.

Summarizing, the overall classification accuracies accom-
plished by the hierarchical tree structure for normal hips, hips
of “mild/moderate”, and of “severe” OA were 100%, 93.8%,
and 96.7%, respectively (see Table 4).

Besides the grading of hip OA, the shape features were also
employed in the design of a multivariate regression model for
the quantification of the severity of the disease. The latter was
expressed as the percentage of HJS-area difference between
the osteoarthritic and contralateral-normal HJS of patients with
unilateral OA (see Eq. (5)). According to the results of mul-
tiple regression analysis, the model employed as independent
variables the shape features Equivalent Diameter and Maxi-
mum Medial Distance (see Eq. (6)). The graphical representa-
tion of the relationship between the variables involved in Eq.
(6) is shown in Fig. 6. The measured OA_severity values, ex-
pressed by Eq. (5) and the corresponding ones predicted by
the model (see Eq. (6)) are presented in Table 5. Statistical
analysis revealed that the measured and the predicted values
did not differ significantly (p > 0.05), while the correlation be-
tween them was strong and significant (r = 0.9, p <0.001).
In order to assess the reliability of the quantitative estima-
tion, a “Leave-6-Out” model was used, which predicted the
OA _severity values displayed in the last column of Table 5.
According to the results of statistical analysis, the OA_severity
values, predicted by the Leave-6-Out model, and the corre-
sponding ones, predicted by the model of Eq. (6), did not
differ significantly, a finding that may imply the reliability
of the suggested approach and its potential use in a clinical
environment.

Since the proposed regression model involves shape fea-
tures generated from pathological HJS, the osteoarthritic hips

of the sample were used in order to obtain average OA_severity
values for the “mild/moderate” and ‘“‘severe” categories. Re-
garding the mild/moderate category, the mean value (£SD) of
OA_severity was 45.7% (+15.4%), while the corresponding
numbers for the “severe” class were 68.5% (£20.9%). Statis-
tical analysis demonstrated the existence of significant differ-
ences (p < 0.001) between the two osteoarthritic categories for
the predicted OA_severity values. As it can be observed, the
hips of severe OA provided a significantly higher mean value
of OA_severity in comparison to the hips of mild/moderate cat-
egory. This finding complies with clinical data concerning the
progressive deterioration of the joint structure due to the de-
generative action of the disease [4—6]. Finally, and taking into
consideration that the quantification of the severity of the dis-
ease is based on shape features generated from osteoarthritic
hips, the proposed regression model could be of value to or-
thopaedists in monitoring OA-progression on the same individ-
ual, facilitating the management of osteoarthritic patients.

4. Conclusion

In conclusion, structural alteration of the hip joint, associ-
ated to OA, can be assessed reliably by computational shape
descriptors of radiographic HJS. The proposed two-level hier-
archical decision tree discriminated efficiently normal from os-
teoarthritis hips, while graded reliably the severity of OA in os-
teoarthritic hips. In addition, the cartilage degeneration due to
OA and the induced size and shape alterations of radiographic
HIJS were utilized for the design of a regression model, which
quantified reliably the OA-severity in osteoarthritic hips. The
proposed system could positively contribute to the management
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of osteoarthritic patients. In particular, the suggested computer-
based approach could enhance the reliability of OA-severity as-
sessment, safeguarding against subjective judgement variations
associated to the use of qualitative scales (objectification of
severity scales in OA). Furthermore, the quantitative estimation
of OA-severity provided by the system could facilitate the com-
parison of OA-progression in follow-up studies, i.e. therapeutic
response to a potential intervention aiming to the retardation of
the disease progression. Finally, the system could be used as
a diagnosis decision support tool to un-experienced physicians
and/or as a ‘second opinion’ tool to experienced ones.

5. Summary

The radiographic assessment of hip osteoarthritis (OA)
severity mainly relies on the employment of qualitative scales.
Among them, the Kellgren and Lawrence (KL) grading scale is
considered as the golden-standard for epidemiological studies
of the disease. Within the context of the qualitative assessment
of OA, a severity grade is, subjectively, assigned to the studied
hip joint, while the severity grades are defined on the basis of
joint structural alterations visualized on radiographic images.
Among the characteristic radiographic features of hip OA,
the narrowing of radiographic hip joint space (HJS) has been
accepted as a defining criterion of the disease, while it is con-
sidered as the most reliable index of the disease progression.

In the present study, a computer-based system was designed
for the grading and quantification of hip OA-severity, employ-
ing computational shape descriptors of radiographic HJS. The
sample of the study comprised 64 hips (18 normal-46 os-
teoarthritic), corresponding to 32 patients with verified uni-
lateral or bilateral OA. For each of the patients a pelvic ra-
diograph was available. Hips were allocated by orthopaedists
into 3 OA-severity categories, formed in accordance with the
KL scale: “normal-doubtful”, “mild-moderate”, and “severe”.
Patients’ pelvic radiographs were digitized, while their radio-
graphic contrast was enhanced by the adaptive wavelet trans-
form. On each enhanced radiograph the articular margins of the
hip joint were determined by an active contours (snakes) seg-
mentation model. Accordingly, 64 regions of interest (ROIs),
corresponding to patients’ both HISs were segmented, while a
number of shape features were generated from the HIS-ROIs.
These features were employed in the implementation of a two-
level hierarchical decision tree, designed so as to assign a hip
into one of the 3 OA-severity categories. Additionally, a shape
features based regression model was introduced for the quan-
tification of hip OA-severity. The latter was expressed as the
percentage difference between the area of radiographic HJS of
the osteoarthritic and contralateral-normal hip of unilateral os-
teoarthritic patients.

Statistical analysis revealed the existence of statistically
significant differences (p <0.001) between normal and os-
teoarthritic hips for the generated features. The latter were
sensitive enough to capture HJS shape alterations, and as a re-
sult, the classification scheme accomplished high accuracies in
characterizing hips as “normal” (100%), of “mild/moderate”-
OA (93.8%) or “severe”-OA (96.7%). The OA-severity values,

as expressed by HJS-narrowing, correlated highly (r = 0.9,
p <0.001) with the predicted values by the regression model.
In addition, OA-severity values, predicted by the model, for
patients of severe OA were significantly higher in comparison
to those predicted for patients of mild/moderate OA.

Taking into consideration the results of the present study,
the proposed system may contribute to the management of os-
teoarthritic patients by objectifying the severity scales in OA,
enhancing the comparability of grading of OA in progres-
sion, and acting as a diagnosis decision support tool to un-
experienced physicians and/or as a ‘second opinion tool’ to
experienced ones.
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