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Universidad Autónoma de Zacatecas, Zacatecas, Zacatecas, Mexico

gatejo@uaz.edu.mx
2 Instituto Tecnológico Superior de Zacetcas Sur, Tlaltenango, Zacatecas, Mexico

http://www.uaz.edu.mx

Abstract. Diagnose Knee osteoarthritis (OA) is a very important task,
in this work an automated metrics method is used to predict chronic
pain. In early stages of OA, changes into joint structures are shown,
some of the most common symptoms are; formation of osteophytes, car-
tilage degradation and joint space reduction, among others. Using public
data from the Osteoarthritis initiative (OAI), a set of X-ray images with
different Kellgren Lawrence score (K & L) scores were used to determine
a relationship between bilateral asymmetry and the radiological evalua-
tion in K & L score with the chronic knee pain. In order to measure the
asymmetry between the knees, the right knee was registered to match the
left knee, then a series of similarity metrics; mutual information, correla-
tion, and mean square error were computed to correlate the deformation
(mismatch) and K & L score with chronic knee pain. Radiological infor-
mation was evaluated and scored by OAI radiologist groups, all metric
of image registration were obtained in an automated way. The results
of the study suggest an association between image registration metrics,
radiological K & L score with chronic knee pain. Four GLM models wit
AUC 0.6 and 0.7 accuracy random forest classification model was formed
with this information to classify the early bony changes with OA chronic
knee pain.
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1 Introduction

Osteoarthritis (OA) is one of the most common diseases in the industrialized
world. This incapacitating disease brings poor quality of life to many people,
turning in a painful task working or even making daily life activities. This disease
affects 1 in 10 adults over 60 years, only in the United States [25], OA is the most
common manifestation of arthritis. In Mexico, OA is one of the principal causes
of medical attention requests.
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X-Ray imaging is the first hand information that Diagnosing OA and deter-
mining the patient disease stage is critical, medical imaging is one of the tech-
niques used to primary diagnose and staging.

There are several radiological methods to establish the stage in the OA.
Expert radiologists evaluate radiological evidence of x-ray images to determine
morphological changes such as appearance of osteophytes, structural changes or
joint space narrowing (JSN) [1]. This radiological evidence has not been fully
studied or associated with the most common symptoms [12,14,18,24]; pain and
stiffness [8]. One of the biggest challenges is clearly associate radiological evi-
dence with early symptoms that commonly have late onset, as it is the most
common symptom in OA; pain.

Early diagnosis is very important because the knee pain is one of the most
disabling symptoms even at early ages. There is a lack of standards in the form of
how images are assessed. To attack this problem, OA community has developed
a series of clinical questionnaires and some atlas [2,10,16,17] for image evalu-
ation [3,22]. There are methods such as Kellgren-Lawrence (K & L) [16] that
are commonly used by radiologists to evaluate images, but these methods still
depend on the judgment of an experienced radiologist, and studies demonstrate
that the same image can be evaluated very differently by two or more different
radiologists, and even the same radiologist may assess differently the same film
at two different times [19,20].

The development of an automatic method for the evaluation of the images is
very important, this way the bias induced by the human factor is reduced, and
the patient can be evaluated in an objective way. Using computational methods
to evaluate x-ray images can be used as a second opinion and thus achieve an
automatic patient early diagnosis of OA. For this reason, a large number of
associations makes huge efforts to generate information about the disease in
search of finding treatments or even a cure that does not exist now.

The Osteoarthritis Initiative (OAI) has been recollecting thousands of clin-
ical data in OA patients, subjects at risk, and control subjects using validated
questionnaires and standardized image assessment procedures. The OAI effort
has bring very important information that will enable a better understanding of
the disease process. Using x-ray images of the knee available in open databases
OAI, the goal of this work is to use computational methods to correlate metrics
obtained automatically with chronic pain as the main symptom.

Using image registration techniques [26] allows the alignment of both knees
to measure the degree of asymmetry between knees, this asymmetry metrics aim
to help find a relationship between the deformation of the bone structure and
chronic knee pain.

Three different asymmetry metrics were obtained using the registered knees;
Mutual information, Correlation, and Mean Square error in order to explore
the relation of the asymmetry between the knees as the chronic pain. Using the
automated metrics and the assessed K & L score, the association of the bony
structure with the chronic pain is analyzed.
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2 Materials and Methods

In this work, a series of images were processed by computational and radiological
techniques. All the Materials and Methods are described below.

2.1 Data Acquisition

Public data from OAI was used to develop this work. “OAI is a multi-center,
longitudinal, prospective observational study of knee OA. The OAI will establish
and maintain a natural history database for osteoarthritis that will include clin-
ical evaluation data, radiological (x-ray and magnetic resonance) images, and a
bio-specimen repository from 4796 men and women aged between 45 and 79 years
old, enrolled between February 2004 and May 2006” (https://oai.epi-ucsf.org).
Bilateral knee x-ray images and the Central Reading of Knee X-rays for K-L
Grade, chronic pain information, and Individual Radiographic Features of Knee
Datasets were used. Subjects in the study were selected from the database using
the baseline K & L score information and chronic pain data.

2.2 Subject Selection

A case/control study using K & L scores to predict pain cohort was used. Using
a random process, 50 subjects of this cohort were selected, 10 for each K & L
score level (0–4). The selection criteria for the cohort was:

Control subjects were selected under the criteria of:

1. Not presenting pain as a symptom since the baseline visit to 60 month visit;
2. Not presenting a symptomatic status since the baseline visit to 60 month visit;
3. Taking no pain medication from the baseline visit to the 60 month visit.

Case subjects were selected under the criteria of:

1. Not presenting pain as a symptom at baseline visit;
2. Not presenting a symptomatic status at baseline visit;
3. Taking no pain medication at the baseline visit;
4. Develop chronic right knee pain in some time point after baseline and up to

60 month visit.

2.3 Image Processing

Due the high dynamism of the knees, a direct comparison of the left and right
image cannot be performed straight forward. An alignment of the images must
be carried out prior to the similarity analysis. Three main steps were performed:

1. The knees of the patient are segmented in order to remove unwanted infor-
mation.

2. An alignment (registration) of the left knee to the right is carried out.

https://oai.epi-ucsf.org
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Fig. 1. Input image, ROI to be used is displayed in a yellow rectangle (Color figure
online)

3. A similarity metrics are computed in order to evaluate the relationship of the
degree of similarity between knees and the stages of the disease.

All images were pre-processed manually. During this process, the area of
interest in the images was enclosed to prevent unwanted information i.e. (Tags,
noise, marks) into the regions. The region of interest (ROI) in the x-ray image
was adjusted, this process generates an individual image for each knee, then, the
left knee image is horizontally flipped to enable the image registration process, a
logarithmic transformation in each pixel is performed to enhance the low inten-
sity pixels in the image [15]. In Fig. 1 shows an example of the ROI used in this
research.

Image Segmentation. All background noise and all image artifacts were
removed from the x-ray images using an automated segmentation process. The
automatic segmentation of the knee was based on the background noise. This
process created a segmentation mask, this mask discards any pixel above a
threshold value, this threshold value is unique for each image. Afterwards, the
largest connected region of the entire image, went through a hole filling algorithm
based on morphological operations to ensure a solid surface extraction. This seg-
mentation process using the mask to extract only the knee bones structure and
discard all background.

Image Registration. For the registration process of the left knee into the right
knee, the segmentation mask was used as ROI. The left knee image was mirrored
and then co-registered with it’s corresponding right knee image.

A B-Spline multi resolution algorithm was used to optimize the Mattes
mutual information metric in the bilateral image registration [5]. A deformable
B-Spline transform is used, this is based on transforming an image modifying
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control points contained in a mesh based on a maximization of a similarity mea-
sure, this approach often avoids local minimal in the parameter search space and
reduces computational time [9,23], In this multi resolution approach, all images
are registered in the lowest resolution, and in the next steps, the transformation
parameters are scaled to the higher resolutions and parameter optimization is
computed again. The registration algorithm returns a transformation file: T(x,y)
that is used to find a point in the left image for each point (x,y) in the right
image [4].

Metric Quantification. To establish the relation between the registered image
and the target image, three representative measurements were computed, sum
of square differences [7], correlation coefficient, mutual information. This set of
measurements is wide used in the literature [13] as a measurement of similarity
between two images.

The sum of squared differences (SSD) in Eq. 1 assumes that the images are
identical at registration, and the implicit assumption that there are no differences
between intensity profiles. This metric is sensitive to outliers: small number of
voxels having large intensity differences. Where f(x) is the intensity at a position
x in an image, m(t(x)) is the intensity at the corresponding point given by the
transformation t(x). N is the number of pixels in the region of overlap.

SSD =
1
N

∑

X

(f(X) − m(t(X)))2, (1)

The correlation coefficient (CC) is a measure of the linear dependence
between two variables X and Y or images, in Eq. 2 is described the CC, where
f (x) is the intensity at a position x in the fixed image, and m (t (x)) is the
intensity at the corresponding point given by the transformation t (x) in the
moving image, the number of pixels in overlapped region is represented by N.

CC =
∑

X(f(X).f) ∗ (m(t(X)) − m)√∑
X(f(X) − f)2 ∗ ∑

X(m(t(x)) − m)2
, (2)

Mutual information (MI) shown in Eq. 3, provides a measure of probabilistic
dependence between two intensity distributions. For this research, the Shannon-
Wiener entropy measure H in Eq. 3 is used, this measurement is one well-known
used measure of information in image processing, this measurement was origi-
nally developed as part of communication theory in the 1940 s [17].

MI(m, f) = H(m) − H(f |m), (3)

In Eq. 4 H(X,Y) represents the joint entropy, and H(X) the individual entropy
of random image X, Y, N stands for the number of intensity levels, and Px
(Pxy) is the probability of value X (x,y) in the (joint) probability distribution
of variable X (X and Y).

H(X) = −
N∑

x=0

Pxlog2(Px), (4)
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2.4 Statistical Analysis

In a first step, using only the variables obtained by the method of image reg-
istration; MI, CORR, and MS, logistic regression as cost function is used for
the analysis. A general linear model is generated and analyzed, odds ratio, and
the area under the receiver operating characteristic (ROC) curve (AUC) were
calculated. The ROC curve was constructed and the curve is a graphical repre-
sentation of the sensitivity against 1-specificity for a binary classifier system as
the discrimination threshold is varied. The outcome variable in this analysis was
the left knee chronic pain.

In a second case, the information obtained from the image registration process
and the information evaluated for the K & L score is used with logistic regression
to generate a new general linear model, ODD, and AUC were calculated for the
model. In this case the outcome variable was chronic left knee pain.

Finally, using the variables that had the highest ODD, a known classifier,
it is generated using a Random Forest technique. The classifier was run using
chronic left knee pain as outcome variable, and 5000 trees as defaults.

All statistical analyzes were performed using statistical software R and its
packages [21].

3 Results

Based on the experimental work, the obtained results are presented. First the
results obtained from the image registration metrics are shown in Table 1, results
on MI, CORR, and MS obtained for each of the levels of K & L of 50 analyzed
patients for this work are presented by OA stage.

After obtaining the metrics, linear models were generated using logistic
regression as classification function, statistical results and their AUC are pre-
sented in the Table 2. In Fig. 2, ROC curves for each model are shown.

Once the ODD ratios were obtained, the 5000 trees random forest classifica-
tions presented the results below:

CORR. Using the variable with the highest ODD, a 0.7143 accuracy classification
was obtained.

CORR+K & L. Using the variables in the best GLM models, a 0.6122 accuracy
classification was obtained.
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Table 2. Linear models statistical information

Model Variable ODD 2.50 % 97.5 % AUC

GLM1 MI 0.98 0.08 11.96 0.61

CORR 2.68 0.27 29.82

MS 0.65 0.05 7.28

K & L 0.83 0.51 1.31

GLM2 MI 1.11 0.09 13.41 0.58

CORR 2.67 0.27 28.84

MS 0.51 0.04 5.34

GLM3 CORR 2.67 0.28 28.90 0.624

K & L 0.81 0.51 1.27

GLM4 CORR 2.6 0.28 27.04 0.58

Fig. 2. ROC curves; (a) GLM1, (b) GLM2, (c) GLM3, (d) GLM4

4 Conclusion

This paper presents for the first time in medical diagnosis the use of automatic
asymmetry metrics to associate symptoms such as chronic knee pain. The results
shown in the Table 2, demonstrate a behavior similar to models based on a search
within tens of variables. The association of changes in the bone structure can be
detected by the asymmetry that might be associated with early chronic knee pain.
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The set of information obtained automatically, and radiological assessment
of an expert improves performance classification of a power regression model.

On the other hand, using the variable that determines a greater risk to the
subject of developing the symptoms, and use that variable as a classifier on a
random forest, delivers us an accuracy of more than 0.7, that within the standard
prediction of pain is above those reported in the work of sorting pain [11].

In works like [18], a cohort with all subjects diagnosed with OA, the AUC
obtained is 0.64 using radiological evaluations, and 0.70 using evaluations and
K & L scores. In a [6] study, the reported the OR are between 1.95 and 2.11.

In this work, the metrics obtained without a radiologist intervention have a
similar performance in prediction and OR.

Pain is one of the most complex to explain symptoms, the fact that morpho-
logical characteristics can be associated at least as an early risk factor may help
develop a treatment by early diagnosis.

This type of association of pain may be the first step in developing a tool
that helps to have a second opinion to decrease the workload of the radiologist,
and thus deliver more accurate diagnoses.

The limitations of this study are mainly the number of patients enrolled in
the study, although medical standards comply with 20 patients minimum.

For future work, the number of patients which metrics are performed will
be increased. The association with chronic pain will be complemented by other
scales known as WOMAC pain and KOOS. To obtain a robust model is to
combine it with some other type of clinical or radiological variables may obtain
a biomarker for OA.
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