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ABSTRACT

Over the last years we have developed a sagittal laser optical tomographic (SLOT) imaging system for the diagnosis and

monitoring of inflammatory processes in proximal interphalangeal (PIP) joint of patients with rheumatoid arthritis (RA).

While cross sectional images of the distribution of optical properties can now be generated easily, clinical interpretation

of these images remains a challenge. In first clinical studies involving 78 finger joints, we compared optical tomographs

to ultrasound images and clinical analyses. Receiver-operator curves (ROC) were generated using various image

parameters, such as minimum and maximum scattering or absorption coefficients. These studies resulted in specificities

and sensitivities in the range of 0.7 to 0.76. Recently, we have trained support vector machines (SVMs) to classify

images of healthy and diseased joints. By eliminating redundancy using feature selection, we are achieving sensitivities

of 0.72 and specificities up to 1.0. Studies with larger patient groups are necessary to validate these findings; but these

initial results support the expectation that SVMs and other machine learning techniques can considerably improve

image interpretation analysis in optical tomography.
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1. INTRODUCTION

The field of diffuse optical tomography (OT) has made big strides over the last decade. Nowadays many different

imaging system are available that provide tomographic images of breast,
1,2,3,4,5,6

 brains,
7,8,9,10,11,12

 or finger joints,
13,14,15 

to

name just a few applications.  After having mastered the technical problems related to building highly sensitive imaging

instrumentation and having overcome initial challenges in developing codes for image formation, DOT now enters the

phase where image enhancements and analysis become increasingly important. All traditional medical imaging

modalities have long used advanced image interpretation methods to extract clinically significant features from medical

images.
16 

 In OT only now the first studies in this direction emerge.
17

 In this paper we show how machine learning

algorithms, already used in many fields for feature characterization and image interpretation,
18,19,20,21

 can be employed

to increase sensitivity and specificity in the optical diagnosis of rheumatoid arthritis in finger joints.

We recently introduced sagittal optical laser tomography (SLOT) as a new diagnostic tool for rheumatoid arthritis (RA)

in finger joints. In initial case studies that compared ultrasound exams with SLOT results, we found that in joints

affected by RA the absorption and scattering properties in and around the synovial cavity are significantly increased,

when compared to healthy joints.
14  

In clinical studies involving 78 joints, we could show that the mean of the minumum

absorption and scattering coefficients in the affected group is statistically significant (p<0.05) larger than in the

unaffected control group.
13

 Other classifiers such as maximum scattering coefficient or ratios of maximum/minimum

absorption coefficients don’t lead to statistically significant differences between healthy and affected joints. Performing

receiver-operator-curve analysis, we determined sensitivities and specificities in the 0.7 range. While encouraging, these

values are still too low to allow wide spread clinical use.

The goal of this work was to improve on the sensitivity and specificity values by employing more advance image

analysis techniques. The field of machine learning has grown substantially over the last 10-15 years.
18,19

 Of particular

interest are so called Support Vector Machines (SVM).
20,21

 SVMs have been found useful in applications such as text
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categorisation, hand-written character recognition, image classification, biosequences analysis, etc. Their introduction in

the early 1990s lead to a recent explosion of applications and deepening theoretical analysis, which has now established

SVMs along with neural networks as one of the standard tools for machine learning and data mining. However, SVM’s

have not yet been applied to OT images.

In then following we will first provide a brief introduction to SVMs. This is followed by a description of how SLOT

images of finger joints were processed and analyzed. Finally the results are compared to our previous studies

concerning sensitivity and specificity.

2. METHODS

2.1. Support Vector Machines
In general SVMs operate on vectors in high-dimensional spaces. Each vector represents some observation or

measurement. When images are analyzed each pixel in the image becomes one vector component; an image consisting

of MxN pixels that take on different gray values, is represented by a vector in an (MxN)-dimensional vector space. If

vectorized images representing different classes, for example healthy joint, breast, or brain, etc, and a joint, breast, or

brain that is characterized by some disease form clusters, it may be possible to find a hyperplane that separates the space

occupied by each cluster. The SVM consists of a decision function representing that hyperplane, and a training

algorithm that uses data of known classes to find the hyperplane. The SVM’s decision function will determine the class

of input vector x based on the side of the hyperplane on which x lies.

 (1)

Fig. 1: (a) A hypothetical distribution of vectors in 2D. Points marked “x” belong to the negative class, and points marked “o” to the

positive. (b) The maximum margin hyperplane, with dotted lines showing the margin distance. Three points define the plane’s loca-

tion and orientation.

In the example shown in Fig. 1, there are an infinite number of lines that can separate the two classes. The plane that is

chosen by the SVM training algorithm is chosen to optimize a quantity known as the margin. The margin of a

hyperplane is the distance between the hyperplane and the closest training point, and also the hyperplane that can be

drawn at that distance. In Figure 1(b), the optimal line, and two lines showing areas inside the margins, are shown.

It is important to note that, of the collection of points, only a small number lie on the margins. In practical terms, this

means that the remaining data does not influence the decision function. The few vectors that lie on the margins, and

fully describe the decision function, are called support vectors. In general, a set of separable data in an N-dimensional

space will have N+1 support vectors.

There are two obvious questions that arise. What if the data is not separable by a plane, and what if the data is not

separable at all?
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If a data distribution can be separated by a non-linear decision boundary, it is possible to map that data to a higher

dimensional space in which the decision boundary would be linear. For example, the 2D to 6D mapping x [x

vec(xx
T
)] will transform a quadratic decision boundary in 

2
 into a linear one in 

6
.

High dimensional mapping creates its own problems because it requires a large amount of memory and computation.

Fortunately, the actual mapping step may be bypassed by reformulating the decision function. The so-called “dual

solution”, based on Lagrangian optimization, involves finding the vector  that maximizes the function ( ) given in

Eq. 2, subject to the constraints in Eq. 3:

( ) = i
i

1

2
i

i, j
j yi y j xi , x j (2)

i yi
i

= 0   &  i 0  (3)

b = average yi j y j xi , x j
j

 

 
 

  

 

 
 

  
(4)

When  is found, it will have the useful property that elements i will be non-negligible for support vectors xi. The

reformulated decision function will not operate explicitly on vectors, but on inner products between vectors.

(5)

Now, a high dimensional mapping may be performed implicitly during the calculation of the inner product. In the

previously mentioned case of quadratically separable data, the high dimensional inner product may be calculated

directly from the original data using k(x i,xj) = (x i,xj
T
 + 1)

2
. The function k(), that combines an implicity high-

dimensional mapping with an inner product calculation, is called a kernel. In our experiments, we use two common

kernel functions. The linear kernel is a standard inner product.

(6)

The radial basis function (RBF- ) kernel performs an implicit mapping into an infinite-dimensional space, and is

capable of creating arbitrarily shaped decision boundaries. It can be thought of as placing a Gaussian over each data

point, with  specifying the width. Larger values of  will yield smoother decision boundaries, and smaller values will

generate more complex ones.

(7)

The dual solution also offers a simple way to allow for some training points to be mis-classified. In the interests of

creating a simpler decision function, or to compensate for outlying data, it is often desirable to ignore some data points.

By altering the constraint in Equation 3 to prevent ’s from growing beyond a fixed value, C , we can force the

optimization process to give up on overly difficult points. In the following section we will describe in details how SLOT

images were processed and the SVM was trained.

2.2. Preprocessing of SLOT Images
Reconstructed images used in this study have the same horizontal size (Fig. 2). A centered horizontal window of 8x30

pixels – corresponding to a physical window of 8x30mm – contains the joint area (see Fig. 2a). Vertical sizes are

variable, and source and detector artifacts exist near the top and bottom of each image. Initial work showed that the

position and intensity of these artifacts exhibited slight and coincidental correspondence with disease state. To ensure
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