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Abstract—There is a growing interest in applying diffusion
tensor imaging (DTI) to the evaluation of brain and spinal
cord related disease. In the present study, the DTI data and
extreme learning machine were employed to identify the
levels with cervical spondylotic myelopathy (CSM) in spinal
cord. In this work, there are 40 volunteers including 20
healthy people and 20 patients with CSM ranging from 24
to 81 years old. Experiment results show that the extreme
learning machine based classifier performs well in detecting
the patients with CSM (accuracy 93.6%, sensitivity: 91.2%,
specificity 94.7%). The current work reveals the potential of
using diffusion tensor imaging in conjunction with extreme
learning machine to automate the classification of healthy
subjects and subjects with brain and spinal cord related
disease.

Index Terms—diagnostic assistant system, extreme learning
machine, diffusion tensor imaging, cervical spondylotic mye-
lopathy

I.  INTRODUCTION

Disease diagnosis is essential in medicine, and the
accuracy of diagnosis achieved in certain historical
periods determines mainly the state-of-the-art in medical
science. Computer-based methods are increasingly used
to improve the quality of medical services. Artificial
intelligence is the area of computer science focusing on
creating expert machines that can engage on behaviors
that humans consider intelligent [1]. There are some
medical diagnostic expert systems in the literature: like
MYCIN [2], PERFEX [3] and EasyDiagnosis [4]. As the
first well known medical expert system, MYCIN was
developed by Stanford University to help people, not
expert in antimicrobial drugs, prescribe such drugs for
blood infections. One short-side of MYCIN is that its
knowledge base is uncompleted, since it can not cover
anything like the full spectrum of infectious diseases.

Recently, diffusion tensor imaging (DTI) is developed
to detect the micro-architecture of tissue based on a rank-
two diffusion tensor model [5] and it is a promising
method for characterizing micro-structural changes or
differences with neuropathology and treatment. DTI and
fiber tractography have already advanced the scientific
understanding of many neurologic and psychiatric
disorders [6]. The most common parameters employed in
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delineating the spinal cord tissue microarchitecture
include fractional anisotropy (FA), mean diffusivity (MD)
and apparent diffusion coefficient (ADC). All of these
parameters are derived from eigenvalues to evaluate the
scalar properties of water molecule diffusion [7].
Eigenvectors and eigenvalues derived from the diffusion
tensor matrix respectively reflect the direction and
strength of the movement of water molecules [7]. There
is a growing interest in applying DTI to evaluate the
spinal cord microarchitecture. The entropy-based
principal eigenvector analysis has been introduced into
the cervical spinal cord by Cui et al. for the evaluation of
microstructural changes after cervical myelopathy [8].

In disease diagnostic assistant system, machine
learning methods have been applied to a range of MRI
modalities in an effort to automate the diagnosis of Mild
cognitive impairment and Alzheimer’s disease [9], [10].
However, few studies have looked at the potential of
using DTI in conjunction with machine learning
algorithms to automate the level diagnosis of cervical
myelopathy. Nowdays, Neurologic examination by senior
spine surgeons is dominant methods to detect the levels
with CSM in spinal cord [11-14]. However, there are
some disadvantages with this method. Comparing with
the proposed classifier based method, neurologic
examination costs a lot of time and the efficiency is not
high. This will cause troubles when the patients swarm.
Besides, the result of neurologic examinations is strongly
dependent on spine surgeons. However, Spine surgeons
are human beings. Diagnostic errors may happen. In this
work, we wish to develop a method of combining DTI
together with extreme learning machine to automate the
classification of healthy subjects and subjects with CSM.

Il.  MATERIALS AND METHODS

A. Subjects

Position a total of 40 volunteers, including 20 healthy
subjects and 20 cervical spondylotic myelopathy patients,
ranging from 24 to 81 years old, were recruited. All
volunteers were screened to confirm their eligibility. The
inclusion criteria of healthy subjects were intact sensory
and motor function evaluated by the Japanese
Orthopaedic Association (JOA) score system, and
negative Hoffman's sign under physical examination.
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Exclusion criteria included the presence neurological
signs and symptoms, or a past history of neurological
injury, diseases and operations. The CSM patients were
recruited with confirmed diagnosis by senior spine
surgeons. We performed neurologic examinations,
including manual muscle-strength testing, investigation
of deep tendon reflexes, and sensory disturbance areas.

B. Imaging Methods

Imaging was conducted with a Philips Achieva 3.0
Tesla MR system (Best, The Netherlands). During the
acquisition process, the subject was placed supine with
the SNV head and neck coil enclosing the cervical region,
and was instructed not to swallow to minimize the motion
artifacts. The subject was then scanned with the

anatomical T1-weighted (T1W), T2-weighted (T2W)
images and diffusion tensor images (DTI). The
standardized procedures in this study were approved by
the authors' Institutional Review Board. Sagittal and axial
T1W and T2W images were acquired for each subject
using a fast spin-echo sequence. The parameters
employed in sagittal imaging include as follows: field of
view (FOV) = 250>250 mm, slice gap = 0.3 mm, slice
thickness = 3 mm, fold-over direction feet/head,
number of excitation (NEX) 2, resolution
=0.92x1.16>3.0 mm3 (T1W) and 0.78%1.01>3.0 mm3
(T2W), recon resolution = 0 .49>0. 49>3.0 mm3, and
echo time /repetition time = 7.2/530 ms (T1W) and
120/3314 ms (T2W). A total of 11 sagittal images
covering the whole cervical spinal cord were acquired.

LA

Figure 1. The typical images showing sagittal T2W, three principal eigenvector images (e0, el, e2), BO and FA in the healthy cord (A, B, C, D, E, F)
and myelopathic cord (G, H, I, J, K, L). The ROl was defined by B0 image to cover the spinal cord.

C. DTI Processing

In raw DTI images, diffusion-weighting gradients can
lead to eddy currents, which results in artifacts. Such
artifacts may include shear, false fiber tracking, enhanced
background, image intensity loss, and image blurring.
These distortions are different for different gradient
directions. The goal of the DTI processing is as follows:
correct the gradient table for slice prescription and correct
images for any residual eddy current distortions and
motion artifacts using a nonlinear 2D registration and a
3D rigid body registration. In this study, the Automated
Image Registration (AIR) program (a source code
embedded in DTI Studio software, Version 2.4.01 2003,

University, Baltimore, MD) was employed to reduce the
effect of artifact. The realigned and co-registered
diffusion weighted data sets were double checked for
image quality, and then used for estimation of diffusion
tensors, including three eigenvalues and the
corresponding eigenvectors. The region of interest (ROI)
was defined to cover the spinal cord (Fig. 1).

D. Extreme Learning Methods

The diagnosis of CSM can be regarded as a
classification problem. The logic behind the constructing
classifier model is illustrated in Fig. 2. In this work, the
extreme learning (ELM) algorithm is employed to
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Figure 2. CSM diagnosis with a machine learning based model

© 2016 J. Adv. Inf. Technol.

130



Journal of Advances in Information Technology Vol. 7, No. 2, May 2016

ELM works for the generalized single-hidden layer
feed-forward networks but the hidden layer in ELM need
not to be tuned [15]. Such single-hidden layer feed-
forward networks include but are not limited to
polynomial network, support vector machine and RBF
networks. As a new proposed machine learning algorithm,
extreme learning machine has been applied to many filed
[16-24]. The biggest characteristic of ELM is that all the
hidden node parameters are independent from the training
data-sets and target function. Therefore, these parameters
can be generated at random. Given a training set D={(x;,
t)|i=1, 2 ...n}, activation function g(x) and the number of
hidden nodes, the hidden layers can be mathematically
modeled as

iﬁig(v\/i.xj-Fbl):Oj, j:].,....n, (1)

where w; is the weight vector connecting the hidden layer
and the input layer, B; is the weight vector connecting the
hidden layer and the output layer and bi is the threshhold
of hidden layer. The SLFN with n hidden neurons with
activation function g(x) can approximate these n samples
with zero satifing that

;"01 ~t,]=0 )

Given w;, B; and b;, the following can be obtain
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The algorithm of ELM can be summarized as the
following three steps:

Step 1: Assign input weight w; and bias bi randomly,
i=1,2..m.

Step 2: Calculate the hidden layer output matrix H.

Step 3: Calculate the output weight f.

I1l. EXPERIMENTS & RESULTS

TABLE I.  RESULTS OF IDENTIFICATION OF MYELOPATHIC LEVEL FROM NEUROLOGY AND ELM
Identification of Myelopathic Level

Case no. Gender Age Neurology ELM
1 M 76 C34, C56 C34, C45, C56
2 F 80 C34, C45 C34, C56
3 F 65 C34 C34, C45, C56
4 M 65 C34 C34, C56
5 F 43 C34 C34, C45, C67
6 M 80 C34, C45 C34, C45, C56,
7 F 63 C34, C45 C56, C67
8 M 66 C45 C45, C56
9 E 59 C34, C56 C34, C56
10 M 7 C34, C45 C34, C45
11 M 76 C34, C45 C34, C56
12 = 61 C45 C45
13 M 74 C45 C34
14 M 81 C45 C34, C45
15 F 58 C45, C56 C45
16 = 79 C34, C56 C34, C56
17 M 81 C56 C56
18 M 46 C34, C45 C34, C45
19 = 64 C34, C45 C34, C45
20 = 72 C34 C34, C45
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TABLE Il. TESTING RESULTS OF LEVEL DIAGNOSIS

Method Accuracy Sensitivity Specificity
ELM 93.6 % 91.2% 94.7%
Control chart 76.5% 72.7% 74.2%

The DTI dataset from 20 normal people and 20 CSM
patients is divided into two parts. The data from 15
control subject and 15 CSM subjects is employed for
training classifiers and the remaining data is for
validation. In this work, the class labels are from
neurological diagnosis by senior spine surgeons. The
level with CSM is defined as positive and the healthy
level negative. The testing results are shown in Table I.
To highlight the performance of ELM, we employ control
chart method to detect the CSM levels. FA (fractional
anisotropy) is the most important parameter in DT and It
is derived from the eigenvalues of the diffusion tensor. In
this work, the FA values from healthy subjects are
employed to create a rough Six Sigma control chart then
the chart is used to determine the CSM levels. The mean
and standard variation of the FA for each level was
calculated. In this work, standard variation multiplying
2.5 is employed to get the upper control limit and lower
control limit. We employ sensitivity, accuracy, and
specificity to evaluate the ELM classifier and control
chart method. The experimental results are shown in
Table Il. From Table I, we can find that that the ELM
classifiers using eigen-values have better capability in
identifying the levels with CSM than control chart with
FA

IV. CONCLUSIONS

In this work, a disease diagnostic assistant system
using DTI and extreme learning machine is proposed to
identify the levels with CSM. The Eigen values of the
DTl are employed to train the ELM classifier. We
compare the eigen values based classifiers with the FA
values based control chart. The experimental results
shows that the machine learning based classifiers have
excellent capability in identifying the levels with CSM in
spinal cord. The pathophysiology of cervical spondylotic
myelopathy has been uncertain owing to the complexity
of cervical spinal cord architecture. Neurologic
examination by senior spine surgeons is one of the
current methods to detect the levels with CSM in spinal
cord. However, there is a disadvantage with this method.
Comparing with the proposed classifier based method,
neurologic examination costs a lot of time and the
efficiency is not high. This will cause troubles when the
patients swarm. It is necessary to develop disease
diagnostic assistant system in medical science.

Comparing with neurologic examination by senior
spine surgeons, ELM-based classifier has a dominant
advantage in predicting the levels with CSM in spinal
cord. ELM-based classifier means lower cost. The
classifier can work efficiently as long as it is well trained.
The proposed machine learning based method might
provide a valuable view in predicting the changes of
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clinical symptoms and the estimated pathological severity
at each level over time. In future work, we will consider
training the classifier using the DTI data from all voxels
of the whole spinal cord.
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