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ABSTRACT 

A key challenge in the imaging of spinal cord injury (SCI) patients is the ability to 

accurately determine structural or functional abnormality as well as level and severity of 

injury. Over the years a substantial number of studies have addressed this issue, however 

most of them utilized qualitative analysis of the acquired imaging data. Quantitative 

analysis of patients with SCI is an important issue in both diagnostic and treatment 

planning. Hence in this work new multispectral magnetic resonance (MR) image based 

approaches was developed for high-throughput extraction of quantitative features from 

pediatric spinal cord MR images and subsequent analysis using decision support 

algorithms. This may potentially improve diagnostic, prognostic, and predictive accuracy 

between typically developing (TD) pediatric spinal cord subjects and patients with SCI. 

The technique extracts information from both axial structural MRI images (such as T2-

weighted gradient echo images) and functional MRI images (such as diffusion tensor 

images). The extracted data contains first order statistics (diffusion tensor tractography and 

histogram based texture descriptors), second order (co-occurrence indices) and high order 

(wavelet primitives) statistics. MRI data from total of 43 subjects that includes 23 healthy 

TD subjects with the age range of 6-16 (11.94±3.26 (mean ±standard deviation)) who had 

no evidence of SCI or pathology and 20 SCI subjects with the age range of 7-16 

(11.28±3.00 (mean ±standard deviation)) were recruited and scanned using 3.0T Siemens 

Verio MR scanner (Siemens Healthcare, Erlangen Germany). Standard 4-channel neck 

matrix and 8-channel spine array RF coils were used for data collection. After data 

collection various post processing methods were used to improve the data quality. A novel 

ghost artifact suppression technique was implemented and tested. Initially, 168 quantitative 
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measures of multi-spectral images (functional and structural) were calculated by using 

regions of interest (ROIs) manually drawn on the whole cord along the entire spinal cord 

being anatomically localized by an independent board certified neuroradiologist. These 

measures were then statistically compared between TD and SCI groups using standard least 

squared linear regression model based on restricted maximum likelihood (REML) method. 

Statistically, significant changes have been shown in 44 features: 30 features obtained from 

functional images and 14 features selected from structural images. Also, it has been shown 

that the quantitative measures of the spinal cord in DTI and T2W-GRE images above and 

below injury level were altered significantly. Finally, tractography measures were also 

obtained on a subset of the patients to demonstrate quantitative analysis of the extracted 

white matter structures. Overall the results show that the proposed techniques may have 

potential to be used as surrogate biomarkers for detection of the injured spinal cord. These 

measures enabled us to quantify the functional and structural plasticity in chronic SCI and 

consequently has the potential to improve our understanding of damage and recovery in 

diseased states of the spinal cord.  
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CHAPTER 1 

INTRODUCTION 

There are 17,000 new spinal cord injury (SCI) cases each year in the United States 

according to a 2016 report by the National Spinal Cord Injury Statistical Center (NSCISC) 

and the total number of people who have SCI and are still alive is estimated to be 282,000 

persons, with a range from 243,000 to 347,000 persons [1,2]. SCI in the pediatric 

population before the age of 15 years is relatively rare but carries significant psychological 

and physiological consequences and mortality rate is higher than adults [1,3]. Also, 

pediatric patients with SCI have a high likelihood of developing scoliosis. The exact 

population of pediatric SCI patients is unknown, but it is estimated to be < 4% of the overall 

incidence of SCI annually (approximately 680 persons each year) [3].  

Mechanisms of injury in the pediatric population appear to be similar to the adults, though 

a number of unique mechanisms exist due to the skeletal immaturity of children. For 

instance, subluxations and dislocations occur more commonly than fractures. The rate of 

recovery following SCI in the pediatric population is also thought to be faster and have a 

better neurological recovery when compared to adults if they undergo the right treatment 

[3].  

Spinal cord tissue is divided into white matter (WM), gray matter (GM) and cerebrospinal 

fluid (CSF). The precise examination of WM, GM and CSF characteristics are important 

for quantitative pathological analysis. In the past several decades imaging technology has 

been developed rapidly which has dramatically transformed the diagnosis and management 

of vertebral injury and SCI [4]. There are various imaging methods to diagnose SCI. The 

initial test is generally a computed tomography (CT) scan which can identify primarily 
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bony pathology farther evaluations with magnetic resonance imaging (MRI). The advent 

of MRI has enabled the noninvasive visualization of the spinal cord in a manner previously 

unimaginable in the living person. MRI is excellent for evaluating soft tissues including 

the ligaments, intervertebral discs, nerves and the spinal cord [2]. MRI is an essential tool 

for detecting pathological changes, predicting prognosis and planning the treatment of 

patients with SCI [2,5]. However, the information typically provided by conventional 

structural MRI (e.g., T1- and T2-weighted imaging) of the spinal cord is limited to the 

differentiation of the WM from the GM and macroscopic structural changes within the cord 

in a diseased or injured state [5]. In the recent years, MRI has been developed to provide 

functional characteristics of the spinal cord such as diffusion of water molecules within the 

spinal cord providing the function of WM based on diffusion tensor imaging (DTI), and 

neuronal activation sites within the GM using blood oxygenation level dependent (BOLD) 

imaging [6,7]. 

A key challenge in the imaging of SCI patients is the ability to accurately determine 

structural or functional abnormality as well as level and severity of injury.  To date there 

has been a lack of an established link between reported radiological image findings and 

clinical symptoms. Such an approach is subject to a large degree of intra- and inter-observer 

(neuroradiologist) variation and this, combined with the variability of the clinical findings, 

has hampered efforts to utilize imaging more broadly in patient management [1,2,5]. 

DTI and conventional MR images contain, however, a large amount of such information 

that cannot be evaluated visually (figure 1) but could be detected with multispectral image 

analysis methods such as texture analysis and fiber tractography. In this work, these 

methods have been shown to increase the level of diagnostic information of the pediatric 
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spinal cord. Multispectral data analysis enables improved quantification of the spinal cord 

to quantify injury, assess spinal cord structure and neurophysiology to improve prognosis, 

optimize treatment, define mechanisms of action, and stratify enrollment in SCI clinical 

trials. Advances in imaging, detection and quantification of tissue damage and 

inflammatory markers, elucidation of genes linked to greater or less recovery potential and 

determination of individual pharmacokinetic and pharmacodynamics has potential to lead 

more accurate descriptions of an individual SCI, enhanced prognostic accuracy, dose 

optimization, and improvements in the matching of persons with SCI to suitable 

experimental therapeutics [8]. 

Quantitative methods to evaluate residual tissue sparing after SCI have not been precisely 

examined. Such measurements may improve the evaluation of the status of injury, severity, 

correlation with neurological outcome, and measure the effects of treatment more robustly 

than is currently possible [8].  

 

Figure 1. Sagittal T2W MR images of the cervical and upper thoracic spine in (A) normal 

subject; (B), (C), (D) subjects with SCI. (B) is the subject with injury scale D (sensory and 

against gravity motor incomplete) defined by American Spinal Injury Association 

Impairment Scale (AIS) at C5-C6 (level of injury); (C) is the subject with AIS B (sensory 

incomplete) at C6-C7, and (D) subject with AIS A (complete spinal cord injury). Notice 

that conventional MR readings by an independent board certified neuroradiologist show 

abnormality only in subject D and no abnormalities have been shown in subject B and C.   
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1. Spinal Cord 

1.1. Spinal Cord Anatomy  

The spinal cord and the brain together make up the central nervous system (CNS). Spinal 

cord coordinates the body's movement and sensation which extends caudally and is 

protected by the bony structures of the vertebral column. In most adult mammals it 

occupies only the upper two-thirds of the vertebral canal. It begins at the level of the 

foramen magnum of the skull and end at the level of L1-L2 intervertebral disc. The regions 

of the spine consist of four parts: cervical, thoracic, lumbar and sacral. Unlike the brain, in 

the spinal cord the GM is surrounded by the WM at its circumference [9].  

The WM of the spinal cord is composed of nerve fibers entering from dorsal roots, nerve 

fibers exiting to ventral roots, and fiber bundles that travel in a craniocaudal direction in a 

relatively ordered manner. Although, spinal tracts are anatomically and histologically like 

each other but functionally each tract is distinct since they convey particular information 

from or towards the brain [9].  

Notice that the GM of the spinal cord resembles that of a butterfly shape (figure 2), which 

can be divided into the dorsal horn, intermediate grey, ventral horn and a centromedial 

region surrounding the central canal (central GM). The white matter gradually ceases 

towards the end of the spinal cord and the GM blends into a single mass (conus terminalis) 

where parallel spinal roots form the so-called cauda equine [10, 11]. The dorsal roots leave 

the dorsal horn and dorsolateral WM, combine into two bundles and enter the dorsal root 

ganglion (DRG) in the intervertebral foramen. Immediately distal to the ganglion, the 

dorsal and ventral roots unite and form a trunk, the spinal nerve. The spinal nerves, which 

are now outside the vertebral column, converge and form plexuses and from these, emerge 
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the peripheral nerves. The number of spinal nerves and spinal segments largely corresponds 

to the number of vertebrae with a few exceptions: there are 7 cervical, 12 thoracic, 5 

lumbar, 5 sacral and one coccygeal spinal segments in humans [12].  

 

Figure 2. Internal structure of the spinal cord. (A) Transverse sections of the cord at three 

different levels, showing the characteristic arrangement of gray and white matter in the 

cervical, thoracic, and lumbar cord. (B) Principal ascending (sensory) tracts and the sensory 

information they provide including: (1) posterior columns tracts: information of 

proprioception, fine touch, pressure and vibration; (2) spinothalamic tract: pain, 

temperature, crude touch; (3) spinocerebellar tract: proprioception. (C) Descending motor 

tracts and the motor information they provide including: (1) corticospinal tracts: control 

over eye, jaw, face and skeletal muscles; (2) reticulospinal tract: control eye movements, 

respiratory muscles;(3) vestibulospinal tracts: control position of head; (4) tectospinal 

tracts: send information to head and neck; (5) rubrospinal tracts: send information to flexor 

and extensor muscles [13].  

 

1.2. Spinal Cord Injury (SCI)  

SCI implies serious disturbances in autonomic nervous system function. The damage 

begins at the moment of injury when displaced bone fragments, disc material, or ligaments 

bruise or tear into spinal cord tissue. Most injuries to the spinal cord don't completely sever 

http://www.ncbi.nlm.nih.gov/books/n/neurosci/A2251/def-item/A2877/
http://www.ncbi.nlm.nih.gov/books/n/neurosci/A2251/def-item/A2978/
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it. In the acute phase, the autonomic imbalance and its effect on cardiovascular, respiratory 

system and temperature regulation may be life threatening [14]. 

Spinal cord injuries are either incomplete or complete. Patients with incomplete injuries, 

retain some function. In these cases, the degree of function depends on the extent of the 

injuries. complete injuries occur when the spinal cord is fully severed, eliminating function. 

Though, with treatment and physical therapy, it may be possible to regain some function 

[14]. 

1.3. Neural Plasticity after Spinal Cord Injury 

Moderate functional recovery is found in patients following incomplete SCI and animal 

models. This improvement and adaptions throughout the entire nervous system occur in a 

long term (over weeks and months) after injury which generally referred to as neuronal 

plasticity. This is surprising as for many years it was believed that the CNS is rigid and 

hard-wired and thus not able to self-repair/reorganize. However, plasticity cannot be seen 

as a “repair mechanism” only, but might also contribute to unwanted effects [15]. It is 

worth to note that before neural plasticity begins, right after injury spinal cord involves 

direct cell death and bleeding that is caused by the initial mechanical damage. Within 

hours, further tissue damage begins to occur around the injury core. This secondary damage 

involves a cascade of vascular, biochemical, and cellular events. Vascular changes include 

inflammation and edema, ischemia, hypoxia, and a reduced spinal perfusion. At the 

biochemical level, there are excitotoxic changes, the release of proteases, and the formation 

of nitric oxide and free radicals. At the cellular level, macrophages and neutrophils invade 

the injury site and there is apoptosis of oligodendrocytes and Wallerian degeneration. 

Microglia and astrocytes are activated, which results in glial scarring [16]. 
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Experimental and clinical studies have demonstrated that plasticity occurs in the nervous 

system at multiple levels: cortical, subcortical, brainstem and spinal cord 

Neural plasticity includes [17]:  

o Behavioral (recovery of sensory, motor, or autonomic function). 

o Physiological (normalization of reflexes, strengthening of motor-evoked 

potentials). 

o Structural/neuroanatomical (axonal sprouting, dendritic sprouting, neurogenesis). 

o Cellular (synaptogenesis, synaptic strengthening). 

o Molecular (up-regulation of neurotransmitters and neurotrophic factors, alterations 

in gene expression). 

Spinal cord reorganization after chronic human SCI can be assessed by functional magnetic 

resonance imaging (BOLD and DTI) and structural MR imaging [15-17].  

2. Neurological Examinations in Spinal Cord Injury 

The International Standards for Neurological Classification of Spinal Cord Injury 

(ISNCSCI) scoring system, developed by the American Spinal Injury Association (ASIA), 

determines the level and severity of SCI. From such a clinical examination, several 

measures of neurological damage are generated, e.g., neurological level, sensory level and 

motor level (on right and left sides), sensory scores (pin prick and light touch), motor score 

and zone of partial preservation [18]. 

The sensory evaluation consisted of testing 28 dermatomes bilaterally. Dermatome refers 

to the area of the skin provided by the sensory axons within each segmental nerve (figure 

3). In this evaluation, two aspects of sensation are examined: sensitivity to pin prick and to 
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light touch at each key points separately. The status of sensation is graded on three point 

scales: 0= absent; 1= impaired and 2= normal [18]. 

 

Figure 3. Key points tested for sensory evaluation [18]. 

 

The motor function evaluation consists of testing 10 myotomes bilaterally. Myotome refers 

to the set of muscle fibers innervated by the motor axons within each segmental nerve. The 

strength of each muscle is graded on a six points scale: 0= total paralysis; 1= palpable or 

visible contraction; 2= active movement, full range of motion (ROM) with gravity 

eliminated; 3= active movement, full ROM against gravity; 4= active movement, full ROM 

against moderate resistance; 5= (normal) active movement, full ROM against full 
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resistance. The following muscles are examined and graded using the aforementioned 

scale. 

C5- Elbow flexors; C6-Wrist extensors; C7-Elbow extensors; C8- Finger flexors; T1- 

Small finger abductors; L2- Hip flexors; L3- Knee extensors; L4- Ankle dorsiflexors; L5- 

Long toe extensors and S1- Ankle plantarflexors. The motor and sensory scores established 

based on clinical measurements are shown in appendix A.   

These clinical measures are very subjective and qualitative and hence the need for a more 

objective and quantitative measurements of the cord status is necessary. 

 3. Physics of MRI 

3.1. T1- and T2-weighted MRI 

Proton MRI which is the most commonly used element in MRI relies on the magnetic 

properties of a hydrogen atom to produce an image. Hydrogen as a spinning charged 

particle produces magnetic moment. Normally, protons are oriented randomly. So, the net 

magnetization is zero. In the presence of primary magnetic field (B0), hydrogen atoms align 

parallel or ant-parallel to the B0 direction. At equilibrium, the net magnetization vector lies 

along the direction of the applied magnetic field B0 and is called the equilibrium 

magnetization M0. In this configuration, the Z component of magnetization MZ equals M0. 

MZ is referred to as the longitudinal magnetization. There is no transverse (MX or MY) 

magnetization present [19]. However, after a radiofrequency (RF) excitation pulse, there is 

relaxation of the spins from the transverse plane toward the main longitudinal magnetic 

vector (B0).  The time constant which describes how MZ returns to its equilibrium value is 

called the spin lattice relaxation time (T1): 
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T1 reflects the amount of time its protons' spins realign with the main magnetic field (B0). 

If the net magnetization is placed in the XY plane it will rotate about the Z axis at a 

frequency equal to the frequency of the photon which would cause a transition between the 

two energy levels of the spin otherwise called as resonance. This frequency is commonly 

referred to as the Larmor frequency. In addition to the rotation, the net magnetization starts 

to dephase because each of the spin packets is experiencing a slightly different magnetic 

field and rotates at its own Larmor frequency. The longer the elapsed time, the greater the 

phase difference [19]. The time constant which describes the return to equilibrium of the 

transverse magnetization, MXY, is called the spin-spin relaxation time, T2. 
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                                                                                                              (2) 

T2 is always less than or equal to T1. The net magnetization in the XY plane goes to zero 

and then the longitudinal magnetization grows in until we have M0 along Z. This forms the 

basis on the MRI signal and the images can be generated from these measurements using 

judiciously adjusting this measurement timing along with appropriate hardware such as 

coils and gradients. 
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 Figure 4. Precessional motion of the proton placed in a magnetic field: (A) T1 relaxation; 

(B) T2 relaxation.  

 

The MR image can be manipulated by changing the pulse sequence parameters. A pulse 

sequence sets the specific number, strength, and timing of the RF and gradient pulses. The 

two most important parameters are the repetition time (TR) and the echo time (TE). The 

TR is the time between consecutive 90-degree RF pulse otherwise termed as the excitation 

pulse. The TE is the time between the initial 90-degree RF pulse and the generation of the 

echo. The most common pulse sequences are the T1- weighted and T2-weighted spin-echo 

(SE) sequences and T1- weighted and T2-weighted gradient echo (GRE) sequences. The 

T1-weighted sequence uses a short TR and short TE (TR < 1000msec, TE < 30msec). The 

T2-weighted sequence uses a long TR and long TE (TR > 2000msec, TE > 80msec) [19]. 

3.2. Imaging Sequences  
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MRI pulse sequence consists of a series of RF and gradient pulses that are applied during 

scan period. SE is a basic MRI pulse sequence which is formed by a 90° excitation pulse 

and one or more 180° refocusing pulses. The main advantage of an SE pulse sequence is 

in its ability to acquire all the basic contrast weightings (T1-,T2-) one can obtain with 

different set of combinations of TR and TE parameters. Figure 5 shows a typical single SE 

pulse sequence diagram [20].  

  

Figure 5. A single RF SE pulse sequence. On the slice selection (GSS) pulse form, the tri-

lobed structure straddles the refocusing pulse. Crusher gradients are used to offset 

unwanted transverse magnetization due to an imperfect 180° pulse.  Phase encoding (GPE) 

gradient indicates the gradient changes for successive application of RF pulses to collect 

all the necessary MR signals to construct an image [20].  

 

Another technique that is commonly used in MRI to examine different contrast 

mechanisms is the gradient echo sequence (GRE) sequence also called gradient-recalled 

echoes, gradient-refocused echoes and field echoes. GRE is primarily used for fast imaging 

such as vascular and cardiac imaging and acquisitions that require breath-holding.  
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The fundamental difference between a GRE sequence and SE sequence is in how the echo 

is refocused in the formation of the MR signal. While in SE sequences a 180 degree RF 

pulse is used, in GRE a gradient pulse is employed for refocusing the echo. This is typically 

achieved by the reversing the polarity of the frequency-encode gradient as shown in the 

GFE section of the pulse sequence diagram in Figure 6. The reverse pulse used at first to 

enforce transverse dephasing of spinning protons and then right after, readout gradient is 

used (like in SE) to re-align the dephased protons and hence acquire signal. Gradient 

reversal typically allows one to use flip angles less than 90 degrees. Because low flip angles 

are used, there is some retention of the original longitudinal magnetization as opposed to 

the 90° pulse used in spin echo, which completely eliminates the longitudinal 

magnetization. As a result, the buildup time for longitudinal magnetization is significantly 

reduced for the subsequent pulses, allowing faster image acquisition in GE. Figure 6 shows 

a typical pulse sequence diagram for a GRE pulse sequence.  

 

Figure 6. GRE pulse sequence. 
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3.3. Diffusion Tensor Imaging  

3.3.1. Principles of Diffusion  

Diffusion is the random movement of water molecules, also called Brownian motion 

(Figure 7.A). The amount of diffusion is quantified by the diffusion coefficient D. If 

diffusion occurs in all spatial directions equally, it is referred to as isotropic diffusion. 

Factors that influence diffusion are molecular weight, intermolecular interactions, and 

temperature. The underlying cellular microstructure of tissue influences the overall 

mobility of the diffusivity by providing barriers and by creating various individual 

compartments within the tissue [21]. 

In the WM of the neural tissue, axonal membranes and the myelin sheath primarily 

influence the direction of motion or diffusivity parallel to the nerve fibers (Figure 7.C). 

 

Figure 7. Illustration of free and restricted diffusion. The eigenvectors (grey arrows) 

represent directions of diffusion along principle axes and the corresponding eigenvalues 

(λ1, λ2, λ3) represent the magnitude of diffusion coefficients along these axes. (A) isotropic 

diffusion (λ1= λ2= λ3); (B) anisotropic diffusion restricted to one direction shown by a disc 

(λ1≈ λ2≥ λ3) and (D) anisotropic diffusion restricted to two directions shown by ellipsoid 

(λ1≥λ2≥ λ3).  

 

B.2. Diffusion Weighted and Diffusion Tensor Imaging 
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Conventional MRI depicts the WM as a uniform tissue, despite it being composed of a 

complex array of directionally oriented nerve fibers [5,22]. Diffusion tensor imaging (DTI) 

is a technique that allows quantification of the diffusion of water molecules in each voxel 

of an image in directions parallel and transverse to the plane of neuronal axons [22-24]. 

Molecular mobility in tissues may not be the same in all directions. This anisotropy may 

result from the different mediums (such as WM, GM and CSF) or the presence of obstacles 

that limit molecular movement in some directions [24].  

DTI typically can be measured during an SE sequence by applying identical magnetic field 

gradients G before and after the 180° pulse. If a spin is stationary, these gradients have no 

effect: the spins will realign at the echo time (Figure 8A). However, if spins diffuse 

randomly between the application of the gradients, their precession frequency after the 

refocusing pulse will be different from the frequency before the pulse, and they will not 

realign perfectly (Figure 8B). Imperfect realignment of the spins results in a lower echo 

amplitude, with the reduction depending on the strength and duration of the magnetic field 

gradient (b-value), and the diffusion coefficient D. Therefore, motion of molecules in the 

direction of the applied diffusion gradients is detected as signal attenuation. For simple 

isotropic Gaussian diffusion, the signal attenuation for the diffusion gradient pulses is 

described by: 

0

bDS S e                                                                                                                                                  (3) 

where S is the diffusion weighted (DW) signal, S0 is the signal without any DW gradients 

(but otherwise identical imaging parameters), D (mm2/s) is the apparent diffusion 

coefficient (ADC), and b (s/mm2) is the diffusion-weighting. ADC, is an average of the 

diffusion in the acquired directions. Large values of ADC imply movement of free water 
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while small values indicate that mobility is constrained by local environment. In the 

presence of anisotropy, diffusion can no longer be characterized by a single scalar diffusion 

coefficient, but requires a tensor, D, which fully describes molecular mobility along each 

direction and correlation between these directions [25]: 
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                                                                                                                        (4) 

which describes the covariance of diffusion displacements in 3D normalized by the 

diffusion time.  

 

Figure 8. A schematic diagram which shows the relationship between water motion and 

gradient applications in diffusion weighted MRI. Each circle represents water molecule at 

different locations within a pixel. The vectors in the circles indicate phases of the signal at 

each location. If water molecules move in between the two gradient applications, the 

second gradient cannot perfectly refocus and the signal goes out of phase, which leads to 

signal loss or attenuation. 
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The diagonal elements (Dii > 0) are the diffusion variances along the x, y and z axes, and 

the off-diagonal elements are the covariance terms and are symmetric about the diagonal 

(Dij = Dji). Diagonalization of the diffusion tensor yields the eigenvalues (λ1, λ2, λ3) and 

corresponding eigenvectors (v1, v2, v3) of the diffusion tensor, which describe the 

directions and apparent diffusivities along the axes of principle diffusion [25-27].  

As can be seen in Equation (4), the diffusion coefficient needs to be measured in at least 

six independent directions in order to fully estimate the tensor. This is done by applying 

multiple diffusion encoding gradients. When the diffusion is isotropic, the tensor is a 

perfect sphere, but when diffusion has a main direction, the tensor becomes an ellipsoid. 

The magnitudes of these eigenvectors are used to calculate a number of DTI indices such 

as fractional anisotropy (FA), mean diffusivity (MD), axial diffusion (AD) and radial 

diffusivity (RD). 

FA is the most widely used measure of anisotropy index. It is a unit-less parameter which 

measures the fraction of the tensor that can be assigned to anisotropic diffusion. The FA 

index is appropriately normalized so that it takes values from zero (when diffusion is 

isotropic) to one (when diffusion is constrained along one axis only) [28].   

The directionality of diffusion depends on the density of physical obstructions such as 

membranes and the distribution of water molecules between different cellular 

compartments. Thus, FA is typically higher in WM, in which diffusion is restricted by the 

myelin sheaths of axons, particularly in compact tracts with uniform fiber alignment, such 

as the spinal cord fiber tracts, whereas diffusion in GM is less bounded and more isotropic. 

Note that the diffusion anisotropy does not describe the full tensor shape or distribution. 

This is because different eigenvalue combinations can generate the same values of FA. 
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Although FA is likely to be adequate for many applications and appears to be quite 

sensitive to a broad spectrum of pathological conditions [28,29].  
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MD is used in many published studies and is simply the trace divided by three (MD = Tr/3), 

which is equivalent to the average of the eigenvalues. MD reflects the rate of water 

diffusion within a voxel, independently of the directionality [29].  

1 2 3

3
MD

   
                                                                                                                                          (6) 

AD is the diffusion along the major axis or eigenvector (λ1) of the ellipsoid which represent 

water diffusivity parallel to the axonal fibers. 

1AD                                                                                                                                                                         (7) 

RD is the average of the second and third minor axes (λ2,λ3) reflects diffusivity 

perpendicular to the major axis of the tensor.  
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Notice that DTI parameters mentioned above represent the overall diffusion (isotropic and 

anisotropic) in an ellipsoid-shaped tensor and they do not provide any geometrical 

diffusion information.  

A convenient way to represent the shape of the diffusion tensor is as a combination of basis 

shapes as described by Westin et al [30]. It has been demonstrated that the diffusion tensor 

can be described by a combination of linear (Cl), planar (Cp), and spherical (Cs) measures:  
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The quantitative characteristic of DTI allows the characterization of physical properties of 

tissues. The highly directional architecture of the spinal cord may allow DTI to accurately 

localize WM, separate white from gray matter, and assess structural damage of the cord by 

modeling the direction and magnitude of water diffusion. This information enables DTI to 

encode the direction and magnitude of water diffusion allowing for inference of the 

orientation of white matter fibers on a voxel-by-voxel basis [2,23]. 

4. Quantitative Measurements  

4.1. Diffusion Tensor Tractography (DTT)  

Tractography algorithms utilize the DTI encoded information to reconstruct WM tracts [9] 

in the human body. Tractography algorithms can be broadly divided into two categories: 

deterministic and probabilistic. Deterministic methods trace pathways from a seed region 

by following the primary eigenvector from one voxel to the next [9,10].  It is a well-

established and straight forward technique which is able to generate high resolution images 

of axonal projections.  In the deterministic technique, seeds are placed in voxels with FA 

greater than pre-defined threshold (e.g. 0.15) to include only WM voxels and then grown 

in both directions along the dominant diffusion orientation into fiber tracts or streamlines. 

A tract is terminated when it reaches a voxel with sub-threshold FA, or when the turning 

angle exceeds some threshold (e.g. 70°) [22]. The probabilistic algorithm on the other hand 
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defines pathways by generating multiple curves from seed points using a Monte Carlo 

simulation. Probability of connectivity is then assigned to individual voxels based on the 

frequency with which the curves traverse the voxels. In both deterministic and probabilistic 

techniques, the reliability and interpretability of fiber tracking procedures can be improved 

when a priori anatomical information is used as a guide [22,23]. 

Deterministic fibers can be calculated as follow:  

      .r s s r s s u r s                                                                                                                 (12) 

where r(s) is the fiber trajectory, s is the length of the trajectory, ∆s is the step size of each 

propagation and �̂�(𝑟) is the propagation direction estimated at coordinate r. Unfortunately, 

each voxel may have multiple fiber orientations, and thus a strategy is needed to select the 

fiber orientation that is relevant to the trajectory. Filtering-selection approach as shown in 

Figure 9 and figure 10 is typically used to address this challenge. The initial step filters out 

the noisy fibers that have FA values lower than a predefined threshold followed by 

estimation of turning angle of the fiber orientation predefined by an angular threshold [31]. 

After filtering-selection process, the propagation direction is calculated as follows: 
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                                                                                                                (13) 

where Z is a constant that normalizes the propagation direction. N(r) is a set of voxels 

that had selected fiber orientations around coordinate r. In a 3-dimensional setting, N(r) 

can contain up to 8 nearby voxels. w is the weighting function that gives higher weights 

to voxels closer to r. 
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Figure 9. The filtering approaches used in deterministic fiber tracking algorithm. (A) voxel 

with multiple fiber orientations. (B) The noisy fibers were removed using a pre-defined FA 

threshold. (C) The fiber orientations forming the least turning with respect to current 

propagation direction are selected. 

 

 

Figure 10. Various scenarios of fiber orientations. (a) reach the region whose fractional 

anisotropy value is too low, stop tracking (shown in blue star); (b) deflection angle between 

two adjacent voxels exceeded the threshold, stop tracking; (c) normal tracking 

circumstance.  

 

In the deterministic fiber tracking technique, trilinear interpolation is used, and the 

weighting function is defined as w(Δr =), where Δrx, Δry, and Δrz are the x, y, and z 
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components of Δr, respectively (Δr is equal to r - R) is the fiber orientation obtained by 

filtering-selection process applied to voxel R. The summation in Eq. (13) calculates the 

weighted sum of the selected fiber orientations, u(r). The calculated fiber orientation at r 

is then used in Eq. (12) to conduct track propagation. The propagation continues until the 

sum of the weighting is less than 0.5 as follow: 

 
 

0.5
R N r
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                                                                                                                     (14) 

To create diffusion tensor tractography (DTT) images, parameters such as the ADC, which 

is an expression of the magnitude of the diffusion, and the FA, which is representative of 

the anisotropy, or directionality of the diffusion, must be calculated. DTT reveals the 

course of fibers and allows visualization of the in-vivo mapping of the diffusional 

properties of water molecules which has the high degree of diffusional anisotropy in WM. 

It tracts the direction of the major axis of the ellipsoid of every voxel and provides 

reconstruction of neuronal projections by tracking these vectors [27,31].  

In the last decade or so, many reports have described the use of DTT to depict neuronal 

fibers in the WM of the brain. In contrast, high-resolution data for the spinal cord has been 

difficult to obtain, because the spinal cord is smaller than the brain, it is located deep in the 

body, and imaging the cord requires discriminating among tissues and materials with 

different magnetic properties, such as the spinal cord WM, CSF, vertebrae, muscle, and 

air, which are integrated within a small space [32,33]. Thus, although occasional reports 

on the use of DTT to depict the spinal cord in humans have been published, their precision 

has been low, and few have included histological studies [34-36].  

As the performance of MRI improves, the number of DTI studies of the spinal cord has 

increased. There are two categories of such studies. One involves visualizing the spinal 
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cord disorders by tractography, including the visualization of inflammatory and 

degenerative disorders [37, 38], localization and characterization of spinal cord tumors 

[34,39], and characterization of the deformation and interruption of local fibers caused by 

arteriovenous malformations [40], Brown Sequard syndrome [41] and spinal cord injury 

[1,42]. The other category involves the quantitative analysis and examination of 

correlations between diffusion and both functional and histological conditions [5]. 

Diffusion tensor imaging and tractography in pediatric subjects is limited only to few 

studies [1,43, 44,45] and to the best of our knowledge, there is no study reported with the 

investigation of fiber tractography along entire spinal cord including cervical and thoracic 

in patient with SCI.  

4.2. Texture Analysis 

Conventionally, radiologists make diagnoses based on the combination of their training, 

experience, and individual judgment. Radiologists perceive and recognize image patterns 

and associate or infer a diagnosis consistent with those patterns which prone to the degree 

of variability and error in image interpretation as long as it relies primarily on human visual 

perception. Quantitative measurements based on texture analysis (TA) can provide 

objective information to support clinical decision-making and may serve to reduce this 

variability. It describes a wide range of techniques that enable quantification of the gray-

level patterns, pixel interrelationships, and the spectral properties of an image [46].  

TA can be divided into categories such as structural (mathematical morphology), model-

based (fractal or stochastic), statistical and transform (based on the Fourier, Gabor or 

Wavelet transform) methods, according to the means employed to evaluate the 

interrelationships of the pixels [47, 48]. Statistical methods are the most widely used in 
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medical images. The statistical approaches analyze the spatial distribution of grey values 

in the image, and derives a set of statistics or features. Statistics are classified as a first, 

second or higher order statistics. In the first order statistics, image properties depend solely 

on individual pixel values whereas second order statistics utilize properties of pixel pairs 

with similar (or dissimilar) contrast values [48, 49]. First order statistics include mean grey 

scale, standard deviation of the mean, skewness (deviation of the pixel distribution) and 

the kurtosis (steepness of the pixel distribution) which can usually be detected visually. 

Methods based on second and high order statistics tend to obtain higher discrimination 

indexes and cannot be visually detected. Therefore, the interest in medical image TA 

mainly lays in the random textures of second or higher order. The most widely used texture 

method for MR images seems to be the grey-level co-occurrence matrix proposed by 

Haralick [46,50].  

Wavelet transformation is one of the most common used high order texture method 

reported in the literature. Wavelets represent a technique that analyzes the frequency 

content of an image within different scales of that image. This analysis yields a set of 

wavelet coefficients corresponding to different scales and to different frequency directions. 

In this analysis, a set of numbers (the wavelet coefficients) are given to each pixel which 

characterize the frequency content of the image at that point over a set of scales [46].  

Several studies have been shown the ability of TA in the classification of pathological 

tissues from normal tissues in the studies of the liver, breast, gastrointestinal and brain 

[51,52]. Texture parameters based on the first, second and high order descriptors have been 

shown to be good for the characterization of healthy and pathological human cerebral 

tissues [52], Alzheimer's disease [53] hippocampal sclerosis (HS) [54], brain tumor 
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characterization and treatment follow-up [55], schizophrenia [56], Ischemic Stroke (IS) 

[57]. However, TA is poorly explored in spinal cord especially in the pediatric SCI 

population and is only limited to for characterization and diagnosis of multiple sclerosis 

(MS) [58].  

The work presented in this project uses TA to quantify the pathological changes that occur 

within the spinal cord associated with SCI. The texture method quantifies the microscopic 

abnormalities that remain undetected using conventional measures of lesion. Our results 

indicate that, TA used in conjunction with other MR measures such as DTT, has the 

potential to provide a surrogate marker of clinical disability in SCI. Given its promise 

detecting subtle structural/functional alterations TA may be an attractive means to evaluate 

disease activity and evolution [59,60]. It may also become a new tool to assess therapeutic 

efficacy if technical issues are resolved and pathological correlates are further confirmed 

[60]. 
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CHAPTER 2 

METHODS 

1. Subject Recruitments 

A total of 43 pediatric subjects included 23 healthy subjects with the age range of 6-17 

(11.94±3.26 (mean ±standard deviation)) with no evidence of spinal cord injury or 

pathology and 20 subjects with SCI (10 subjects with cervical, 8 subjects with thoracic and 

2 subjects with lumbar spinal cord injury) ranging in age from 7-16 years old (11.28±3.00 

(mean ±standard deviation)) were recruited. Subjects and parents provided written 

information assent and consent of the institutional review board approved protocol. The 

inclusion criteria used for recruitment of the spinal cord injury group were: subjects had 

stable spinal cord injury as evidenced by no neurological change in the past three months 

and were at least 6 months post spinal cord injury. All patients were clinically assessed 

using the motor and sensory examinations of the International Standards for Neurological 

Classification of Spinal Cord Injury (ISNCSCI) [61]; severity of injury was determined 

according the American Spinal Injury Association Impairment Scale (AIS) [61]. Of the 

subjects with cervical SCI (Table 1), there were 8 patients classified as AIS A (complete 

spinal cord injury), 2 with AIS B (sensory incomplete), and 6 with AIS D (sensory and 

against gravity motor incomplete). Unfortunately, 4 patients did not complete ASIA due to 

age, low motivation, autonomic signs or miss-following the direction. Also, conventional 

MR readings of SCI patients by the neuroradiologists did not show abnormalities in 6 

subjects (30%).  
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Table 1: Demographic and clinical characteristics of the SCI patients.  

Subject Age at the time of 

study 

Level of injury 

based ISNCSCI 

Severity of injury 

based AIS 

MRI findings 

SCI1 9.25 C6 B Negative 

SCI2 15.18 T10 B Positive 

SCI3 10.01 C5 D Positive 

SCI4 11.14 C6 A Positive 

SCI5 15.16 L2 Unable to determine Positive  

SCI6 11.07 T4 A Positive 

SCI7 9.44 T9 A Negative 

SCI8 8.08 C1 D Negative 

SCI9 13.74 C5 D Negative 

SCI10 8.10 C8 A Positive 

SCI11 15.74 T9 A Positive 

SCI12 12.40 C1 D Negative 

SCI13 12.63 Unable to determine 

(Thoracic SCI) 

Unable to determine Positive 

SCI14 12.71 T12 A Positive 

SCI15 8.05 Unable to determine 

(Thoracic SCI) 

A Positive 

SCI16 8.68 Unable to determine 

(Cervical SCI) 

Unable to determine Negative 

SCI17 15.00 C8 A Positive 

SCI18 7.04 L2 D Positive 

SCI19 7.17 Unable to determine 

(Thoracic SCI) 

Unable to determine Positive 

SCI20 14.91 T4 D Positive 

Negative= No abnormalities have been shown on conventional MR images examined 

visually by an independent board certified neuroradiologist; Positive= damage or 

abnormalities observed on conventional MR images.  
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2. Image Acquisition  

The MRI scans were performed using a 3.0T Siemens Verio MR scanner (Siemens 

Healthcare, Erlangen Germany) with 4-channel neck matrix and 8-channel spine array. The 

protocol consisted of a conventional sagittal turbo spin echo (TSE)-T1-weighted scan, a 

sagittal TSE-T2-weighted scan, axial T2-weighted gradient echo (GRE) and axial DTI 

scans were based on the reduced field of view (rFOV) sequence described below. DTI 

images were acquired axially in the same anatomical location prescribed for the T2-

weighted images to cover the entire spinal cord using two overlapping slabs (Figure 11). 

The T2-weighted GRE imaging parameters used were: voxel size=0.625×0.625×3.0mm3, 

matrix size=320×320, TR=3.6s, TE=90ms, slice thickness=3mm, flip angle=150°, number 

of averages=1 and acquisition time=5.4min, and the DTI parameters used were: number of 

directions=20, b=800 s/mm2, voxel size=0.8×0.8×6.0mm3, matrix size= 36×208, axial 

slices=40, TR=7900ms, TE=110ms, number of averages=3 and acquisition 

time=16.98min. Cardiac gating and respiratory compensation were not used in this study 

as this will increase acquisition time which is not desirable in pediatric imaging. Also, 

anesthesia was not administrated to the subjects in this study. 
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Figure 11. Placement of 2 overlapping slabs to image entire spinal cord; cervical (A) and 

thoracic (B). The solid white rectangular shows the inner FOV, which was oversampled 

using enlarged FOV (dotted while lines) to avoid aliasing artifact.  
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Figure 12. Cross-sectional image of the spinal cord acquired from the MRI scanner; T2 W-

GRE image (left) and FA map reconstructed from raw DTI dataset (right).  

 

2.1. DTI Acquisition Using Reduced FOV Sequence 

The rFOV sequence used in this study was a single shot echo planar imaging (EPI) 

sequence for diffusion-weighted imaging with spatially 2D-RF excitations. It reduces 

geometric distortions due to magnetic field inhomogeneities as well as susceptibility 

differences between adjacent anatomical structures, and allows for higher in-plane 

resolutions [2,62]. In order to optimize the rFOV sequence for imaging of the pediatric 

spinal cord, several diffusion directions (6, 12, 20 and 30), multiple signal intensity 

averages (1 to 4), and different b-values (0, 700, 800, 900, 1000 and 1200 seconds/mm2) 

were examined. The final parameters (number of directions=20, b=800s/mm2, and number 

of averages=3) were selected to ensure the relatively short acquisition time tolerable for 
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pediatric imaging while maintaining high spatial resolution that provides good accuracy 

for the estimate of the diffusion tensor. 

3. Study Design  

The multi-spectral analysis framework as described below was applied to the entire 

population including controls and patients with SCI. This technique consisted of six steps, 

including data acquisition (step1), preprocessing (step 2) and DTI post-processing (step 3), 

DTI maps generation (step 4), feature extraction (step 5) and feature selection (step 6), as 

summarized in figure 13. After data acquisition aforementioned, preprocessing steps was 

implemented and applied to correct DTI raw data for motion induced artifact as well as 

ghost artifacts. In step 3, a robust estimation of tensor by outlier rejection (RESTORE) 

technique was applied to generate DTI maps and white matter fiber tracts were generated 

from DTI data with the scan specific gradient table and image orientation information. 

Quantitative measures of both DTI maps (step 4) and MR images (T2W-GRE) were 

calculated and then relevant features were extracted using standard linear regression 

method.  
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Figure 13. Framework of the proposed multi-spectral data analysis.  

3.1. Pre-Processing of DTI Data 

3.1.1. Motion Correction 

Motion artifacts induced by patient movement, spinal cord pulsation and oscillation, and 

cardiac and respiratory motion can be reduced using sedation, cardiac gating and 

respiratory compensation. Unfortunately, in pediatric imaging, these techniques increase 

scanning time where may cause lack of patience and cooperation by patient [63-65]. To 

mitigate these effects, pre-processing of the DTI was used to correct for motion artifacts. 

An in-house software was developed in Matlab (MathWorks, Natick, Massachusetts) for 

this purpose (63). Diffusion directional images were aligned with the average reference 

image (B0) using a rigid registration algorithm and a scaled least square cost function 

[2,63].  

3.1.2. Ghost Artifact Correction 

In recent years, DTI acquisition of the spinal cord has been significantly enhanced using 

inner field of view (iFoV) pulse sequence techniques [2,65]. This sequence is based on a 
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single shot Echo Planar Imaging (EPI) sequence and uses spatially selective 2D RF 

excitation for obtaining high resolution images of the spinal cord while mitigating 

contamination from physiologic noise [2,6]. However, EPI is very sensitive to phase shifts 

occurring during long echo trains which gives rise to ghost artifacts [66,67]. Ghosting 

artifact caused by echo misalignment is a systemic problem and is a function of the 

instability of the main magnetic field B0 and system timing error associated with the 

scanner hardware (e.g. eddy current causes by physical x, y and z gradients) [68,69]. A 

multi-stage post-processing pipeline was designed, implemented and validated to remove 

ghost artifacts arising from reduced field of view diffusion tensor imaging (DTI) of the 

pediatric spinal cord [70-72].  

The framework of ghosting artifact detection on DTI data consisted of five steps, including 

data acquisition, preprocessing and the three aforementioned stages of ghost removal, as 

summarized in figure 14. After data acquisition, a preprocessing step was implemented to 

perform noise and heterogeneity correction using a median filter and image compression 

techniques (reducing image bit depth from 12 to 8, step 2) which facilitates a more accurate 

image segmentation. Following this, spinal cord segmentation was performed using 

mathematical morphological processing to select ROIs including true cord (TCs) and ghost 

cord (GCs), which will be referred to as sub-images (step 3). Next, twenty-one statistical 

texture features were extracted using co-occurrence matrix of each sub-image in directions 

of 0°, 45°, 90° and 135°, and the histogram vector of the sub-images (step 4).  This aligns 

the 21 channels to a feature vector and uses Mutual Information (MI) to select features with 

maximal dependence on the target class and with minimal redundancy between extracted 



34 

features. Finally, in step 5, a classification strategy based on AFNIS was implemented to 

separate GCs from TCs.   

 

Figure 14. General Framework of the ghost artifact detection scheme based on DTI data 

(mean b0 images). 

 

The true spinal cord and N/2 ghost may appear well separated on the image, but 

unfortunately, as shown in figure 15, identifying TC from GC can be complicated based 

solely on visual inspection. It is shown that the location of the GC varies between subjects. 

The manifestation of the artifact could be due to the subject’s physiologic motion and/or 

echo-misalignment in the EPI sequence. Radiologists usually trace the location of TC using 

a reference image with no evidence of GC. However, this technique fails in subjects with 

spinal cord injury, when only the GC presented (because of motion artifacts), if there are 

multiple GCs in an image, or when images are prone to geometric distortion.      

A novel method to detect and reject ghosting artifact from DTI images was developed and 

tested in pediatric spinal cord DTI data. The technique works accurately and robustly in 

the spatial domain and uses chromatic and achromatic texture information to identify TC 
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from GC. The design of the algorithm relies on differences between textural features in 

TCs and GCs, on the basis of which a segmentation and classification are performed. Soft 

tissues such as GM, WM and CSF in the case of brain and spinal cord all have different 

textures in MR images and therefore can be represented by their respective texture 

primitive, which along with its features can be used for analyzing the complete series of 

MR images [59,73]. 

 

Figure 15. The  appearance of ghost artifact on DTI images of the cord across multiple 

subjects: a) cross sectional image of an image with no ghost artifact; b) ghost located in the 

posterior section of the field of view (FOV) with roughly same SNR as TC; c) only ghost 

cord exist; d) ghost cord appear with higher SNR; e) appearance of ghost and true cord in 

a SCI subject; f) ghost cord and ghost liked cord; h) more than one ghost cord; i) true liked 

cord has been shown in different location; j) ghost cord appeared with higher SNR.  (TC: 

True Cord; GC: Ghost Cord). 
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4. Quantitative Measurement   

4.1. Tensor Estimation and Fiber tracking 

4.1.1. Diffusion Tensor Estimation  

After preprocessing of DTI dataset to correct for motion induced and ghost artifacts, 

estimation of tensor was performed. A RESTORE technique was applied to generate DTI 

maps such as FA, MD, AD and RD (ref). This method uses iteratively reweighted least-

squares regression to identify potential outliers and subsequently exclude them. The final 

fit is performed with the remaining data points using the constant weights that appropriately 

describe the errors introduced by Gaussian distributed noise. This method eliminates the 

need for identifying corrupted images by visual inspection and also automatically detects 

spatially localized outliers that would be easily missed at visual inspection [74]. 

4.1.2. Generation of Fiber Tracts (Tractography) 

DTT images were generated by using a number of predefined tracking parameters. These 

criteria are necessary in determining where to place the seed and when to terminate a tract. 

Seeding can be defined with respect to any available image contrast using simple signal 

value thresholding. Tract termination can be based on parameter map values, much like the 

seeding, but can also include tracking angle restrictions. Using the FA map thresholding is 

an effective way to seed the regions where there is high diffusion directionality, usually 

associated with white matter. It also serves as an effective termination criteria eliminating 

tracts entering CSF where the FA is low. Parameters like tract angle and tract length 

thresholding can be adjusted to benefit specific structures [5,69]. 

Two FA thresholds were used for TD and SCI patients to preserve sufficiently high FA 

value to be able to initialize fiber tracking at seed point. Also, as diffusion characteristics 
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were different for controls and patients with SCI, FA threshold were defined individually 

and set to 40-50% below the mean FA value [75,76]. The lower FA thresholds for all TD 

and SCI patients were set to 0.30 and 0.15, respectively. The fiber tracts generated were 

constrained within the limits of these thresholds as well as when the fiber track turns by 

more than a particular angle threshold, in this case 70 degrees. Also, a lower tract length 

threshold of 4.8mm was set to eliminate fiber fragments caused by noise within the tract 

reconstruction.  

 

Figure 16. Sagittal reconstruction of FA color maps of 2 overlapping slabs (A and C). The 

cervical and upper thoracic regions (A) and corresponding tractography image (B). The 

upper thoracic-through-conus regions (C) and corresponding tractography image (D). 

 

 



38 

4.2. Generation of Texture Features 

In general, texture features are categorized into 3 groups: first order (e.g., histogram based 

features), second order (e.g., co-occurrence matrix indices) and high order (e.g., Wavelet 

descriptors) features. First-order statistics describe the distribution of values of individual 

voxels without concern for spatial relationships. These are generally histogram-based 

methods and reduce a region of interest to single values for mean, median, maximum, 

minimum, and uniformity or randomness (entropy) of the intensities on the image, as well 

as the skewness (asymmetry) and kurtosis (flatness) of the histogram of values. 

Histogram based image descriptors have shown to be one of the most useful methods for 

image representation in classification tasks [77]. In this work five histogram based features 

including mean, variance, skewness, kurtosis and entropy were calculated as formulated 

below. 

 Mean: it is a measure of brightness. 
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 Variance: it is the measure that tells us by how much the gray levels are varying 

from the mean.  
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 Skewness: it measures the histogram symmetry.  
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If the left tail of histogram is more pronounce than right tail, then it has negative 

skewness. If the reverse is true, the skewness is positive and if both tails are equal 

then skewness is zero (figure 17).  

 

Figure 17. Different patterns of skewness: positive (left), zero (middle) and negative 

(right).  

 

 Kurtosis: it measures the tail of the histogram; long tailed histograms correspond 

to spiky regions. 
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Notice that the histograms with normal distribution have a kurtosis values of 3 and 

are called mesokurtic. Histograms with sharper peak or heavier tail are called 

leptokurtic (kurtosis value > 3) and those flatter than normal or has lighter tails are 

called platykurtic (kurtosis value < 3).  

 

Figure 18. Different patterns of kurtosis.  
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 Entropy: it measures the randomness of a gray-level distribution. The entropy 

expected to by high if the gray levels are distributed randomly throughout the 

image. 
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where pf (f) is the histogram of the image, fk, k=1,…,N is the image intensity levels, 

μ is the mean and σ is the standard devotion. 

Texture analysis based solely on the gray level histogram (first order statistics based) 

suffers from the limitation that it provides no information about the relative position of 

pixels to each other. For example, 2 completely different images each with a 50% black 

and 50% white pixels (such as Salt & Pepper noise pattern) may produce the same gray 

level histogram. Therefore, we cannot distinguish these images using first order statistical 

analysis [73]. 

Second-order statistical descriptors generally describe statistical interrelationships between 

voxels with similar (or dissimilar) contrast values. Four second-order co-occurrence 

matrix-based parameters were used in the analyses: contrast, Homogeneity, correlation, 

and energy. The features were calculated in horizontal (0°), vertical (90°), and two diagonal 

(45° and 135°) directions with a pixel distance of one pixel. Gray level co-occurrence 

matrix (GLCM) characterizes the texture of an image by calculating how often pairs of 

voxel localized in (k,l) and (m,n) with specific values of i and j respectively, and in a 

specified spatial relationship occur in an image [78,79].  

Assume that p is the number of gray level co-occurrence matrices,  

      , , ,0 # 0, , , , ,p i j d k m l n d I k l i I m n j                                                        (20) 
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          , , , 45 # , or , , , , ,p i j d k m d l n d k m d l n d I k l i I m n j                       (21) 

      , , ,90 # , 0, , , ,p i j d k m d l n I k l i I m n j                                                        (22) 

          , , ,135 # , or , , , , ,p i j d k m d l n d k m d l n d I k l i I m n j                     (19) 

 

Figure 19. Directional gray level co-occurrence matrices (horizontal (0°), vertical (90°), 

and two diagonal (45° and 135°) indices) of T2W-GRE images of a TD subject and a 

patient with SCI, implemented in MATLAB. It has been shown that the dispersion of local 

voxel values distributed differently between TD and SCI subjects.    

 

Following features were extracted from directional co-occurrence matrices:  

 Contrast: 
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                                                                                                                     (23) 

It measures the local variations in the GLCM and provides evidence of how sharp 

the structural variations in the image are. 

 Energy (angular second moment): 

 
2

1 1

M N

i j

p i, j
 

                                                                                                                         (24) 
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It gives a strong measure of uniformity. Higher non-uniformity values provide 

evidence of higher structural variations.  

 Correlation:  

    

1 1

M N

i ji j

i i j j p i, j 

  

 
                                                                                                           (25) 

The correlation feature is the measure of gray level linear dependency of the image. 

where μ is the mean and σ is the standard deviation of the co-occurrence matrix, 

respectively.  

 Homogeneity:  
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                                                                                                                                   (26) 

It Measures the closeness of the distribution of elements in the GLCM to the GLCM 

diagonal and it increases with less contrast in the window.  

Higher-order statistical methods impose filter grids on the image to extract repetitive or 

non-repetitive patterns. These include wavelets, which are filter transforms that multiply 

an image by a matrix of complex linear or radial “waves”; and Laplacian transforms of 

Gaussian bandpass filters that can extract areas with increasingly coarse texture patterns 

from the image. Wavelets are mathematical functions that decompose data into different 

frequency components and then study each component with a resolution matched to its 

scale [79, 80]. 

Wavelet analysis is similar to Fourier analysis in the sense that it breaks a signal down into 

its constituent parts for analysis. Whereas the Fourier transform breaks the signal into a 

series of sine waves of different frequencies, the wavelet transform breaks the signal into 

its "wavelets", scaled and shifted versions of the "mother wavelet" (figure 20). In 
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comparison to the sine wave which is smooth and of infinite length, the wavelet is irregular 

in shape and compactly supported. These properties of being irregular in shape make 

wavelets an ideal tool for analyzing signals of a non-stationary nature. Their irregular shape 

lends them to analyze signals with discontinuity's or sharp changes, while their compactly 

supported nature enables temporal localization of a signals features [80].  

 

Figure 20. The scaling and shifting of the wavelet transformation.  

Wavelet provides a more flexible way of analyzing both space and frequency contents by 

allowing the use of variable sized windows. Hence, Wavelet transform provides better 

representation of an image for feature extraction [78,80]. Wavelet function defines as 

follow: 

 ,
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t b
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                                                                                                  (27) 
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where a is called a scaling parameter which measures the degree of compression or scale, 

and b a translation parameter which determines the time location of the wavelet. The 

discrete wavelet transformation (DWT) decompose an image I into an approximation Ia 

(low frequency) components and detail (high frequency) components (Iv, Id and Ih) shown 

in figure 21.  

1

N
N i i i

a v d h

i

I I I I I


                                                                                                                            (28) 

where N is the level of approximation component. Four high-order wavelet based features 

were used in this study: mean, variance, entropy, and energy. The features were calculated 

in horizontal (Ih), vertical (Iv), and diagonal (Id) directions. 

 

Figure 21. Wavelet transformation applied to the T2W images of TD and SCI subjects in 

the directions of A) horizontal; B) vertical and C) diagonal.  

 

Formally, the Discrete Wavelet Transform (DWT) of a signal x is calculated by passing it 

through a series of filters. First, the samples are passed through a low pass filter (LP) with 

impulse response g resulting in a convolution:  
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The signal is also decomposed simultaneously using a high-pass filter h. The outputs 

provide detail coefficients from the high-pass filter (HP) and approximation coefficients 

(from the low-pass). However, since half the frequencies of the signal have now been 

removed, half the samples can be discarded according to Nyquist’s rule. The filter outputs 

are then down-sampled by 2: 
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This method can be generalized as detailed in Figure 22. Initially the high pass (HP) and 

low pass (LP) filters are applied to the rows of the image and the resulting images are 

downsampled by retaining only the even indexed (EI) columns, then the two filters are 

applied to the columns of the image, keeping only the even indexed rows. Multiresolution 

analysis of the images is performed by reiterating the wavelet decomposition an arbitrary 

number of times on the low frequency part. At the first level, the original image is 

decomposed in four sub-bands leading to: the scaling component containing global low-

pass information and three wavelet components corresponding, respectively, to the 

horizontal, vertical and diagonal details [81]. 
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Figure 22. Procedure to calculate the DWT of an image. 

5. Manual ROI Definition 

The same criteria were applied for manual delineation of region of interests (ROIs) in both 

functional (DTI) and structural (T2-W-GRE) images. These ROIs were drawn including 

both the grey and white matters of the spinal cord. The ROIs excluded the border or edge 

of the cord (approximately 1-2 voxel from outer margin of the cord) to avoid the effects of 

partial volume artifacts on the results which occur at the cord/CSF interface (figure 23). 

This procedure was followed throughout at each intervertebral disk level and at the mid-

vertebral body level of the cervical and thoracic spinal cord, being anatomically localized 

by an independent board certified neuroradiologist, in all subjects including healthy 

subjects and patients with SCI.  These levels are included: C1, mid-dens, base dens, mid-

C2, C2–C3, mid-C3 (upper cervical cord); C3–C4, mid-C4, C4–C5, mid-C5 (middle 

cervical cord); C5–C6, mid-C6, C6–C7, mid-C7, C7–T1 (lower cervical cord); mid-T1, 

T1–T2, mid-T2, T2–T3, mid-T3, T3–T4, mid-T4, T4–T5 (upper thoracic cord); mid-T5, 

T5–T6, mid-T6, T6–T7, mid-T7, T7–T8, mid-T8, T8–T9 (middle thoracic cord); mid-T9, 

T9–T10, mid-T10, T10–T11, mid-T11, T11–T12, mid-T12, T12–L1, mid-L1 (lower 

thoracic cord) [82].  
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To measure DTT indices, ROIs were only placed on axial FA map at aforementioned spinal 

cord levels and to compute functional/structural texture features, ROIs were set on all DTI 

maps (FA, MD, AD and RD) and T2W-GRE images, respectively.  

 

Figure 23. Illustration of placement of ROIs on FA map after being anatomically localized 

by level by a board certified neuroradiologist. To avoid partial volume averaging with CSF, 

ROI was chosen away with a minimum of one voxel from the border or edge of the cord 

[62]. 

 

6. Statistics  

Upon definition of whole cord ROIs, statistical analysis was performed between patient 

and healthy groups. A comprehensive data table was created containing information of 

texture and tractography measures of DTI maps as well as information of the texture 

measure of T2W-GRE images for controls and SCI group (Tables 3-9). Mean and standard 

deviation of each quantification measures for every subject along entire spinal cord were 

calculated. These measures then were compared between TD and SCI subjects based on 

standard least squared linear regression model and restricted maximum likelihood (REML) 

method (JMP pro 13.0 software) to find the most sensitive features to the SCI. This model 

was constructed looking at group differences by assuming ROI level and groups 

(controls/patients) composition as the fixed effects and subjects as the random effects.  
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The REML methodology performs maximum likelihood estimation of a restricted 

likelihood function that does not depend on the fixed-effect parameters. This yields 

estimates of the variance components that are then used to obtain the estimates of the fixed 

effects. Estimates of precision are based on estimates of the covariance matrix which 

modeled as unstructured and repeated based on level. It provides useful estimates, tests, 

and confidence intervals. 

A P value of 0.05 was used throughout to determine statistical significance. Also, the 

proposed quantitative measures were calculated and compared with the controls at the 

regions superior and inferior to the relative injury level (figure 24). In this type of analysis, 

the SCI patients was first divided in to two groups: (1) patients with cervical SCI (CSCI); 

and (2) with thoracic SCI (TSCI).  In CSCI group (n=10), quantitative measures were 

calculated at the region below the injury (thoracic) and compared with the corresponding 

region in controls (n=23). For the TSCI group (n=10), cervical region considered to be 

above the injury regions. Notice that there is no region considered to be as above injury 

region for CSCI group and below the injury region in TSCI group (figure 24).   
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Figure 24. Sagittal T2-weighted image of a subject with chronic traumatic injury. Three 

regions relative to injury: regions superior to injury epicenter (B), at injury epicenter (A), 

and inferior to injury epicenter (C) were identified. Injury epicenter for this subject located 

at C7 vertebral level.  
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CHAPTER 3 

RESULTS 

1. Ghost Artifact Removal 

Ghost artifacts are a major contributor to degradation of spinal cord diffusion tensor 

images. A multi-stage post-processing pipeline was designed, implemented and validated 

to remove ghost artifacts arising from rFOV DTI of the pediatric spinal cord. Ghost/true 

cords, labelled as region of interests (ROIs), in non-diffusion weighted b0 images were 

segmented automatically using mathematical morphological processing (figure 25) [70].  

 

Figure 25. Schematic of processing pipeline for automatic segmentation of spinal cord. 

Sagittal T2-weighted image of a healthy subject (A) and axial b0 image contains ghost 

artifact anatomically localized at the vertebral disc level of C7-T1 (B). The automatic 

segmentation algorithm only identified the distinct regions and made no attempt to classify 

the region as true or ghost. 

 

Initially, 21 texture features were extracted from each segmented ROI including 5 first-

order features based on the histogram of the image (mean, variance, skewness, kurtosis and 

entropy) and 16 second-order feature vector elements, incorporating four statistical 

measures (contrast, correlation, homogeneity and energy) calculated from co-occurrence 

matrices in directions of 0°, 45°, 90° and 135°. Next, ten features with a high value of 
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mutual information (MI) relative to the pre-defined target class and within the features 

were selected as final features which were input to a trained classifier (adaptive neuro-

fuzzy interface system) to separate the true cord from the ghost cord (Table 2). The results 

obtained from the classifier showed a sensitivity of 0.91, specificity of 0.79, and accuracy 

of 0.84 in separating the true cord from ghost artifacts. 

The results show that the proposed method is promising for the detection of ghost cords 

present in DTI images of the spinal cord. This step is crucial towards development of 

accurate, automatic DTI spinal cord post processing pipelines. 

Table 2: Selected features using mutual information method. 

 Feature Direction 

 

Calculated from histogram of the image 
 

Variance - 

Kurtosis - 

Entropy - 

 

Calculated form co-occurrence matrices 
 

Correlation 0° 

Energy 0° 

Energy 45° 

Contrast 90° 

Energy 90° 

Homogeneity 90° 

Energy 135° 

 

2. Quantitative Assessments of Diffusion Tensor Tractography  

DTT tracts were successfully generated for all the cases. Although, one can measure 

peripheral nerves and nerve root white matter fiber bundles using diffusion imaging, our 

technique used a rFOV acquisition scheme to improve SNR in the cord. We did not focus 

on imaging the nerve root bundles in this study. However, it is possible to generate not 
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only the axonal bundles of the spinal cord but also the outgoing dorsal and ventral nerve 

roots with special angle adjustment (e.g. 45°) [24].  

The mean FA values in the controls and patients were 0.46±0.11 and 0.37±0.09, 

respectively. FA values were significantly decreased in patients with SCI (p<0.0001) when 

compared to controls. ADC values in the controls and patients were 2.81±0.8×10-3mm2/sec 

and 3.03±0.76×10-3mm2/sec, respectively, however it was not a statistically significant 

difference. These FA and ADC values in controls and patients with SCI were comparable 

to what is published in the current literature [22,26,83]. Also, DTT parameters such as 

mean length of tracts and tract density were calculated using the streamline tractography 

algorithm. The mean tract density in the controls and patients were 405.93±243.84 and 

268.90±270.34, respectively, which shows significantly decreased in SCI group 

(p=0.0005). However, the mean length of tracts (55.21±30.18mm and 43.28±18.56mm in 

the controls and patients, respectively) did not show significant differences.  

Table 3: DTI and DTT parameters of controls and patients with SCI. 

Features TD 

Mean± Std        

SCI 

Mean± Std        

Prob>F 

FA 0.46±0.11 0.37±0.09 <0.0001 

ADC (10-3mm2/s) 2.81±0.8 3.03±0.76 0.12 

Length of tracts (mm) 55.21±30.18 43.28±18.56 0.08 

Tract density  405.93±243.84 268.90±270.34 <0.0001 

 

Also, DTI and DTT parameters were calculated above the injury level in patients with 

TSCI and below the injury level in patients with CSCI. In the patients with CSCI a decrease 

in mean FA, WM tract density and mean length of tracts, and an increase in mean ADC 

were observed below the injury levels (thoracic region). Statistically, significant decreases 
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have been shown in FA (p<0.0001) and tract density (p<0.0001). However, the mean 

length of tracts did not show significant differences.  

DTI and DTT changes in the patients with TSCI were similar to CSCI group. Compared to 

TD a decrease in mean FA, white matter tract density and mean length of tracts, and an 

increase in mean ADC were observed above the injury levels (cervical region). 

Statistically, significant decreases have been shown only in tract density above the injury 

(p=0.004).  FA, ADC and length of reacts did not show significant changes above the injury 

levels.  

Table 4: DTI and DTT parameters of controls and patients with CSCI. 

Features TD                  BIR 

Mean± Std           Mean± Std 

Prob>F 

FA 0.45± 0.12 0.34± 0.08 <0.0001 

ADC (10-3mm2/s) 2.58± 0.77 2.82± 0.62 0.2 

Length of tracts (mm) 57.71± 6.58 42.02± 15.98 0.95 

Tract density  323.76± 207.33 148.25± 100.51 <0.0001 

                        BIR= Below injury region.  

Table 5: DTI and DTT parameters of controls and patients with TSCI. 

Features TD                   AIR 

Mean± Std             Mean± Std 

Prob>F 

FA 0.47± 0.09 0.41± 0.11 0.62 

ADC (10-3mm2/s) 3.13± 0.72 3.29± 0.64 0.5 

Length of tracts (mm) 51.67± 16.95 48.04± 23.9 0.6 

Tract density  522.31± 244.57 497.24± 405.49 0.004 

                           AIR= Above injury region. 
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3. Quantitative Assessments of Texture Analysis  

Initially, a total of 165 quantitative measures acquired from texture analysis were tested on 

both diffusion tensor maps (i.e., FA, MD, AD and RD) and structural MR images (i.e., 

T2W-GRE) in order to find the most sensitive measures to the injury and to examine if 

there are differences in these features below and above the injury levels as mentioned 

previously. This will help us to quantify and evaluate the functional and structural changes 

specifically above and below the lesion or injury and to see if MRI has potential to be used 

as surrogate biomarker not only for diagnostic of SCI but also for quantification of 

structural and functional plasticity of spinal cord in patient with chronic SCI.  

3.1. Texture Analysis in Diffusion Tensor Imaging and Conventional MR Imaging 

3.1.1. First Order Texture Features  

Table 6 shows the absolute values of first-order textures features of TD and SCI groups. 

These features were calculated from the histogram of the ROIs positioned to the spinal 

cord in both DTI and MR images.  

Overall, a decrease in entropy and kurtosis values and an increase in variance value were 

observed in SCI group. Skewness shows different patterns for each map and finally mean 

value decreases in FA and increases in MD, AD, RD and T2W-GRE images.   
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Table 6: First order texture values of controls and patients with SCI. 

  FA MD RD AD T2W-GRE 

Mean TD 0.46±0.11 0.8±0.31 0.53±0.23 1.37±0.5 0.33±0.14 

SCI 0.37±0.09 0.92±0.31 0.66±0.27 1.39±0.46 0.34±0.15 

Variance TD 0.04±0.03 0.16±0.15 0.09±0.08 0.42±0.37    0.04±0.02 

SCI 0.05±0.03 0.19±0.18 0.11±0.13 0.4±0.36 0.05±0.03 

Entropy TD 4.61±0.81 2.93±1.48 4.2±1.18 0.83±0.94 4.42±1.10 

SCI 3.98±1.02 2.23±1.41 3.55±1.36 0.65±0.66 4.12±1.20 

Skewness TD -0.54±0.69 -0.16±1.31 0.23±1.08 -0.38±1.33 -0.42±1.29 

SCI -0.35±0.71 -0.27±0.92 -0.02±0.78 -0.41±0.9 -0.21±1.30 

Kurtosis TD 2.83±1.73 3.99±7.03 3.63±6.83 3.99±7.14 3.93±5.32 

SCI 2.6±1.35 2.99±1.82 2.78±1.34 2.93±1.92 3.64±5.17 

 

Statistically, significant differences have been shown in 8 features obtained from multi-

spectral images as shown in table 7. These features are most sensitive features to the SCI 

and have potential to be used as imaging biomarker for detection of SCI. Also, a total of 3 

statistical measures were observed with significance changes above the injury levels in 

patients with TSCI (AIR) and a total of 4 quantitative measures were altered significantly 

below the injury levels in the patients with CSCI (BIR) (table 7). 
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Table 7: First order texture features with significant differences between TD and SCI 

groups.   

 TD vs SCI TD vs AIR  TD vs BIR 

Mean FA (p<0.001) 

AD (p=0.05) 

T2W-GRE (P<0.001) 

- FA (p<0.001) 

Variance FA (p=0.04) 

MD (p=0.03) 

RD (p=0.001) 

- MD (p=0.004) 

RD (p<0.001) 

T2W-GRE (p<0.001) 

Entropy FA (p=0.007) 

T2W-GRE (p=0.05) 

FA (p=0.03) 

T2W-GRE (p=0.03) 

 

Skewness - - - 

Kurtosis - T2W-GRE (p=0.05) - 

 

3.1.2. Second Order Texture Features  

Compared to TD a decrease in contrast value of all DTI and MR images, and an increase 

in homogeneity, correlation and energy values were observed in the patients with SCI. 

Statistically, significant increase in correlation value of SCI group has been shown along 

all DTI and MR images (Table 8). 

Also, it has been shown that second-order texture analysis represents significant changes 

of spinal cord tissue above and below lesion which is not easily detectable by conventional 

analysis (Table 9). In this table, ‡ shows features with the significant differences between 

TD and patient with SCI (TD vs SCI), ┴ represents features with the significant changes 

between cervical region defined as AIR in the patient with TSCI and same region in the 

controls, and finally ┬ represents features with significant changes between thoracic region 

defined as BIR in the patient with CSCI and the same region in controls.  
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Table 8: Second order texture values of controls and patients with SCI. 

 Direction  FA MD RD AD T2W-GRE 

 

 

Contrast 

0° TD 2.18±2.98 1.65±0.77 1.34±0.67 2.61±1.06 0.003±0.001 

SCI 0.92±1.47 1.47±0.79 1.21±0.68 2.13±1.02 0.004±0.001 

45° TD 2.41±3.15 2.19±1.05 1.84±0.94 3.23±1.28 0.005±0.002 

SCI 1.07±1.62 2.00±1.08 1.7±0.96 2.76±1.32 0.006±0.002 

90° TD 2.03±2.66 1.5±0.76 1.25±0.68 2.35±0.97 0.005±0.002 

SCI 0.9±1.39 1.4±0.79 1.17±0.69 1.99±0.97 0.005±0.002 

135° TD 2.4±3.15 2.21±1.07 1.8±0.96 3.26±1.29 0.005±0.002 

SCI 1.06±1.62 2.00±1.11 1.69±0.97 2.75±1.33 0.006±0.002 

 

 

Homogeneity 

0° TD 0.84±0.12 0.89±0.08 0.89±0.06 0.87±0.1 0.999±0.000 

SCI 0.9±0.07 0.92±0.05 0.91±0.06 0.92±0.06 0.999±0.000 

45° TD 0.83±0.12 0.86±0.08 0.87±0.06 0.86±0.11 0.94±0.22 

SCI 0.89±0.08 0.91±0.06 0.9±0.06 0.91±0.07 0.99±0.00 

90° TD 0.85±0.11 0.89±0.07 0.89±0.06 0.88±0.1 0.999±0.000 

SCI 0.91±0.07 0.92±0.05 0.92±0.05 0.93±0.06 0.999±0.000 

135° TD 0.83±0.12 0.86±0.08 0.87±0.06 0.86±0.11 0.95±0.21 

SCI 0.89±0.08 0.91±0.06 0.9±0.06 0.91±0.07 0.99±0.00 

 

 

Correlation 

0° TD 0.56±0.18 0.85±0.04 0.86±0.04 0.8±0.07 0.89±0.02 

SCI 0.59±0.13 0.86±0.04 0.87±0.05 0.83±0.05 0.93±0.05 

45° TD 0.48±0.17 0.81±0.05 0.81±0.05 0.75±0.07 0.81±0.2 

SCI 0.51±0.12 0.82±0.05 0.82±0.05 0.78±0.05 0.84±0.08 

90° TD 0.56±0.15 0.87±0.04 0.87±0.04 0.82±0.06 0.88±0.02 

SCI 0.58±0.11 0.88±0.04 0.88±0.03 0.84±0.04 0.86±0.06 

135° TD 0.48±0.17 0.8±0.05 0.81±0.05 0.75±0.07 0.82±0.18 

SCI 0.51±0.13 0.82±0.05 0.82±0.05 0.78±0.05 0.83±0.09 

 

 

Energy  

0° TD 0.52±0.24 0.51±0.22 0.53±0.18 0.51±0.22 0.996±0.001 

SCI 0.66±0.19 0.62±0.19 0.63±0.18 0.62±0.18 0.997±0.001 

45° TD 0.51±0.24 0.5±0.22 0.52±0.19 0.49±0.22 0.94±0.22 

SCI 0.64±0.2 0.61±0.19 0.62±0.18 0.61±0.19 0.99±0.001 

90° TD 0.53±0.24 0.51±0.21 0.54±0.18 0.51±0.22 0.996±0.001 

SCI 0.66±0.19 0.63±0.19 0.63±0.18 0.63±0.18 0.997±0.001 

135° TD 0.51±0.24 0.49±0.22 0.52±0.19 0.49±0.22 0.95±0.21 

SCI 0.64±0.2 0.61±0.19 0.62±0.18 0.61±0.19 0.99±0.001 
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Table 9: Second-order texture features with significant differences between TD and SCI 

groups as well as AIR and BIR. p-value<0.05 considered as statistically significant 

difference.    

 Contrast Homogeneity Correlation Energy 

 0° 45° 90° 135° 0° 45° 90° 135° 0° 45° 90° 135° 0° 45° 90° 135° 

FA         ‡ 

 

‡ ‡ ‡ 

┴ 

┬ ┬ ┬ ┬ 

MD ┬ ┬ ┬ ┬  ┬ ┬ ┬ ‡ ‡ ‡ ‡ ┬ ┬ ┬ ┬ 

RD ┬ ┬ ┬ ┬ ┬ ┬ ┬ ┬ - ‡ ‡ ‡ ┬ ┬ ┬ ┬ 

AD ┬ ┬ ┬ ┬     ‡ ‡ ‡ ‡ ┬ ┬ ┬ ┬ 

T2W-GRE ‡ 

┬ 

‡ 

┬ 

‡ 

┴ 

┬ 

‡ 

┬ 

┬  ‡ 

┬ 

 ┴ 

┬ 

┴ ┴ 

┬ 

┴ ‡ 

┬ 

 ‡ 

┬ 

 

‡= along entire spinal cord (TD vs SCI), ┴ = TD vs AIR, ┬ = TD vs AIR; 

3.1.3. High Order Texture Features  

Table 10 shows the results of the wavelet features applied to the manually positioned ROIs. 

Statistically, 12 wavelet descriptors in a given direction were changed significantly in SCI 

group compared to the controls. These features are represented in table 11. The results 

show that wavelet texture features can be used for discrimination of SCI patients and 

controls. Both entropy and energy values were decreased in SCI group compared to the 

controls. This represents the lower variability of frequency content of the image in the 

given ROIs which can be used as indicators to detect diseased cord.  

Also, quantitative analysis of the regions superior and inferior to the injury regions based 

on wavelet descriptors support the pathophysiologic alterations of spinal cord tissue which 

is hardly detectable using conventional data analysis.  
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Table 10: High order texture values of controls and patients with SCI. 

 Direction  FA MD RD AD T2W-GRE 
 
 

Mean 

D TD -0.002±0.02 0.001±0.02 0.002±0.02 -0.006±0.03 0.9E-03±8.3E-03 

SCI 0.001±0.03 -0.38E-03±0.03 -0.64E-03±0.03 0.87E-04±0.05 -0.001±0.006 

H TD -0.005±0.03 -0.02±0.07 -0.01±0.07 -0.04±0.09 0.003±0.01 

SCI -0.01±0.04 -0.007±0.09 0.005±0.09 0.06±0.07 0.004±0.01 

V TD 0.004±0.03 -0.01±0.05 -0.01±0.05 -0.01±0.06 -0.2E-03±8.6E-03 

SCI 0.005±0.04 -0.02±0.06 -0.02±0.08 -0.02±0.1 0.7E-03±7.2E-03 

 

 
Variance 

D TD 0.005±0.007 5.05E-03±0.005 0.007±0.006 0.01±0.01 0.005±0.004 

SCI 0.004±0.005 4.78E-03±0.005 0.007±0.007 0.01±0.01 0.005±0.003 

H TD 0.01±0.00 0.05±0.05 0.07±0.06 0.05±0.05 0.013±0.008 

SCI 0.01±0.01 0.06±0.07 0.07±0.09 0.06±0.07 0.016±0.01 

V TD 0.01±0.009 0.02±0.03 0.03±0.03 0.05±0.04 0.005±0.004 

SCI 0.008±0.007 0.02±0.03 0.03±0.04 0.04±0.05 0.006±0.005 

 

 

Entropy 

D TD 1.68±0.67 1.77±0.69 1.8±0.71 1.78±0.72 1.48±0.38 

SCI 1.4±0.74 1.41±0.77 1.43±0.74 1.46±0.79 1.27±0.35 

H TD 1.67±0.68 1.67±0.8 1.82±0.79 1.51±0.82 2.26±0.64 

SCI 1.3±0.71 1.43±0.86 1.53±0.89 1.28±0.86 2.02±0.55 

V TD 1.8±0.73 1.65±0.72 1.69±0.73 1.7±0.72 1.98±0.48 

SCI 1.46±0.79 1.33±0.78 1.34±0.8 1.36±0.77 1.76±0.43 

 

 

Energy  

D TD 0.06±0.07 0.07±0.07 0.1±0.08 0.18±0.14 0.27±0.014 

SCI 0.03±0.04 0.04±0.04 0.06±0.06 0.11±0.1 0.23±0.013 

H TD 0.17±0.14 0.84±0.92 0.98±1.1 0.89±0.89 1.30±0.7 

SCI 0.11±0.13 0.74±1.1 0.86±1.31 0.73±0.97 1.51±0.71 

V TD 0.13±0.12 0.33±0.4 0.4±0.5 0.64±0.6 0.48±0.26 

SCI 0.08±0.09 0.26±0.42 0.33±0.56 0.42±0.51 0.57±0.34 

 

Table 11: High-order texture features with significant differences between TD and SCI 

groups. p-value<0.05 considered as statistically significant difference.    

 TD vs SCI TD vs AIR TD vs BIR 

Direction D H V D H V D H V 

Mean FA 

AD 

AD - FA 

AD 

 MD 

RD 

 T2W-GRE MD 

RD 

Variance - - -   T2W-GRE  T2W-GRE  

Entropy FA 

T2W-GRE 

T2W-GRE T2W-GRE AD  FA 

MD 

AD 

 MD 

AD 

FA 

Energy - RD 

T2W-GRE 

MD 

RD 

T2W-GRE 

 FA 

RD 

RD  AD 

T2W-GRE 

 

D, H and V are wavelet decomposes in directions of diagonal, horizontal and vertical, 

respectively.  
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CHAPTER 4 

CONCLUSION AND FUTURE WORKS 

DTT and TA of DTI dataset have been poorly explored for the evaluation of the pediatric 

spinal cord because of relatively small size of the spinal cord, and the motion artifact 

induced by CSF pulsation, cardiac and respiration [5,7]. However, development of newer 

pulse sequence methods such as reduced FOV has enabled reliable DTI collection and 

enabled further exploration of spinal cord tracts using DTT and TA. In this study, TA and 

deterministic tractography were used to successfully examine pathological changes in SCI 

patients compared to controls. The results demonstrate that theses quantitative measures 

have potential to show the deformation of the cord at the level of injury and beyond.  

Texture analysis might prove to be most important for those cases in which change cannot 

be detected by direct visual inspection of the image. Also, plasticity of spinal cord above 

and below and at the lesion can normally be detected by histological examination, but not 

by visual inspection of the image of the tissue, whereas TA might reveal changes as 

demonstrated in this work. 

We should also maintain realistic expectations of what is essentially a set of mathematic 

constructs, and in most applications, the pathophysiologic interpretation of textural features 

remains an open question. As such, texture analysis will likely play a supportive and 

additional role rather than a comprehensive role in the future of medical image 

interpretation. In some cases, however, statistical or spectral textural features have 

outperformed visual assessment in discriminating between controls and patients with SCI 

or among SCI patients, as well as in discerning subtle anatomic/functional changes 
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associated with SCI. The robustness of texture analysis makes it particularly attractive for 

monitoring disease progression or treatment response with time. 

It would be interesting to compare other DTT algorithms in the future. Deterministic 

tractography uses the principle direction of diffusion to delineate whole fiber trajectory. 

One of the major limitation of deterministic tractography is that it cannot reliably estimate 

and interpret the crossing-branching fibers [26,61]. Unlike deterministic fiber tracking, 

probabilistic fiber tracking utilizes the probabilistic distribution of fiber orientations to 

obtain a set of trajectories including crossing, branching and main fibers (axonal bundles) 

connecting to a voxel [61,62].  

Newer imaging techniques generate large amount of data sets of the spinal cord.  Due to 

the large amount of images, diagnosis process, interpretation and analysis of images is very 

time consuming which raises the point of using automatic techniques for diagnostic 

purposes. In the future, we will investigate to design a computer aided diagnostic (CAD) 

system. In general, a computer based diagnostic system consist of several units, namely, 

data acquisition system, feature extraction and selection unit, decision system or 

classification unit and user interaction unit. Feature extraction and selection unit can be 

used to prepare data in a form that is easy for a decision support system or a classification 

unit to use [84,85]. Finally, the decision system or classification unit can be trained to make 

decisions using data achieved by the feature extraction unit. There are various texture 

classification systems that are currently investigated: They vary from Neuro-Fuzzy, 

Extended Normalized Radial Basis Function (ENRBF), Radial Basis Function (RBF), 

Adaptive Neuro-Fuzzy, Support Vector Machine (SVM), Gaussian Mixture Model 

(GMM), k-nearest-neighbor (kNN) and Multi-Layer Perception (MLP) [84-86]. Computer 



62 

based diagnostic system is capable of potentially classifying a normal image from an 

abnormal image and acts as a second—more detailed— ‘‘eye’’. In a recent literature 

survey, we found that post processing of pediatric spinal cord images is poorly explored 

[84-86] and opens a new line of inquiry in the future. Notice that only SCI images exhibit 

a great variation in terms of severity and level of injury which will change the intensity, 

size and shape of the spinal cord and it will be even more complicated if we consider other 

abnormalities to be differentiated in the computer aided system. Therefore, a robust and 

well developed classification system might be needed to make a right decision about the 

status of these images. It has been found that substantial recognition improvements may be 

obtained in difficult pattern recognition problems by combining or integrating outputs of 

multiple classifiers [87-88]. To the best of our knowledge, ensemble methods of 

classification have not been developed and tested in the field of spinal cord imaging.  

It is also worth noting that the relatively small sample size and heterogeneous population 

of injured subjects with SCI is an additional limitation for the current study which prevents 

comparison of specific injury sites relative to control subject. However, the significant p-

values shown in the comparison of healthy to patients shows good evidence and warrants 

a larger study with various groups of SCI patients. 
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APPENDIX 

ASIA SCORING TEMPLATE 

ISNCSCI scoring system, developed by the ASIA, was used to determine the level and 

severity of SCI. The classification of SCI was provided by the ASIA Impairment Scale 

(AIS) grade system. The evaluation consisted of testing of five arm and five leg muscles 

to assess residual motor functions, and light touch and pinprick examinations of 28 sensory 

dermatomes to assess residual sensory functions [18]. 

total motor score (sum of upper and lower extremity motor scores; max: 100), total sensory 

score (sum of left and right sensory scores; light touch (max: 112) and pinprick (max:112)), 

and the ISNCSCI-tot score (sum of total motor score and total sensory score; max: 324) 

[18]. 

 
Figure 26. Actual ASIA scoring template.  


