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                        ABSTRACT 
 

Magnetic resonance based diffusion imaging has been gaining more utility and clinical 

relevance over the past decade.  Using conventional echo planar techniques it is possible 

to acquire and characterize water diffusion within the central nervous system (CNS); 

namely in the form of Diffusion Weighted Imaging (DWI) and Diffusion Tensor Imaging 

(DTI).  While each modality provides valuable clinical information in terms of the 

presence of diffusion, DWI, and its directionality, DTI, the techniques used for analysis 

are limited to assuming an ideal Gaussian distribution for water displacement with no 

intermolecular interactions.  This assumption reduces the amount of relevant information 

that can be interpreted in a clinical setting.  By measuring the excess kurtosis, or 

peakedness, of the Gaussian distribution it is possible to get a better understanding of the 

underlying cellular structure.  The objective of this work is to provide mathematical and 

experimental evidence that Diffusion Kurtosis Imaging (DKI) can provide additional 

information about the micromolecular environment of the pediatric spinal cord by more 

completely characterizing the probabilistic nature of random water displacement.  A 

novel DKI imaging sequence based on a 2D spatially selective radio frequency pulse 

providing reduced FOV imaging with view angle tilting (VAT) was implemented, 

optimized on a 3Tesla MRI scanner, and tested on pediatric subjects (normal:15;  patients 

with spinal cord injury:5). Software was developed and validated in-house for post 

processing of the DKI images and estimation of the tensor parameters. The results show 

statistically significant differences in kurtosis parameters (mean kurtosis, axial kurtosis) 

between normal and patients. DKI provides incremental and new information over 
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conventional diffusion acquisitions that can be integrated into clinical protocols when 

coupled with higher order estimation algorithms. 
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CHAPTER 1  

INTRODUCTION 

The objective of this work is to provide mathematical and experimental evidence that 

Diffusion Kurtosis Imaging (DKI) can provide structural information about the 

micromolecular environment of the pediatric spinal cord by more fully characterizing the 

probabilistic nature of random water displacement.  This information can be potentially 

used to enhance diagnosis of traumatic, non-traumatic, and neurodegenerative diseases of 

the spinal cord as well as potentially provide a reproducible quantitative method to 

evaluate response to therapy.  To understand this process it is important to address the 

basis of spin excitation and signal generation in Magnetic Resonance Imaging (MRI) and 

show how limiting assumptions standard to conventional Diffusion Tensor Imaging 

(DTI) have lead to the refinement of this DKI imaging technique.  

Background of Magnetic Resonance Imaging 

In order to generate signals in MR it is necessary to manipulate the magnetization of 

protons within the human body.  Given that our bodies are composed of mostly water 

(2/3 by weight), the hydrogen atom is the ideal candidate.  When placed in a large, static 

magnetic field (B0), the hydrogen nucleus acts like a compass needle as it becomes 

magnetized.  Each nucleus precesses about B0 and is referred to as a spin.  These spins 

can align themselves in both a parallel and antiparallel manner with respect to B0 with the 

parallel spins being in a lower energy state and the antiparallel in a high energy state.  

While the distribution of parallel and antiparallel spins is completely random, a small but 

significant number of unpaired nuclei exist aligned with the main field B0.  Summing 
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these parallel magnetic moments yields a net magnetization vector (M0), which forms the 

basis for MR signal synthesis. 

Manipulation of M0 is what generates the stimulated echo, or MRI signal, containing the 

relevant tissue specific information.  The unpaired nuclei that make up the net 

magnetization vector can absorb electromagnetic photons in the radiofrequency spectrum.  

The frequency for absorption, generally referred to as Larmor frequency, is a linear 

function of the gyromagnetic ratio of the hydrogen nucleus and the static magnetic field 

strength.  When this resonance condition is met the unpaired nuclei undergo a series of 

energy transitions through the absorption and emission of electromagnetic photons.  

During equilibrium there is insufficient energy to precipitate the required energy level 

transitions.  These transitions are achieved by the introduction of transient, time-varying 

magnetic fields where the necessary condition for resonance is that the frequency of the 

oscillating magnetic field matches the frequency of spin precession.  The oscillating field 

is generated by a radiofrequency (RF) pulse and is generally referred to as the B1 field.   

As the hydrogen nucleus undergo parallel and antiparallel spin orientations in relation to 

the static field, B0, unpaired nuclei on the order of 10
6
 make up the net magnetization 

vector.  When exposed to a RF pulse these nuclei absorb photons and jump to a higher 

energy state.  The spins undergoing this energy transition are ‘excited’ and the specific 

RF pulse that provokes this response is typically known as an excitation pulse.  A 

favorable consequence resulting from this excitation is that transitioning to a higher 

energy states means that the collection of unpaired spins become “tilted” such that they 

are no longer parallel with the static field B0.   As the number of unpaired nuclei 

absorbing photons increases, the net magnetization vector will continue to reorient itself 
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further from the parallel state.  This degree of deflection of the net magnetization relative 

to B0 is called the flip angle and is representative of the number spins present in the 

higher energy state.  The power of the excitation pulse is ultimately what dictates this 

quantity.  Power is a function of the duration, strength, and frequency of the applied RF 

pulse. Tipping the net magnetization through interaction with a RF excitation pulse 

creates a transverse magnetization component that plays a key role in MR signal 

generation. 

Through the application of transient excitation pulses it becomes possible to track and 

evaluate the dynamic changes the net magnetization vector experiences.  When the pulse 

is applied the magnetization vector rotates away from the longitudinally aligned B0 field.  

After the excitation pulse has played out two processes dominate to restore equilibrium, 

each independent of the other.  The transverse magnetization vector decays as a function 

of spin-spin interactions.  As each spin is in essence a single magnetic moment, 

perturbations between neighboring nuclei will induce inhomogeneities in the magnetic 

field.  These inhomogeneities create a local field gradient that alters the precessional 

frequency of spatially dependent nuclei.  With spins precessing at different rates a loss in 

coherence occurs known as dephasing.  Given that the transverse magnetization vector is 

the sum of all field contributions, this phase incoherence gradually reduces the magnitude 

of the transverse component as the phases of spins become uniformly distributed.  While 

the transverse magnetization decays over time, the longitudinal magnetization begins to 

regrow.  As interactions between nuclei and the surrounding microenvironment occur, the 

spins return to an equilibrium state as they drop to a lower energy level, which is parallel 

to the static field B0.  The combination of both of these relaxation phenomena enables the 
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measurement of an MR signal for a region of local excitation.  In short, the MR signal 

arises from an induced current resulting from the net magnetic moment created by a 

collection of coherent (in-phase) spins precessing about the longitudinal axis of the static 

field B0.  This precession is affected by applying an RF pulse (B1field) at the Larmor 

frequency of the nucleus of interest which results in a tipping of the net magnetization M0 

such that it is no longer parallel with the B0 field, with stronger RF pulses yielding 

greater change in M0.  The rates at which transverse magnetization decays and 

longitudinal magnetization recovers are affected by interactions in the local molecules 

and thus can be exploited to achieve tissue contrast as local microenvironments vary 

between differing biological tissues.   

The notion of field inhomogeneities and their effect on spin coherence also plays a 

critical role in the spatial localization of a received MR signal.  By inducing precise and 

well defined inhomogeneities along three orthogonal axes, spin coherence can be 

predictably anticipated and exploited.  As mentioned previously, the strength of the field 

dictates the precessional frequency.  Subsequently the rate at which the spins precess can 

be varied through the application of linearly changing magnetic fields, called gradients.  

Three gradients are typically present that can spatially distribute the precessional 

frequencies and phases in a specific region of a magnetized sample.  When these 

gradients are applied, the frequency content of the received MR signal can be analyzed.  

This is known as frequency encoding and is used to fill in one axis of a 3-dimensional k-

space.  K-space is the frequency analog of spatial domain signals, i.e. in two dimensions, 

k-space data is aligned on frequency and phase axes, rather than the familiar x-y of the 

spatial domain.  By continuing to apply gradients at specific time points during 
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acquisition it becomes possible to construct a grid of MR signals each with a unique 

frequency, phase, and slice coordinate.  Upon transformation back to the spatial domain, 

through the use of a Fourier transform, reconstruction is achieved that enables clinicians 

and researchers to visualize the inherent water characteristics of the imaging volume in 

the form of gray scale images with good contrast and resolution. 

Physics of Magnetic Resonance Imaging (MRI)  

Spins of Protons 

In MRI a ‘spin’ commonly refers to the hydrogen molecule(s) or protons typically 

present in a medium of interest.  However, quantum mechanically spin is an intrinsic 

property of all particles that reflects its angular momentum. 

Relevance of Angular Momentum and Precession 

While MRI relies upon the detection of the cumulative signal generated from all protons 

in a given region of interest, including subatomic interactions, by understanding how a 

single proton interacts with an external magnetic field the macroscopic effect becomes a 

direct extension.  Basic electromagnetic field theory demonstrated that a rotating charge 

creates an electric current consequently giving rise to a magnetic moment,   .  This 

magnetic moment can be thought of as a tiny bar magnet.  Now, when placed in the 

presence of an external magnetic field a rotational force, or torque, acts upon    in an 

attempt to align the moment with the applied field.  However, while this discussion 

clearly suggests that a proton is nothing but a bar magnet, subatomic particles also exhibit 

a property known as spin angular momentum.  When coupled with a magnetic moment, 
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this quantum mechanical process alters the ‘classical’ motion of    in the presence of an 

external magnetic field thereby defining the fundamental physical basis for MRI. 

To form the mathematical foundation for these interactions an investigation of the 

classical mechanics need be explored.  Just as a force applied to an object produces linear 

acceleration, torque is the quantity that describes how a force induces angular 

acceleration (rotation) about some axis.  Consider the case where a force,  , is applied to 

a point of distance r away from the center of rotation, P, as illustrated in Figure 1-1.  The 

lever arm for this scenario is      and by definition is the shortest distance from 

rotation point to the external force.  Given that torque is a vector quantity and is 

perpendicular to the plane of applied force it can be defined by the cross product below. 

                    (1-1) 

 

Figure 1-1: Concept of torque about an arbitrary contour 

 

An extension to this concept exists when a magnetic field    , is applied to any current 

distribution.  Just as    induced a torque when applied to a lever arm, so too does     when 

interacting with another magnetic entity.  When equation 1-1 is integrated around the 

closed loop current path the effect of the constant external field on the net torque 
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becomes a function of the magnitude of the field as well as the magnetic moment,   .  

This can be quantified as follows. 

                          (1-2) 

Recall that angular momentum,     is defined as  

                          (1-3) 

where    is the distance from the rotational axis to the point of translational momentum,   .  

Taking the time derivative of equation 1-3 yields  

     
   

  
 

   

  
       

   

  
      (1-4) 

whereby exploiting Newtown’s Second Law and recognizing that velocity and 

momentum are parallel vectors, and as such have a cross product equal to zero, results in 

a salient relationship. 

     
   

  
                 (1-5) 

The importance of this result cannot be understated as it states that the rate of change of a 

system’s angular momentum equals the induced torque.  This implies that the change of 

angular momentum is a function of the applied external field, the generalization of which 

leads to one of the most critical parameters in MR physics, the gyromagnetic ratio [1]. 

The gyromagnetic ratio, γ, is the scalar coefficient that relates a particle’s spin to its 

magnetic moment.  As stated previously, spin is synonymous with angular momentum 

although intrinsic to a given particle.  Mathematically the expression is 
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                 (1-6) 

which was discovered through rigorous experimentation.  The gyromagnetic ratio is 

specific to a given nucleus and sets up the appropriate resonance conditions for signal 

generation.  For the hydrogen atom, the predominant nucleus of interest for most MR 

experiments,    
 

  
      

   

 
.  The topic of resonance is two-fold.  While RF 

excitation bandwidth will be detailed later; more germane to the current discussion is the 

first aspect of resonance, precession.   

Precession is the motion of the rotational axis formed by a spinning object, very similar 

to the behavior of a gyroscope.  This motion is also what occurs with sub-atomic particles 

when excited by an external magnetic field and is called Larmor precession.  

Reevaluation of equations 1-2 and 1-6 reveals a fundamental relationship.  By redefining 

torque in terms of a    and     and exploiting the gyromagnetic ratio, equation 1-5 becomes  

      
     

  
            (1-7) 

This equation describes the physical foundation for nuclear rotations in the MR 

environment.  Take the dot product of the above expression with respect to the magnetic 

moment   .   

      
     

  
                                        (1-8) 

Notice the final expression              must equal zero as the cross product of two 

parallel vectors, excluding the fact that they are equal except in magnitude, is identically 

zero.  This result yields 
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      (1-9) 

implying that the magnitude of    does not change.  Visually this is illustrated in Figure 1-

2 as the clockwise path of the magnetic moment rotation remains in a single plane 

(perpendicular to that defined by    and    ) during precession, leaving its magnitude 

unchanged.  However, what does change is its orientation.  The nature of the magnetic 

moment’s rotation with respect to time allows for the quantification of its precession 

frequency [1]. 

 

Figure 1-2: Precessional motion of the proton placed in a magnetic field 

Geometric interpretation of Figure 1-2 gives the desired result.  By determining the radius 

of the path of precession and recognizing that    is the angle subtended by    , the 

magnitude of the differential change of    is 

                        (1-10) 

Considering the previously derived result shown in equation 1-7 the magnitude of the 

change of the magnetic moment can also be expressed as  

                                  (1-11) 
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Equating these two expressions and solving for the angular frequency, or rotation 

rate 
  

  
 , gives the critical precession frequency known as the Larmor frequency for any 

particle, nucleus, or atom exposed to a constant external magnetic field. 

               (1-12) 

This equation generally referred to as the Larmor equation dictates the required frequency 

of applied RF pulses, as well as receiver bandwidth, central to the generation and 

collection of biological signals of interest [1]. 

With the brief classical description of the physical properties governing nuclear 

precession, it becomes important to extend the discussion to a quantum mechanical level.  

At this stage, the distinction between the typical orbital angular momentum (which has 

been the focus of the ‘classical’ derivations) to the intrinsic property of all sub-atomic 

particles known as spin angular momentum will become evident.  The phenomenon of 

spin angular momentum is unique to elementary particles and is critical to understanding 

their rotational properties that cannot be explained by standard orbital techniques alone.  

In quantum mechanics parameters are defined by quanta, much like what is done in the 

digital domain.  The amount of energy required for some physical interaction is 

discretized into well-defined integer or half-integer states expressed in terms of Planck’s 

constant,  .  Once divided by    (  
 

  
),   becomes the metric for angular momentum 

[1, 2]. 

To understand the basis for a particle’s intrinsic angular momentum it is critical to study 

the physical rationale for attributing such a phenomenon to the quantum mechanical 
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workings of nuclear masses.  In 1921, Stern and Gerlach presented experimental evidence 

to support the state quantization of spin angular momentum.  Figure 1-3 shows the setup 

for the experiment. 

 

Figure 1-3: Stern-Gerlach experimental setup 

By accelerating a beam of silver atoms through a non-homogenous magnetic field, it was 

discovered that the silver atoms could only assume certain directions in space.  These 

directions correspond to ‘spin up’ and ‘spin down’ orientations and proved the discrete 

nature of a particle’s magnetic moment.  This allowed for additional knowledge 

regarding rotations of quantum states, central to the generation of MR signals [2-4].   

Mathematically, the Stern-Gerlach experiment demonstrated that any particle with a 

measureable    that is accelerated through a magnetic field gradient is deflected by the 

classical force equation 

                      (1-13) 

while also experiencing the torque induced precession described above.  Given the spatial 

dependence of the magnitude of     and the negligible changes in the direction of    , 

particularly when averaged over time, the projection of    onto     is constant.  Equation 1-

13 can thus be modified to 
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         (1-14) 

where    represents the magnetic field gradient oriented along the z-axis [1].  Field 

gradients play a critical role in MR as they allow for the spatial encoding of information.  

This will be explored in much detail later. 

Angular Momentum Operator L 

The quantum angular momentum mirrors the classical definition outlined in equation 1-3.  

Restated in terms of typical quantum operator notation, the equation becomes 

               (1-15) 

The momentum operator p is represented as  

                (1-16) 

and is derived through the manipulation of the plane wave solution of the Schrödinger 

Equation.  In general terms this equation is  

       
        

  
             (1-17) 

where H is the Hamiltonian operator and        is the time dependent wave function of a 

particle within a quantum system.  If the Hamiltonian operator, H, is expanded in terms 

of its kinetic and potential energies and substituted into equation 1-17 the explicit 

representation of the Schrödinger Equation becomes 

     
        

  
  

 

  
                             (1-18) 

with a generalized solution of  
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                              (1-19) 

The vector     in the plane wave solution maintains the same direction as wave 

propagation with magnitude  

  
  

 
 

giving rise to the de Broglie relation 

                 (1-20) 

Consider taking the gradient of the plane wave solution depicted in equation 1-19.  

Assuming a three dimensional basis set represented by                         and expressing     in 

terms of the de Broglie relation, the gradient becomes 

                
        

  
          

        

  
         

        

  
  

                                                                            

                  
 

 
                                     

 

 
         

This implies that the momentum operator, p, must equal      as shown above.  With an 

explicit definition of p it becomes germane to evaluate equation 1-15 more thoroughly.  

Taking the cross product yields 

       
                   
   
      

                                                   

where  



 

14 
 

             

             

             

With these relations for orbital angular momentum it becomes relevant to express the 

commutation relations.  As the relations hold for spin angular momentum as well and are 

important for later discussions they will be investigated.  The commutator for two 

operators A and B is defined as  

            

To start, it is critical to establish the commutation relations between the momentum and 

position operators in coordinate representation.  One will be done to demonstrate 

procedure.   

                                             

                                        
 

 

 

  
            

 

 
 

 

  
      

 

 

 

  
         

                 
 

 
  

     

  
 

       

  
  

 

 
  

     

  
       

     

  
  

                                         

This implies that  

          

The other canonical commutation relations follow in the same manner and yield 
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All other commutation relations involving momentum and position are identically zero.  

This fundamental result aids in the derivation of the commutation relations for orbital 

angular momentum, the results of which are cyclically permutable [1-4] 

             

             

             

  

Relaxation Rates  

At room temperature the thermal energy scale, kT, dominates a proton’s spin energy.   

This implies that there exists only a small energy advantage for a proton to be aligned 

with the main magnetic field,     .  However, given the abundance of protons that exists 

within the body (Avogadro’s number) a greater number of protons tend to align in the 

parallel direction relative to its anti-parallel counterpart allowing for a measurable 

equilibrium magnetization,   .  It is common practice to perturb this equilibrium 

magnetization in MR experiments to initiate communication between spins and detection 

hardware.  The presence of the static field still forces the recovering magnetization vector 

to equilibrium governed by a longitudinal growth rate known as   .     regrowth reflects 

the quantum mechanical processes between the protons and their surroundings (lattice) 

and is also referred to as spin-lattice relaxation.  Simply stated it is the time it takes a 

given tissue type to recover 63% of its equilibrium magnetization, the formulation of 

which is shown soon.   
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Central to the study of spin-lattice relaxation is the Zeeman effect.  This phenomenon 

describes the process of energy level splitting when magnetic moments are exposed to an 

external field and is depicted in Figure 1-4.  Intuitively it can be seen that as the 

longitudinal regrowth is concerned with the magnetization along the    direction, local 

spins can experience one of two possible energy states; that state corresponding to being 

aligned parallel with the applied, static field or anti-parallel [1]. 

 

Figure 1-4: Zeeman effect where m is the magnetic quantum number 

 

Bloch Equations(Static Field Solutions) 

In an effort to understand the behavior of the longitudinal magnetization vector involved 

with MR signal generation, one must first define the parallel and perpendicular 

components of this magnetization with respect to the main magnetic field   .  Since the 

   field is oriented in the z direction, the longitudinal, or parallel, component of 

magnetization is simply  

       

  

While the transverse, or perpendicular, component is a combination of the x and y 

magnetic contributions 
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                        (1-21) 

The overall change in magnetization is described by 

     
     

  
                 (1-22) 

Evaluating equation 1-22 with respect to its longitudinal and transverse components 

yields  

      
   

  
      (1-23) 

and 

     
      

  
                  (1-24) 

It is important to note that these equations assume that the spins are not interacting with 

each other, which is inaccurate.  To account for proton interactions requires the addition 

of decay parameters, T1 and T2.  For equation 1-25, the growth rate is inversely 

proportional to the difference between the equilibrium magnetization and its longitudinal 

component. 

     
   

  
 

 

  
           (1-25) 

By solving this 1
st
 order differential equation, the longitudinal magnetization is modeled 

as a function of time 
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      (1-26) 

The transverse magnetization (equation 1-24) is modified in a similar fashion by 

subtracting the decay rate term from the differential equation.  This term depicts the 

exponential decay of the transverse magnetization as spins dephase.  This is outlined in 

equation 1-27. 

                         
  

      (1-27)                                             

The equations describing the magnetization of spins due to interactions with an external 

field as well as each other can be combined to form the Bloch Equation as shown below. 

   
     

  
              

 

  
          

 

  
        (1-28) 

This equation classically models the magnetization process for static fields [1].  The only 

caveat is that in order for it to hold, the external field must be oriented along the z-axis 

(            .  Under this assumption one needs to solve for the magnetization under a 

constant field.  Expanding the cross product from equation 1-28 and substituting our 

expression for        yields  

                                                              

Recognizing the orthogonality of the basis vectors and that        gives 

                            

The resultant component equations are therefore  
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The magnetization solution along the z-direction is trivial and can be solved using an 

integration factor, I(t). 

  
  

  

  
 

  

  
       

 
  

 
 

 
 

  
       

 
  

  

 

 

    
  

  
 

 
  

 

 

 

   

      
 

  
        

  

  
    

 
  

     

Dividing through by  
 

  
 

 provides the desired solution 

                 
  

  
         

  
  

    (1-29) 

More complicated are the solutions corresponding to the transverse magnetization.  Given 

that the transverse magnetization components form a system of linear differential 

equations the Laplace transform can be applied for ease of analysis.   
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Solving for       and substituting it into the expression for       yields the following: 

      
             

   
 
  

 
         

 

  
     

             

   
 
  

 
 

       

 

        
 

  
  

  
      

   
 
  

 
       

       

   
 
  

 
         

 

  
 

 

   
      

         
 

  
          

         
 

  
 

 

   
           

 

  
           

Divide through to solve for       and take the inverse Laplace transform.  The key 

recognition is that the resultant terms are standard trigonometric Laplace pairs time 

shifted by
 

  
. 
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 (1-30) 

The same procedure can be repeated to solve for       and taking the inverse Laplace 

provides the final magnetization solution for static fields. 

               
        

 
  

 

   
 
  

 
 

   
 

 
       

   
 
  

 
 

   
 

  

       
  

  
                                  

 (1-31) 

The full set of solutions may now be completely described  

             
  

  
         

  
  

   

       
  

  
                               

        
  

  
                               

Rotating Frame 

A final consideration that needs to be addressed relates to the definition of a reference 

frame.  There exists two reference frames; the laboratory reference frame and the rotation 
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reference frame with the distinction between the two intuitive.  The conventional 

laboratory reference frame is a right-handed Cartesian coordinate system with the thumb 

pointed in the direction of the main static magnetic field B0.  However, when the 

transverse plane rotates about the z-axis it creates a rotating coordinate system.  Given 

the nature of spin precession, which rotates about a magnetic moment at the Larmor 

frequency (equation 1-12), magnetization calculations can become increasingly 

cumbersome depending on how the nutation of protons is perceived.  When viewed from 

the rotating frame perspective these spins appear static, making analysis and 

interpretation of MR phenomena significantly easier.  Mathematically the relationship 

between the laboratory and rotating frames can be described by first defining an arbitrary 

vector r (t) in both systems.  

                                                       

                                                       

As the reference frame rotates about z-axis it is clear that 

            

with the other axes related by  

                                  

                                  

which can be expressed in the following matrix formulation 
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         (1-32) 

Switching back to the laboratory frame simply requires multiplying the rotated vector 

elements by the transpose of the rotation matrix,    [5]. 

The calculations above that described magnetization characteristics in all three 

orthogonal directions were performed using the rotating frame. 

Imaging Sequences 

With an understanding of the physics behind how an MR signal is formed, the process of 

generating, interpreting and displaying that information in a meaningful manner is 

described in the section below.  In its simplest sense, an MR pulse sequence is a series of 

RF pulses and gradient pulses that are applied during a scanning session.  The manner in 

which these pulses are applied in a controlled manner ultimately dictates what tissue type is 

emphasized.  For the purpose of this section only the spin-echo (SE) sequence is discussed.  

The SE sequence is the most basic sequence used in MR imaging and serves as the basis 

for many more advanced acquisition methods.  As previously described, in the presence of 

an external field the net magnetization of spins in the body align parallel or antiparallel.  In 

a SE sequence, initially a 90
o
 RF pulse typically referred to as the excitation pulse is 

applied to tilt the longitudinal magnetization into the transverse plane.   

 

 

The following imaging sequences, diffusion, and DTI sections are excerpts from a directed research 

project completed by Barakat and Conklin in December 2009 under the guidance of Feroze Mohamed, 

Ph.D in preparation for a doctoral degree.   
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While initially in phase, the spins begin to precess about B0 at different frequencies 

resulting in a loss of signal, called the free induction decay (FID).  The SE sequence can 

compensate for this loss of signal by applying a 180
o
 RF pulse to refocus the spins. Doing 

this provides maximum signal with the time between the application of the 90
o
 pulse and 

maximum signal generation called the echo delay time (TE).  It is important to note that 

any number of 180
o
 RF pulses can be applied consecutively to create an echo, but the 

signal will decay according to the T2 characteristics of the tissue [6].  A SE sequence 

diagram in shown in Figure 1-5. 

 

Figure 1-5: Standard SE sequence.  Note the tri-lobed structure of the slice select gradient straddling the 

refocusing pulse.  Crusher gradients are used to offset unwanted transverse magnetization due to an 

imperfect 180
o
 pulse [5]. 

 

Another technique that can be used to probe different contrast mechanisms is the gradient 

echo sequence (GRE).  It also holds great utility as a fast scanning acquisition scheme 

ideally suited for vascular imaging, which includes Magnetic Resonance Angiography 
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(MRA) and Blood Oxygenation Level Dependent (BOLD) imaging to name a few.  

Unlike the SE sequence no refocusing RF pulse is required to generate an echo, rather, 

gradient reversal along the frequency encode axis is sufficient.  Applying a prephasing 

gradient lobe induces phase incoherence that is reversed by pulsing another readout 

gradient of opposite polarity.  The echo is formed when the area of both the rephasing 

and readout gradients are equal as illustrated by the blue shaded regions in Figure 1-6.  It 

is also important to mention that the RF excitation pulse of a GRE sequence is typically 

not 90 degrees, but some other angle α.  A smaller flip angle does not project the 

longitudinal magnetization completely onto the transverse plane leading to a shorter 

repetition time for faster acquisitions.  GRE sequences also employ spoiler gradients 

(shown in purple in figure 1-6) to spoil residual transverse magnetization prior to the 

delivery on the next excitation pulse.  This is important as any residual signal can create 

undesirable image artifacts.  Concurrent spoilers played out on multiple axes also help to 

reduce overall imaging time.  Gradient echo acquisitions are also more sensitive to 

magnetic susceptibility differences compared to the SE counterpart [5]. 
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Figure 1-6: Gradient Echo (GRE) pulse sequence diagram 

 

Echo Planar Imaging (EPI) sequences are used for rapid acquisition.  This is important 

for applications such as BOLD imaging as the transient physiological changes induced by 

neural stimulation must be captured in the shortest allowable time while still allowing 

tracking the BOLD effect on MR signal.  The sampling rate of EPI provides the temporal 

resolution needed to accurately interpret the observed changes.  While built upon the 

same principles of SE and GRE in terms of echo generation, EPI is different from simple 

SE/GRE sequences in the manner in which its spatial encoding gradients are applied.  

Since EPI is a fast scanning technique it requires very high performance gradients that 

allow for rapid on-off switching.  This enables the acquisition of an image (i.e. filling the 

k-space) after the application of a single RF pulse, called single-shot EPI, commonly 

used for BOLD acquisition.  In single-shot EPI all k-space lines are filled by constant 
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gradient oscillations (blips) thereby producing multiple gradient echoes in a single 

acquisition. The blipped nature of the phase encode gradient also ensure that each echo is 

placed on its own unique line in k-space.  A multi-shot EPI sequence is also used where 

the filling of k-space can be broken up into segments.  This technique places less stress 

on the gradients while also reducing phase error accumulations.  However, it takes longer 

than its single-shot counterpart and is more susceptible to motion related artifacts [5].   

The EPI sequence shown in Figure 1-7 is the gradient echo variant where the MR signal 

is obtained through the free induction decay (FID).  This is the preferred choice of 

acquisition scheme in BOLD imaging studies due to the inherent T2* weighting that is 

central to the GRE sequence.  It is important to mention that although T2 contrast will be 

present, as spin dephasing in the transverse plane is unavoidable, the inherent sensitivity 

that GRE possess to local field inhomogeneities ensures that T2* processes prevail.   
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Figure 1-7: Echo Planar Imaging (EPI) pulse sequence diagram 

 

Applying EPI to diffusion imaging requires the addition of a pair of diffusion gradients to 

be applied before and after the 180
o
 pulse.  By dephasing the protons one can eliminate 

signals caused by diffusing protons and thus relate the signal attenuation to apparent water 

motion.   A diffusion weighted SE sequence is presented in Figure 1-8. 
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Figure 1-8: Diffusion weighted spin echo sequence.  The shaded portions of the pulse diagram are the 

diffusion gradients which can be applied in any of the principal directions.  DTI requires more diffusion 

gradients (a minimum of 6) [5]. 

 

The diffusion gradients are shaded in the above image and can be applied to monitor the 

diffusion of molecules in the desired direction [5].  To extend this concept to DTI one must 

apply a minimum of six gradient pulses, 3 along the standard x, y, and z directions and 

another three corresponding to the off-diagonal entries in the 3D tensor.   The next section 

introduces the mathematics behind diffusion weighted imaging, including a description of 

how to apply the aforementioned gradients. 

Now that a signal is received, how does one interpret that information?  The answer lies in 

the use of gradients for spatial encoding.  Inspection of Figure 1-8 shows that a series of RF 

pulses are applied in addition to those used for excitation and refocusing.  These pulses are 

called gradients and by introducing known inhomogeneities in the magnetic field, typically 

in a linear fashion, it becomes possible to distinguish where each signal component 
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originates.  This is accomplished by ensuring that each point along the imaging region is 

assigned its own resonant frequency.  The three gradients applied along each axis, which 

may vary depending on the desired slice orientation, are the slice-select gradient, the 

frequency-encoding (readout) gradient, and the phase-encoding gradient.  Each of these 

gradients performs a specific function critical to the interpretation of the received signal. 

To image a particular portion of the body one must specifically target the spins local to that 

region.  This is done with the slice-select gradient.  Turning on the slice-select gradient 

during the application of the excitation pulse ensures that only the spins within the desired 

slice are saturated.  However, to get the spatial information corresponding to the x and y 

direction within that slice requires the use of the other two gradients.  Assume that the 

frequency gradient is applied in the x direction.  Once the echo is formed the frequency 

gradient is activated.  This effectively alters the rate of spin precession, giving each 

‘column’ of spins its own unique frequency.  Application of another gradient in the phase-

encoding direction provides a unique phase shift for each ‘row’ of spins.  This is illustrated 

in Figure 1-9.   
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Figure 1-9: Spatial encoding scheme achieved through application of phase and frequency gradients.  By 

applying a linear gradient in the y-direction we induce a phase change which provides a unique phase for 

each row of ‘pixels’.  A similar gradient is applied in the x-direction thereby giving each column of ‘pixels’ 

its own unique precessional frequency.  This enables for signal differentiation within the scanning region 

[6]. 

These three gradients provide a unique value for each pixel within the selective slice that 

provides the necessary spatial information.  This spatial information is sampled and stored 

in a matrix, called the k-space.  Simply stated, the k-space of an image is represented in the 

spatial frequency domain that has been scaled to form a symmetric matrix.  Each row of the 

k-space contains the information specific to a given phase-encoding gradient.  Taking the 

inverse Fourier transform of this data yields the desired image.  This concludes the detailed 

description of the signal generation in MR.  The sections to follow will investigate and 

discuss the diffusion process and how it is measured with MRI in a biological system. 
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Diffusion 

Molecular diffusion refers to the constant, thermal and random motion (also called 

Brownian motion) of molecules.  This phenomenon was first observed by Robert Brown 

who reported that particles, in both live and dead matter, move randomly without any 

apparent cause at temperatures above zero degrees Kelvin [7-9].  An example commonly 

used for illustration of this concept is placing a drop of ink in a glass of water.  The ink 

molecules slowly diffuse throughout the water in a random fashion. An illustration of this 

concept is shown in Figure 1-10.   

 

Figure 1-10: The random motion of particles in water as observed by Robert Brown [9]. 

 

The physical law governing this natural phenomenon is called Fick’s law (equation 1-33).  

The law states that differences in solute concentration in a medium leads to the net flux of 

solute particles from high concentration regions to low concentration regions.  

                (1-33) 
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Where J is the net particle flux (vector), D is the diffusion coefficient expressed in 

units 
  

 
 , and C is the particle concentration. The minus sign indicates that the particle is 

moving in the direction of decreasing concentration, as shown in Figure 1-11. The diffusion 

coefficient (D) is an innate property of the medium. Its value depends solely on the size of 

the particle, the temperature and structure of the environment. 

 

 

Figure 1-11: Fick's law postulates that diffusive flux of molecules, on average,  

goes from high concentration regions to low concentration regions [9]. 

 

Furthermore, Fick’s law may imply that when the concentration gradients are zero, there is 

no net flux and therefore diffusion stops.  However, it has been proved that even with no 

net flux, particles still move and diffusion occurs.  Fick’s law depicts that on average, there 

is no net flux in equilibrium [9]. 

This principle becomes useful for understanding the diffusion of molecules within 

biological systems.  For example, during a typical diffusion time of 50 ms, water molecules 
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move in the brain on average over 10 µm [7]. These molecules undergo different 

displacement paths. They bounce, cross, collide and interact with other tissues and 

molecules. A particle experiences about      collisions every second in a typical proton-

rich solvent like water [9]. 

Displacement Distribution 

Another key concept which describes the motion of a group of particles undergoing 

diffusion was introduced by Einstein.  Using statistical mechanical formalisms Einstein 

introduced the notion of a “displacement distribution”.  In free diffusion, provided a large 

number of molecules, Einstein came up with the prediction that after a certain time “t” a 

molecule will end up somewhere within a sphere of radius R. 

Diffusion along one dimension can be characterized by the following equation  

     
  

  
  

   

        (1-34) 

with boundary conditions 

                 

            

Taking the Fourier transform of equation 1-34 reduces the partial differential equation 

into the more manageable ordinary form.  This is detailed below 
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The above ordinary differential equation is separable and after rearranging terms and 

integrating yields 

 
   

  
         

           

Using the initial conditions provides   
 

   
.  The solution to the diffusion problem can 

be completely described in the time domain by taking the inverse Fourier transform of the 

above expression. 

  
 

   
   

 

   
          

  

  

 

The integral can be easily evaluated by method of convolution.  Two essential equations 

need be recalled. 

                          
  

  

 

                      
  

  

 

Let       
 

   
 and             .  The object is to determine the inverse Fourier, g(x), 

of      .  Recognizing that  
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yields 

     
 

       
 

   

    
 

Replacing x with (x-p) and using the definition of convolution gives the solution for the 

1-D diffusion problem. 

                
 

     
        

       

   
 

  

  

 

       
 

     
 

   

    
 

Given the separable nature of Gaussian functions the 3-dimensional solution is the 

product of 3 one-dimensional solutions.  This is shown below. 

           
 

      
 

  
 

   

    
    (1-35) 

where            . 

Determining the diffusion distribution involves finding the second central moment of the 

probability distribution function.  However, before the derivation it is critical to 

understand the evaluation of Gaussian integrals, the most basic of which is defined in 

equation 1-36.   

                 

  
    (1-36) 

Squaring both sides of this integral and using the dummy variable, y, gives 
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Converting to polar coordinates with the appropriate area element and integration bounds 

simplifies the evaluation of this integral. 

                  
             

 

  

 

 

 
  (1-37) 

Let      with        .  Using this substitution in equation 1-37 provides the 

desired solution 

      
 

 
           

 

 
      

 

 

 
 

 

 

 

 

    
 

 
 

This fundamental result will aid in the evaluation of the typical Gaussian diffusion 

displacement representation.  Statistically, the second central moment represents the 

variance of the distribution and can is defined as  

                     

  
   (1-38) 

Notice that the expression shown in equation 1-38 is the partial derivative of      
with 

respect to a, which makes the integral  

             
 

  
     

 
  

  
  

 

  
          

  
  (1-39) 

Using the result shown in equation 1-39 yields 
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DTI 

Diffusion Tensor Imaging (DTI) is a specific technique used in Magnetic Resonance 

Imaging to quantify the diffusion of water molecules in each voxel of an image.  It is 

performed by applying field gradients which introduce linear magnetic field 

inhomogeneities to the existing pulse sequence.  Motion of molecules in the direction of the 

applied sensitizing diffusion gradients is detected as signal attenuation.   

In a biological specimen for example, the molecular displacement of water is typically 1-20 

mm, depending on the structure of the sample, temperature, and pulse sequence.  The 

applied diffusion gradients are designed so that diffusion of this degree leads to a signal 

loss of typically 10 to 90% [8].  Also, higher field strengths lead to higher signal 

attenuation.  The equation describing this signal loss is 

                  (1-40) 

         

Where b (s/   ) is the diffusion weighting factor and D (   /s) is the diffusion constant.  

It is important to note from equation 1-40 that the diffusion constant is obtained from signal 

loss and not signal intensity.  The attenuation A is a ratio of two signal intensities measured 

with two b-values.  
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Additionally, diffusion is a three-dimensional process (i.e. water molecules in a tissue do 

not move in the same direction).  This asymmetry, mostly referred to as anisotropy, could 

be caused by the presence of obstacles that constrain molecular mobility in certain 

directions.  In this case, assuming Gaussian diffusion, the molecules mean-square 

displacement per unit time is lower with obstacles than when it occurs in free water.  Thus 

when using Einstein’s equation to determine the diffusion coefficient, we obtain a 

coefficient four times smaller than in free water.  This coefficient, referred to as Apparent 

Diffusion Coefficient (ADC), is an average of diffusion in the acquired directions.  Large 

values of ADC imply movement of free water while small values indicate that mobility is 

constrained by local environment.  ADC depends of the b values, and at least two b values 

are required to calculate ADC. 

In some imaged regions, diffusion-weighted intensities are the same in all directions, 

signifying an isotropic diffusion and an equal ADC is all directions.  However, when the 

Gaussian mean-squared displacement is not the same in all directions, diffusion is 

characterized by a tensor – a 3x3 symmetric matrix, shown in equation 1-41. 

         

         

         

         

     (1-41)                                     

Each voxel has a specific diffusion tensor representing water diffusion in multiple 

directions.  A tensor is often visualized as an ellipsoid, which is a volume characterizing 

the distance that a molecule diffuses to with equal probabilities from the origin [7-10].  The 

diagonal elements of the tensor correspond to the three main axes of the scanner and 

represent a reference frame called the eigensystem. When the off-diagonal elements of the 
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tensor are zero, the tensor is said to be diagonalized, and is aligned with the scanner’s 

principle axes of measurement. The diagonal elements (   ,    ,    ) correspond to the 

eigenvalues (  ,    and    in      ) which, in turn, correspond to diffusivities along the 

principle axes of the tensor.  The orientation of these axes is given by the eigenvectors (  
 , 

  
  and   

 ).  These vectors are used to gather information about fiber orientation.  The 

principle eigenvector   
  represents the main fiber orientation within an image voxel.   

  and 

  
  are orthogonal to   

 . 

It is important to note that because the tensor is symmetric, there are only six elements to 

determine.  Therefore, for tensor estimation, the minimum number of required diffusion-

weighted images is six, in addition to a non-diffusion weighted image with a zero b-value.  

This is why the minimum number of applied gradient directions in any scan is six.  There 

are various methods used for tensor estimation (i.e. determining all the matrix elements).  

The mathematics behind tensor estimation is detailed later in this work.  

Several diffusion parameters (also referred to as DTI parameters) are derived from the 

estimated tensor.  These scalar quantities represent diffusion in each voxel and are used 

to distinguish between different tissue types.   

 DTI Parameters  

To extract information from the collected DTI data, a few parameters (scalar values and 

parametrical maps) are derived from the estimated diffusion tensor.  

Trace is the sum of the three diagonal elements of the tensor, which is equal to the sum of 

the three eigenvalues.  It is found using equation 1-42 
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                          Trace =         +          or     Trace =                             (1-42) 

Mean diffusivity (MD), in    /s, describes the overall mean-squared displacements of 

water molecules and the existence of any obstacles to diffusion.  It does not account for 

anisotropic diffusion.  Dividing the trace by three yields the mean diffusivity which is 

given by  

                                        
           

 
      or         

        

 
       (1-43) 

 

In the case of anisotropic diffusion, several indices are calculated.   

Fractional anisotropy (FA) is the most commonly used anisotropy index.  It is a unit-less 

parameter which characterizes the degree (or magnitude) of anisotropy, or how the 

molecules displacements vary in space.  In the same manner the magnitude of a vector is 

calculated (i.e. summing the squares of its components), the magnitude of a tensor is 

calculated by summing the squares of its eigenvalues.  In the ideal case of diffusion 

occurring along one direction, a maximum FA value of one is expected.  In gray matter for 

example, a low FA value is measured because the medium is isotropic (not organized in 

fibers as in white matter).  FA is calculated by the following equation:  

                                            
                           

     
    

    
  

                                                   (1-44) 

where                                                        
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Volume ratio (VR), in    /s, is the ratio of the ellipsoid volume to the volume of a sphere 

of radius λ.  VR ranges from one (isotropic diffusion) to zero and calculated by  

                                                            
      

               (1-45) 

Relative anisotropy (RA), in    /s, represents the ratio of the anisotropic part of 

diffusivity to its isotropic part. RA varies between zero (isotropic medium) to    

(anisotropic medium).  

                                         
                        

   
  (1-46) 

Finally it is worth noting that the DTI parameters mentioned above represent the overall 

diffusion (isotropic and anisotropic) in an ellipsoid-shaped tensor where           .  

They do not provide any information on the ellipsoid shape where          or 

        .  In order to characterize the tensor’s ellipsoid shape , three other indices are 

used [9]:  

Linear anisotropy coefficient (Cl) describes the linearity if the ellipsoid, and is defined by 

                                                               
       

  
                                                       (1-47) 

Planar anisotropy coefficient (Cp) is used to find how planar the tensor ellipsoid is 

                                                               
        

  
                                                  (1-48) 

Spherical anisotropy coefficients (Cs) shows the ellispsoid’s spherical characteristics, and 

is determined by the following equation 
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      (1-49) 

 

Since the early 1990s, MR imaging has benefited from the use of diffusion imaging.  The 

quantitative characteristic of DTI allows the differentiation between physical properties of 

tissues. It can, for example, assess the relationship between tumors and neighboring white 

matter tracks.  

In the brain, DTI is already a reliable and well established method to determine 

abnormalities and monitor treatment response.  The most successful application has been 

brain ischemia [7-9, 11, 12] after the discovery that water diffusion drops at a very early 

stage of the ischemic event.  Applications to other brain diseases have been shown as well.   

Outside the brain, diffusion imaging is more challenging because of strong motion artifacts.  

However, studies reported the success of DTI to characterize different tissues of a spinal 

cord, and demonstrate changes in diffusion characteristics along injured spinal cord [13-

15].  The unique structure of the spinal cord and the linear alignment of the axonal fibers 

strongly show the efficacy of DTI to monitor white matter, and separate white and gray 

matter.  Other studies are being successfully conducted for breasts and extremity muscles 

and the heart [16-18]. 

As previously stated, a diffusion-weighting sequence is designed by making an MR 

sequence sensitive to water molecule movements.  Sensitization is performed by applying 

field gradients which cause signal attenuation.  While this is the main characteristic of a 

diffusion sequence, it is also its greatest challenge.   
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MRI is well known as being highly sensitive to physiological motion. Therefore, one of the 

main difficulties encumbering the clinical use of DTI is the control of motion-related 

artifacts.  This type of artifacts is caused by random patient movement or pulsating periodic 

movements of blood vessels, CSF flow and cardiac/respiratory motion.  

Patient movement refers to the voluntary or involuntary translation and rotation of the head 

and/or body (e.g. coughing, breathing, and swallowing).  This artifact causes blurring of the 

image.  Several methods are used to eliminate or reduce this artifact; instructing the patient 

to remain still, sedation, and fast scanning.  While this type of artifact may be difficult to 

control it is easy to characterize and post-process.   

Artifacts caused by periodic motion are seen as ghosting, or smearing of data.   Fortunately, 

some of these artifacts can be reduced with appropriate hardware, MR sequences and post-

processing techniques.  Promising results have been reported by the use of cardiac gating – 

synchronizing data acquisition with cardiac motion cycle, to reduce motion-related artifacts 

[19-23].  One rationale, though, to seek an alternative method to minimize this type of 

artifacts is the desire for a shorter experiment time.  When cardiac gating is used, images 

are only acquired when cord motion is minimal (i.e. during diastole), which extends the 

experiment time.  Data averaging is also widely used on and offline to reduce artifacts and 

increase SNR.  A study demonstrated the effectiveness of selective averaging as a post-

processing technique to eliminate motion-corrupted images.  In this technique, averaging is 

performed off-line after identifying and discarding all corrupted images [24]. The 

drawback of this method is SNR loss as the number of averaged images is reduced [13, 22, 

23]. 



 

45 
 

 

Diffusion Kurtosis Imaging (DKI)  

The above discussion on DTI makes one limiting assumption when analyzing and 

interpreting the acquired diffusion sensitized data: the displacement of water is 

perfectly Gaussian in nature.  In contradistinction, Diffusion Kurtosis Imaging (DKI) 

attempts to quantify the divergence of water diffusion from the ideal Gaussian 

probabilistic model.  By measuring excess kurtosis a more thorough characterization of 

tissue complexity can be obtained as the underlying diffusion distribution can more 

accurately reflect the presence of diffusion barriers local to the imaging volume [25-27].  

This has the benefit of allowing microstructures smaller than the imaging voxel to be 

visualized.  Formally, kurtosis is defined as the shift of probability mass from the 

shoulders of a distribution to its center and tails, which is mathematically depicted below 

       
 
   

  

  
 
   

 x  

 x   
     (1-50) 

Simply stated, kurtosis is the standardized fourth central moment of a given distribution.  

The introduction of the ‘ ’ in the above expression ensures that the kurtosis of an ideal 

Gaussian distribution is zero as  2 has a value of 3 for a normal distribution [28].  Figure 

1-12 visually depicts the concept of kurtosis. 
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Figure 1-12: Gaussian distributions with varying kurtosis.  Perfectly normal Gaussian curve (K=0) is blue 

while a positive kurtosis is denoted by black dashed lines with a negative kurtosis being a dotted red curve. 

 

The solid blue curve represents a typical normal distribution where 68% of the area under 

the curve is within one standard deviation of the mean, 95% within two standard 

deviations, and roughly 99.7% within three standard deviations.  Distributions with 

kurtosis less than zero are platykurtic as illustrated by the dotted red curve above.  

Platykurtic curves as squat with short tails, like platypuses, while leptokurtic curves are 

high with long tails similar to kangaroos who lep.  A leptokurtic distribution is 

graphically shown as the dashed black line in Figure 1-12.  It is important to note that 

while this definition of kurtosis is a function of peakedness and tail weights, it is still an 

alteration of a Gaussian distribution.  As such, to preserve the scale of the distribution 

any displacement of mass from the shoulders to the tails must also precipitate a 

movement of mass into the center [28]. 

Intuitively, it should now be obvious that a higher degree of tissue structure due to the 

presence of diffusional barriers can be detailed by a leptokurtic distribution, with kurtosis 
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greater than zero.  These barriers effectively reduce the amount of displacement that 

water molecules can undergo resulting in a more peaked Gaussian curve about the center.  

A representative depiction of this can be visualized below in Figure 1-13.  For this study 

detailed in [25] a cell matrix was imaged containing various samples.  In cells A-E were 

increasing dilutions of sucrose solutions while cell F holds pureed asparagus, which is 

typically used as a surrogate for mimicking highly anisotropic anatomical structures.  The 

image on the left is a mean diffusivity (MD) map analyzed under the typical ideal 

Gaussian assumption where no interactions are modeled.  The map on the right is a mean 

kurtosis (MK) map that calculates the displacement distribution on a voxel level.   

 

Figure 1-13: MD (left) and MK (right) maps of sucrose (cells A-E) and pureed asparagus (cell F) 

 

While the MD map offers little in terms of contrast differences between samples, the MK 

map clearly highlights the cell containing pureed asparagus.  This is largely qualitative 

but does serve to enunciate how the asparagus sample has an increased mean kurtosis 

relative to the isotropic sucrose samples ( ≈0).  In theory the pureed asparagus should 
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closely mimic an isotropic sample as the highly fibrous nature of the vegetable should 

have oriented randomly upon blending.  However, given the marked increase in kurtosis 

for the essentially isotropic asparagus sample it is reasonable to hypothesize that non-zero 

kurtosis does not necessitate anisotropic diffusion.  Rather, the asparagus results suggest 

irregularly oriented barriers such as cellular compartments or membranes that could serve 

as a potential biomarker for detection of white matter abnormalities.  It has been shown 

that there is improved sensitivity and specificity in detecting developmental and 

pathological changes in the cerebrum.  DKI metrics showed increased sensitivity to 

detecting white matter abnormalities with complex fiber arrangements.  This discovery 

suggests that DKI coupled with DTI may provide complementary information for 

detection of schizophrenia [29, 30].  Similar speculation applies to isotropic mediums 

(gray matter) as well [25].   

Figure 1-14 demonstrates the improved tissue contrast between gray and white matter in 

the brain.   
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Figure 1-14: Apparent diffusion (top) and kurtosis (bottom) maps along three directions (phase, read, and 

slice) along with an averaged composite image. 

The last column represents the average apparent diffusion (top) and kurtosis (bottom) 

over the three acquisition directions.  It is readily observed that the average apparent 

kurtosis map enunciates the differences between gray and white matter more effectively 

than the idealized Gaussian counterpart [25].   

Given this discussion on DKI, it should be apparent that DWI/DTI offers information 

related to the magnitude and direction of diffusion but lacks the ability to detect 

microenvironment viscosity and/or diffusional barriers [25, 27, 30, 31].  In addition, the 

conventional diffusion tensor cannot accurately resolve fiber crossings due to its lack of 

ability to accurately characterize the diffusion process [32].  The concept of quantifying 

and characterizing the diffusion profile of different structures has been around for some 

time in the form of q-space imaging (QSI) [33, 34].  While QSI can completely detail the 

diffusion displacement of water, it lacks real clinical significance at this time due to the 

need for large imaging times and high gradient strength systems [27, 30, 35].    Recently, 
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a study investigated a q-space model of the rat spinal cord and showed that an increased 

perpendicular diffusion was not necessarily indicative of demyelination.  However, when 

an increased perpendicular diffusion was coupled with a reduced parallel diffusion it may 

be representative of axon damage [36].  This work is important in providing additional 

insights into the nature of diffusion through complex imaging and modeling schemes, 

particularly in animal models, but becomes difficult to implement when dealing with 

human clinical patients [37].  This fact is what made the contributions by Jensen and 

Helpern [25, 30] so seminal in the diffusion imaging field.  They noticed that the 

application of large gradient fields introduced signal nonlinearity in the brain 

subsequently hinting at the presence of kurtosis [26].  By incorporating the quadratic term 

of the diffusion signal expansion, it was possible to get a more complete characterization 

of the diffusion process, namely the kurtosis, while still remaining clinically feasible 

[25].   

The introduction of the kurtosis tensor in the model requires the addition of an extra b-

value, which should not exceed 3000 mm/s
2
 [27], and at least 30 gradient directions (15 

directions per b-value).  This high angular resolution is needed to characterize the 

kurtosis tensor.  As was previously stated, QSI can provide this information but the need 

for high b-values, which in turn results in lower SNR due to the more rapid signal 

dephasing process make it infeasible.  In contradistinction, DKI can be used to calculate 

kurtosis metrics as well as the orientation distribution function of the diffusion 

distribution regardless of the model used [32].  Simply stated, DKI is a refinement of DTI 

with DTI being a first order approximation and DKI being second order.  Non-zero 

kurtosis may indicate single compartment voxels with barriers or multi-compartment 
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voxels with perfect Gaussian displacements within the compartment having different 

diffusion coefficients [27].  In essence, no assumptions are made about the 

compartmental nature within voxels.  This allows for a relatively unrestricted 

investigation as to the nature of diffusion through the presence of barriers.   

The study of kurtosis has increased substantially.  Recent work has investigated DKI in 

the brain and the spinal cord and it is gaining momentum in the study of pediatrics.  

Recently a study of the spinal cord was done in multiple sclerosis (MS) patients in the 

cervical section of the cord [31].  Given that kurtosis is sensitive to structural changes in 

isotropic tissues it served as an ideal technique for looking at normal appearing tissue 

within this patient population.  It was shown that both the FA and MK significantly 

decreased with an increase in MD when comparing MS patients to controls.   Also, and 

more interestingly, both normal appearing gray matter and white matter demonstrated a 

decrease in MK in patients relative to controls [31].  Another, more recent and larger 

study of MS in the spinal cord showed similar results [38].  19 MS patients and 16 

healthy controls were scanned.  Results of the whole cord FA and MK as well as white 

matter FA and the gray matter MK were significantly decreased in patients while 

showing an increase in whole cord MD.  This study is another example of how DTI and 

DKI metrics can be complimentary and jointly used for a more thorough characterization 

of both normal appearing and pathologic tissue in MS.  

MS studies have also been performed in the brain by attempting to track diffusional 

changes in normal appearing white matter remote from MS plaques.  11 MS patients 

were age matched with 6 healthy controls.  Significant differences in MK between 

normal white matter and normal appearing white matter were seen in 3 of 24 brain region 
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RoIs, which may have demonstrated the feasibility of DKI as a sensitive technique for 

pathologic tissue in MS patients [39].   One study of particular interest to this work 

tracked age-related microstructural changes in the gray and white matter of the 

developing brain on a 1.5T scanner.  59 subjects were imaged ranging in age from birth 

to 4 years 7 months.  Upon analysis, both the FA and MK showed increases in all white 

matter regions with the progression of anisotropy having the greatest magnitude during 

the first two years of growth.  However, MK continued to increase even after the FA 

plateau.  This results is profound in that isotropic microenvironments continued to evolve 

and development even after white matter pathways were established suggesting a higher 

degree of structure in gray matter than offered by DTI [40].  A slightly older pediatric 

population was also studied.  10 healthy preschool children received DKI scans of the 

brain [41].  MK, Kax, and Krad all increased with age.  The final pediatric brain study 

involved epilepsy [42].  All children with epilepsy were confirmed with EEG monitoring 

and then performed brain DKI imaging.  15 children with epilepsy and 18 controls 

participated in this study.  It was shown again that DKI is sensitive to abnormalities in 

both white and gray matter.  There were MK differences in frontal lobe white matter and 

white and gray matter within the right parietal lobe. 

Recently, spinal cord DKI was performed on cervical spondylosis patients, which is a 

degenerative disease leading to motor and sensory dysfunction [43].  13 patients with 

cervical myelopathy were recruited to investigate microstructural changes in gray and 

white matter.  Tract specific analysis was performed but only gray matter MK showed 

any statistically significant differences between affected versus unaffected cords.  

Affected cords had an MK of 0.6  0.18 while unaffected cord had a MK of 0.73  0.13 
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with a p-value of 0.0005.  This study used an outer volume suppression (OVS) inner field 

of view technique for data collection [44, 45].  This appears to be the only published 

study that has incorporated this imaging strategy into a DKI protocol.   In contrast, this 

work incorporated a novel 2D RF spatially selective reduced field of view method along 

with view angle tilting (VAT) to reduce in plane distortions.  To our knowledge this is 

the first study to use such a pulse sequence to extract kurtosis information from the 

pediatric spinal cord. 

While this literature review has focused on DKI in the central nervous system (CNS), it is 

important to note that DKI has been applied to prostate cancer for predicting adverse 

outcomes [46], head and neck squamous cell carcinomas [47], and even the kidneys [48].  

It can be seen that diffusion kurtosis imaging has the potential to be versatile in terms of 

clinical applicability since it can yield information about the underlying micromolecular 

environment of any anatomical region influenced or governed by diffusional processes.    

 

Spinal Cord 

Understanding the principles of MRI facilitates the development of an optimized imaging 

protocol, however, additional factors need to be considered dependent on the anatomical 

structure of interest.  The focus of this investigation is the spinal cord and the following 

section details the fundamentals of this central nervous system (CNS) communication 

pathway.  The spinal cord is a narrow, tubular structure that contains nerve bundles 

originating in the medulla oblongata and terminating in the conus medullaris.  It transmits 

relevant sensory and motor signals to the brain for processing and the returns to perform 



 

54 
 

adaptive behaviors and is protected by bony structures in the vertebral column.  Figure 1-

15 illustrates the location of the spinal cord in relation to other anatomical structures [49]. 

 

Figure 1-15: Location of spinal cord in human body 

 

The spinal cord is composed of gray matter, white matter, and cerebrospinal fluid (CSF).  

Gray matter houses both the cell bodies and dendrites of neurons and glial cells while 
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white matter contains the bundles of axons oriented in tracts.  CSF is the fluid that 

surrounds these cells.   

Notice that the gray matter of the spinal cord resembles that of a butterfly shape, which 

can be divided across the midline into the dorsal (posterior) and ventral (anterior) horns.  

The dorsal horn relays sensory information into the spinal cord while its ventral 

counterpart handles motor function.  White matter tracts surround the gray matter and can 

be subdivided into dorsal, lateral, and ventral components.  Dorsal columns consists of 

axons that transit somatic sensory data to the brain stem while ventral columns deliver 

both pain and thermal stimulus as well as descending motor axons responsible for axial 

muscles and posture.  Lateral columns extend to higher levels of the central nervous 

system [50].   

Spinal Cord Injury 

Spinal cord injury occurs when damage exists to the white matter and/or myelinated fiber 

tracts that carry signals and information for sensation or motor activity from the CNS to 

the periphery.  It can also damage gray matter near the center of the cord resulting in a 

loss of motor neurons and interneurons.  Much of this damage can be attributed to 

traumatic injury from motor vehicle accidents (MVA), falls, diving accidents, gun shots 

and war injuries.  SCI, both traumatic and non-traumatic, was the focus of this study.  

The level of the spinal cord injury defines the kind of deficits that manifest in patients.  

Injuries can typically be dichotomized into complete and incomplete injury.  In an 

incomplete injury the patient retains some motor/sensory functionality below the level of 

injury in contradistinction to a complete spinal injury whereby all function is lost.  
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Knowing the level of the spinal cord injury will help predict the parts of the body most 

likely to lose function and be paralyzed.  The predominant locations are cervical, 

thoracic, lumbar, and sacral injuries.  Cervical injuries are likely to lead to full or partial 

paralysis of all extremities with higher cervical damage often requiring the use of a 

ventilator due to diaphragm paralysis. Thoracic injuries typically result in paraplegia 

where the hands, arms, head, and diaphragm often left unaffected.  Lumbar and sacral 

injuries result in decreased control of legs, urinary, and anal-rectal systems [51].  This 

current research focuses primarily on cervical spinal cord injuries in pediatric subjects.  

The next section details the methodology of this dissertation topic. 
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CHAPTER 2  

METHODS 

DTI of the spinal cord, both adult and pediatric, has been well documented [52-64].  

Given the fact that DKI accounts for intermolecular interactions one of the limiting 

assumptions of DTI can be corrected for and exploited.  These interactions are of 

paramount importance as they provide the potential to image microstructures smaller than 

the spatial resolution of the acquisition that otherwise would be undetectable with DTI 

reconstruction [25, 30].  Preliminary results were acquired using the Siemens Work in 

Progress (WIP) 585 sequence for diffusion kurtosis imaging.  Multi-Directional Diffusion 

Weighting (MDDW) is used to encode the measured diffusion and increase angular 

resolution. 

Recent work has explored the application of DKI to the cervical spinal cord [38, 65].  It 

was shown that an inverse relationship exists between conventional DTI parameters (Dax 

and Drad) and kurtosis parameters (Krad and Kax).  It is hypothesized that this is due to the 

highly structured architecture of the cord that restricts purely Gaussian displacement.  

Another study also demonstrated that DKI is well suited to characterize both white and 

gray matter abnormalities, particularly as it applies to multiple sclerosis patients [31]. 

While DKI has shown promise in terms of clinical evaluation of the cervical spinal cord, 

the aim of this work is to implement a novel reduced field FOV DKI sequence and to 

optimize the acquisition sequence in terms of scanning time and distortion minimization 

to enhance clinical applicability.  A detailed description of this technique is provided in 

the sections below.  Given the additional information provided by this imaging technique 

integration into standard clinical protocols could aid current diagnostics. 
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Subject Recruitment 

For this study a total of 20 subjects (15 controls and 5 patients with cervical SCI) having 

a mean age of 10 years and 4 months (age range: 6-16) were recruited.  All subjects were 

given an extensive explanation of this imaging study including safety protocols and 

expected compliance within the scanner.  Compliance is critical in an effort to educate 

the subjects on how excessive movement can adversely affect image quality.  All subjects 

and parents were provided informed assent and consent of the IRB-approved imaging 

protocol. 

Control subjects recruited for this study were typically developing children/adolescents 

with no evidence of spinal cord pathology or traumatic injury with a mean age of 10 

years and 5 months.  10 females and 5 males made up this population.  Exclusion criteria 

included mouth hardware (braces, permanent retainers, etc.) that could induce 

susceptibility artifacts in the superior portion of the cervical spinal cord, idiopathic 

scoliosis or any other abnormality that affects the nervous and/or musculoskeletal system, 

or if the individual was unable to complete the MRI exam without sedation due to 

claustrophobia or anxiety.  In the event of incidental findings on anatomical scans, the 

reviewing neuroradiologist would contact the family and facilitate the appropriate 

medical consultations. 

The SCI patients for this study were recruited if they had chronic cervical or thoracic 

injury without a history of neuromuscular impairment, were free of spinal 

instrumentation or any external metal fragment (ie. bullet) in the cord, or were reliant on 

mechanical ventilation systems.  The mean age for SCI patients was 10 years and 1 
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month old (4 males and 1 female).  In a similar fashion to the control subjects, SCI 

patients were excluded if their injury is not chronic, had a pace maker or other 

implantable electrical stimulation device near the injury site, were suspected of having 

suicidal ideations or showing manifestations of conversion disorders, or were unable to 

lay supine for durations longer than 45 minutes.  In addition, all the aforementioned 

exclusion criteria for control subjects applied to patients as well.  A more comprehensive 

breakdown of the subject pool is shown in Table 2-1. 

Table 2-1: Subject pool breakdown for DKI study 

Subject 

ID 

Group enrolled Age at 

Enrollment 

Sex Age at 

Injury 

Etiology 

0101 TD 13.3 F   

0102 TD 13.9 F   

0103 TD 14.2 F   

0104 TD 10.6 F   

0106 TD 10.8 F   

0108 TD 8.4 F   

0110 TD 11.7 M   

0111 TD 9.11 F   

0112 TD 6.7 M   

0113 TD 11.7 F   

0116 TD 7.11 M   

0117 TD 16.4 F   

0119 TD 6.5 M   

0120 TD 10.5 M   

0121 TD 6.4 F   
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0115 SCI 9.2 M 1.9 years Non-traumatic: Transverse 

Myelitis 

0201 SCI 11.1 M 4.9 years Traumatic: MVA 

0206 SCI 8.1 F 3.8 years Non-traumatic: Transverse 

Myelitis 

0207 SCI 13.8 M 6 months Traumatic: other 

0208 SCI 8.1 M 2.1 years Traumatic: MVA 

 

Image Acquisition 

Given the inherent limitations with acquiring functional data on the spinal cord, a 

specialized acquisition sequence needed to be optimized.  As previously discussed, echo 

planar acquisition schemes are ideal for functional techniques such as diffusion imaging 

due to the single-shot nature of its k-space filling.  In essence, EPI acquisitions can 

acquire whole volumes in a single TR making them extraordinarily fast imaging 

techniques.  This in turn leads to a reduction of motion related artifacts while providing 

large volume coverage per time of acquisition.  However, EPI suffers from geometric 

distortions due to magnetic field inhomogeneities as well as susceptibility differences 

between adjacent anatomical structures which adversely affect the spatial resolution.  As 

these distortions manifest due to accumulated phase differences along the echo train that 

are indistinguishable from the modulation needed for spatial encoding, increasing the 

gradient blips along the phase encode direction can mitigate these distortions [66, 67].   

The result is a need for reduction in the field of view in the phase direction which can be 

achieved through the use of a 2DRF excitation profile.  Figure 2-1 shows the pulse 

sequence diagram. 

Table 2-1, continued 
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Figure 2-1: Pulse sequence diagram for a diffusion based inner field of view EPI scheme. 

 

This inner field of view sequence was implemented on a 3.0T Siemens Verio MR scanner 

and optimized for both signal and scan duration when imaging the pediatric spinal cord.  

High resolution in-plane axial diffusion weighted images were acquired to cover the 

entire cervical spinal cord (C1-C7).  Imaging parameters ideal for kurtosis imaging were: 

30 diffusion directions, b-values = [0 1000 2000] s/mm
2
, voxel size = 0.8 x 0.8 x 6 mm

3
, 

axial slice = 25, TR = 5200ms, TE = 123 ms, number of averages = 1 (with 6 B0 images), 

and an acquisition time of 5:48 min:sec.  Conventional T1 and T2 scans were also 

obtained for clinical review.  Anesthesia was not administered to the subjects in this 

study. 

Preprocessing 

With the diffusion weighted data acquired, it first needs to be rendered to ensure a quality 

tensor estimate [68].  As diffusion weighted data is analyzed at a voxel level, intrascan 

and/or interslice motion can be detrimental to the accuracy of the modeled results.  While 

the MR sequence used for this study is less sensitive to motion due to the EPI readout, 
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subject motion of more than one voxel in any direction can decrease detection sensitivity 

and alter the interpreted results.  This fact mandates the implementation of realignment 

algorithms prior to tensor estimation.  As the name suggests, realignment is a process that 

ensures a proper voxel to voxel correspondence between contiguous slices/levels by 

applying a rigid body transformation.  This transformation attempts to minimize the mean 

squared error between images within a given data set in a rigid body (6 parameter affine) 

fashion.  For rigid body transformations, the 6 parameters fall within 2 classes: 

translations and rotations.  Corrections need to be applied in the x,y,z directions as well 

as rotations defined in terms of pitch, roll, and yaw, which are representative of subject 

induced movement (i.e. sliding down the receive coil, turning to the side, etc.) [69].   The 

generated plot resulting from the realignment step is a critical quality assurance step as 

excessive motion may be difficult to correct subsequently leading to minimal 

improvement of tensor estimates. 

After realignment of the diffusion weighted data, the next step is coregistration.  

Coregistration is a technique capable of mapping volumes of different contrast 

mechanisms to one another, in this case diffusion weighted EPI volumes to non-diffusion 

weighted volumes (B0).  This between ‘modality’ form of registration is critical for tensor 

estimation schemes as both diffusion and non-diffusion information is needed for the 

calculation.  Unlike realignment, registration relies on signal data derived from different 

mechanisms and cannot be performed in the same manner.  Therefore it is necessary to 

maximize the mutual information between the two volumes through histogram analysis.  

In the context of this work, the mean B0 volume is coregistered to the diffusion weighted 

data to ensure accuracy of the calculated results.  It is important to note that 6 B0 volumes 
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were acquired for each data set and averaged to generate the template for coregistration.  

This was done by aligning the 6 volumes and then averaging in a voxel by voxel sense to 

create a composite image.  This maximizes the signal to noise ratio (SNR) while also 

smoothing out spurious signal spikes.  Figure 2-2 illustrates this. 

 

 

Figure 2-2: Calculation of mean B0 image 

 

Kurtosis Tensor Estimation 

After preprocessing of the diffusion dataset to correct for motion and coregistration to the 

non-diffusion sensitized volume, estimation of the kurtosis tensor was performed.  

Confounding factors such as noise, motion, and the subsequent image artifacts that can be 

introduced while scanning the spinal cord as well as the inherent issue associated with 
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scanning a pediatric population can adversely affect the quality of the estimation.  

Subsequently, tensor estimates can fall outside the range of what is considered 

biologically and/or physically feasible.  By constraining and discretizing the kurtosis 

expression shown in equation 2-1 a substantial improvement in tensor estimation can be 

achieved.  The scheme is mathematically detailed below as outlined in [70]. 

As stated previously, by including the quadratic terms of the Taylor expansion of the 

diffusion model it becomes possible to relate the acquired signal to the kurtosis tensor.  

Understanding that the tensors D and K shown in equation 2-1 are nothing more than 

functions of ordered sets of gradient combinations, it becomes possible to reduce these 

tensors to a discrete form.  This is shown below. 
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where nd is the gradient magnitude associated with axis d for a given direction  and Dij 

and Wijkl are the diffusion and kurtosis elements, respectively.  Each the diffusion and 

kurtosis tensors can be calculated in the following fashion. 
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where    is the mean diffusivity and can be expressed as  

   
 

 
    

 

   

 

These tensor elements must also satisfy several conditions to ensure that physical and 

biological constraints are met. 

1) Non-negative definiteness:         

Geometric kurtosis limitations in tissue: 

2)                   

 

3)         
 

        
       

 

Upon discretization of the kurtosis expression and system constraint formulation the next 

step is to linearize the problem and determine D and W such that the error is minimized 

between the acquired log signal ratio and its approximate DKI solution (represented as 

the RHS of equation 2-2).  This can be achieved by considering the problem as a 

constrained linear least squares optimization taking the following form. 

                        (2-3) 

               



 

66 
 

with  

  

 
 
 
 
      

    

 
  

   
   

  

     
    

 
  

   
   

 
 
 
 
 

 

M is the number of nonzero b-values, row denoted by ‘k’ 
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Kmin was chosen to be zero in order to ensure an exact formulation of the optimization 

problem shown in equation 2-3.  The output, X, of this linear least squares fit takes the 

form of a 21x1 vector containing the independent tensor elements.   

                                                                                                 
  

A simple change of variable was applied to facilitate a linear least squares approach. 

               

The output of the linear least squares fit described above gives a sufficient estimate of 

both the diffusion and kurtosis tensors but inherent signal variability can adversely affect 

the accuracy of the calculated results.  Signal variability in diffusion imaging is 

introduced not only through thermal noise and system instability, but also spatial and 

temporal artifacts commonly referred to as physiologic noise.  Physiologic phenomenon 

such as CSF flow, cardiac pulsation, and subject motion will precipitate in signal 

perturbations that manifest as data outliers.  These outliers can and will alter the modeled 

results with the potential to give an unrealistic characterization of the diffusion profile for 

a given imaging region.  Physiologic noise has no known parametric distribution, unlike 

Gaussian modeled thermal noise, and as such is handled through robust estimators.   

Robust estimation of tensors by outlier rejection (RESTORE) is an iteratively reweighted 

least squares formulation that attempts to eliminate outliers through weighting out data 

points with large residuals [71].   This is of particular importance for spinal cord imaging 

due to the close proximity to the heart and lungs.  Figure 2-3 details the decision tree 

involved for a typical RESTORE algorithm.   
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Figure 2-3: Decision tree for the interative reweighted RESTORE outlier scheme. 

 

The initial constant weight linear fitting procedure was explained previously.  Upon 

initial estimation of the independent diffusion and kurtosis tensor elements, a goodness of 

fit check is performed to ensure that the data fit is as accurate as possible.  Typically a 

global threshold is set to ensure that the calculated tensor elements fall below  σ where σ 
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is the standard deviation of the background noise.  However, it was decided that using a 

more local, adaptive thresholding approach would facilitate a more accurate fit. Equation 

2-4 the tolerance for acceptance was defined as  

     
     

  
     

     

  
   (2-4) 

This ensures that the diffusion weighted signal at a particular voxel falls within 3 

standard deviations of the background noise and it inherently assumes that the variance of 

the diffusion weighted signal is significantly less than the variance of the non-diffusion 

weighted acquisition.  If the condition in equation 2-4 is satisfied, the tensor elements 

under question can be used to determine the final tensor maps.  If the fit is not good then 

the iterative reweighting pipeline begins.   

The first step within the reweighting process is to calculate the weights based on a simple 

residual calculation which is 

         
     

where the weighting vector can be expressed as  

  
 

     
 

and C is the median absolute deviation (MAD) that is a robust estimator and is  

                                                    

where 

                      

The weighting function is a Geman-McClure M (GMM) estimator [72] which is 

inherently less sensitive to the presence of outliers and therefore an ideal choice for 
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eliminating them from the tensor estimation.  With the GMM estimator calculated, 

another linear least square fit needs to be performed while incorporating the newly 

calculated weights.  After estimation of the tensor elements the convergence criterion is 

checked once again.  If convergence is met, and the elements fall within the 

aforementioned tolerances, the outliers are identified and removed from the final least 

square fit.  If convergence is not met, the reweighting process is repeated until either the 

maximum number of iterations is met or, as was implemented here, the weights have 

reached an asymptotic boundary.  Regardless of whether convergence is met, once the 

algorithm terminates a final LLS fit is performed and the output is used to determine the 

tensor elements for that particular voxel. 

With the tensor elements estimated the final step is to calculate the potential biomarkers 

specific to DKI.  These calculations need to be performed in a rotated frame that 

diagonalizes both the diffusion and kurtosis tensors.  The individual kurtosis elements 

can be calculated as follows. 

                                 

 

          

 

where Rij is the j
th

 component of the eigenvector of D corresponding to λi.  This 

correction allows for the calculation of the DKI metrics MK, Kax, and Krad.  The MK is 

the diffusional kurtosis averaged over all applied gradient directions.  The axial kurtosis, 

Kax, is defined as the kurtosis in the direction of highest diffusion and is given by 
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while the mean kurtosis orthogonal to the axial component  is referred to as the radial 

kurtosis, Krad, and is defined as  

                                                             

 (2-6) 

with 

             
          

 

            
     

  
       

     

  

 

             
          

 

         
 
     

     

    

These parameters were calculated for each voxel within the acquisition following the 

above linear least squares approach and the relevant metrics from the resulting diffusion 

and kurtosis maps were extracted from a region of interest targeting the whole spinal 

cord.  The next section reviews the process of the manual ROI definition. 

ROI definition 

After estimation of the diffusion and kurtosis tensors and the generation of the 

appropriate diffusion metric maps regions of interest (RoI) were drawn to extract 

information from the whole cord (both gray and white matter).  Due to the high degree of 

contrast at the cord and CSF interface, RoIs were manually drawn on FA maps at every 

axial level after being anatomically localized by a board certified neuroradiologist.  

Given the qualitative nature of the RoI definition process, every attempt was made to 

ensure that there was consistent sparing of the outer margin of the cord of approximately 

one voxel to avoid partial volume effects and CSF contamination.  This procedure was 
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followed throughout all slices for all subjects, both normals and patients with SCI.  DKI 

and DTI metrics were calculated at each disk level as well as the middle of each cervical 

vertebral body.   

Validation 

With the implementation of the kurtosis tensor estimation and outlier rejection scheme 

the next step was validation.  The Diffusion Kurtosis Estimator (DKE) software was 

developed by [70] and is arguably the standard for kurtosis estimation.  At the time, 

however, it was incapable of handling DICOM images that did not possess the 

appropriate Siemens specific sequence header format.  As such, an in-house variant of the 

software was created to support all DICOM images regardless of structure and calculate 

all the DKI estimates.   

To ensure the legitimacy of the proposed work, validation was performed on a sample 

brain data set (http://www.academicdepartments.musc.edu/cbi/dki/dke.html) acquired 

with 30 directions and 2 non-zero b-values.  Only one average was investigated.  A 

normal subject was scanned and a single slice of the acquired volume was analyzed in 

both DKE and the in-house variant where voxel values were compared on the mean 

kurtosis map.  To ensure that just the algorithm was tested, no realignment, 

coregistration, nor spatial filtering/smoothing was performed.  This ensured a focused 

comparison without confounds introduced by differences amongst preprocessing 

techniques and spatial analysis.  Figure 2-4 shows the output of both the DKE (left) and 

in-house (right) softwares. 

http://www.academicdepartments.musc.edu/cbi/dki/dke.html
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Figure 2-4: Sample brain data set comparing the DKE software (left) with the in-house variant (right). 

 

It is important to note that the major structural difference between these two images is the 

fact that the skull is missing from the in-house version.  Prior to analysis using that 

software a RoI was drawn to only include the majority of tissue within the cerebrum 

while excluding the skull and voxels outside of the imaging volume.  This was done to 

decrease computation time as no relevant information is contained within those regions. 

Three RoIs were assigned for validation.  Two regions were defined encapsulating 

primarily white matter while the third region was mostly gray matter.  The first white 

matter RoI is shown in Figure 2-5. 
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Figure 2-5: White matter RoI defintion for software validation. 

 

Table 2-2 details the mean kurtosis value at each voxel within the RoI for each of the two 

software packages.  Regions are traversed left to right, top to bottom. 

Table 2-2: Mean kurtosis values at each point in the RoI defined in Figure 2-5.  Percent errors are displayed 

using the DKE as the actual value 

 Software  

 DKE In-House Percent Error (%) 

Point 1 1.0318 1.0359 0.40 

Point 2 0.9146 0.9223 0.84 

Point 3 0.9459 0.9992 5.63 

Point 4 0.9623 0.9858 2.44 

Point 5 1.0311 0.9998 -3.04 

Point 6 0.9955 0.9935 -0.20 

Point 7 1.1134 1.0867 -2.40 

Point 8 0.9176 0.9446 2.94 
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Point 9 0.9664 0.9549 -1.19 

Point 10 1.0598 1.0609 0.10 

Point 11 0.9083 0.9381 3.28 

Point 12 0.9145 0.9408 2.88 

Point 13 0.9700 0.9418 -2.91 

Point 14 0.9235 1.0177 10.20 

Point 15 0.9608 1.0473 9.00 

Point 16 0.9757 0.9495 -2.69 

Point 17 0.9657 1.0425 7.95 

Point 18 0.9565 0.9528 -0.39 

Point 19 1.0845 0.9984 -7.94 

Point 20 0.9484 0.912 -3.84 

Point 21 1.0086 1.0852 7.59 

 

These results are summarized graphically in Figure 2-6.   

 

Figure 2-6: Bland-Altman plot for RoI 1 
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Table 2-2, continued 
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The coordinates in the Bland-Altman plot are comprised of the following information.  

Each point takes the form (
              

 
,                ) where n is the n

th
 point 

in the RoI drawn on the MK maps generated by the DKE and In-House (IH) software 

packages.  Given that the data is clustered about the zero difference line and within two 

standard deviations, it suggests that a positive agreement between the sofwares exists.  

Below are the results for the other two RoIs presented in a similar fashion.    

 

Figure 2-7: Another white matter RoI defined in a distinct brain region 

 

Table 2-3: Mean kurtosis values at each point within the defined RoI in Figure 2-7 

 Software  

 DKE In-House Percent Error (%) 

Point 1 0.9778 0.9312 -4.77 

Point 2 0.9412 0.9340 -0.76 

Point 3 1.0320 1.0168 -1.47 
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Point 4 1.0767 1.0436 -3.07 

Point 5 1.0449 1.0615 1.59 

Point 6 0.9485 0.9811 3.44 

Point 7 0.9356 0.9082 -2.93 

Point 8 0.8656 0.9243 6.78 

Point 9 1.0812 1.1144 3.07 

Point 10 1.1696 1.2275 4.95 

Point 11 1.0305 1.0791 4.72 

Point 12 1.1839 1.1700 -1.17 

Point 13 1.0046 0.9614 -4.30 

Point 14 1.0724 1.0916 1.79 

Point 15 1.1715 1.1325 -3.33 

Point 16 1.0415 1.0557 1.36 

Point 17 1.1476 1.1959 4.21 

Point 18 0.9918 1.0822 9.11 

Point 19 1.1210 1.1327 1.04 

Point 20 1.1400 1.0556 -7.40 

Point 21 1.1181 1.1277 0.86 

Point 22 1.2337 1.2292 -0.36 

Point 23 1.0609 1.0829 2.07 

Point 24 1.3187 1.2570 -4.68 

Point 25 1.0530 1.0207 -3.07 

Point 26 0.9152 0.9414 2.86 

Point 27 1.3200 1.2479 -5.46 

Point 28 1.3126 1.2817 -2.35 

Point 29 1.2669 1.1886 -6.18 

Point 30 1.1865 1.2105 2.02 

Table 2-3, continued 
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Point 31 1.2037 1.2143 0.88 

Point 32 1.0066 0.9969 -0.96 

Point 33 1.0801 0.9516 -11.90 

Point 34 1.2042 1.1724 -2.64 

Point 35 1.1722 1.1266 -3.89 

Point 36 1.2919 1.2563 -2.76 

Point 37 0.9632 1.0421 8.19 

Point 38 1.1345 1.0762 -5.14 

 

 

 

Figure 2-8: Bland-Altman plot for RoI 2 
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Table 2-3, continued 
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Figure 2-9: Predominantly gray matter RoI definition. 

 

Table 2-4: Mean kurtosis values for each voxel location in the RoI defined in Figure 2-9 

 Software  

 DKE In-House Percent Error (%) 

Point 1 0.4881 0.4757 -2.54 

Point 2 0.4667 0.4597 -1.50 

Point 3 0.5299 0.5283 -0.30 

Point 4 0.5158 0.5135 -0.45 

Point 5 0.7757 0.7716 -0.53 

Point 6 0.7444 0.7285 -2.14 

Point 7 0.6495 0.6446 -0.75 

Point 8 0.5862 0.5863 0.02 

Point 9 0.6938 0.6883 -0.79 

Point 10 0.5156 0.5154 -0.04 

Point 11 0.0000 0.1474 NaN 

Point 12 0.3445 0.2545 -26.12 
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Point 13 0.8459 0.8459 0.00 

Point 14 0.6618 0.6614 -0.06 

Point 15 0.7942 0.7968 0.33 

Point 16 0.6945 0.6917 -0.40 

Point 17 0.6768 0.7131 5.36 

Point 18 0.5581 0.5509 -1.29 

Point 19 0.5693 0.5670 -0.40 

Point 20 0.6379 0.6410 0.49 

Point 21 0.7995 0.7981 -0.18 

Point 22 0.5748 0.5676 -1.25 

Point 23 0.5244 0.5305 1.16 

Point 24 0.3535 0.3459 -2.15 

Point 25 0.3514 0.3397 -3.33 

Point 26 0.4549 0.4454 -2.09 

Point 27 0.3854 0.4013 4.13 

Point 28 0.1056 0.2916 176.14 

Point 29 0.5080 0.5016 -1.26 

Point 30 0.2693 0.2799 3.94 

Point 31 0.3881 0.3762 -3.07 

Point 32 0.4743 0.4802 1.24 

 

Table 2-4, continued 
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Figure 2-10: Bland-Altman plot for RoI 3 

 

The above plot (Figure 2-10) from the data obtained from the gray matter is interesting in 

that the dispersed nature of the data points indicates the potential for a heterogeneous RoI 

definition.  The pure white matter RoIs were clustered around a specific signal range, 

however, this RoI may contain a variety of tissue types that have adversely affected the 

dynamic range of mean kurtosis values.   While there are some values that are drastically 

different, there remains solid concordance between the two software packages, 

particularly when averaged across the RoI.  Those results are summarized below in Table 

2-5.  This process enabled the validation of the in-house developed DKI software and 

was subsequently used throughout this work for analysis of the pediatric spinal cord data. 
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Table 2-5: Summary of validation results for entire RoI 

 Software  

 DKE In-House Percent Error (%) 

 Mean Std Mean Std  

RoI 1 0.9788 0.0575 0.9909 0.0534 1.24 

RoI 2 1.1005 0.1197 1.0927 0.1082 -0.71 

RoI 3 0.5293 0.1932 0.5356 0.1745 1.19 

 

Statistics 

After definition of whole cord RoIs for each calculated kurtosis and diffusion metric map 

statistical analysis was performed between patient and control groups.  A comprehensive 

data table was created containing slice specific RoI information for MK, MD, Krad, 

Drad, Kax, Dax, and FA for each recruited subject.  A repeated measure mixture model 

was constructed looking at group differences by assigning RoI level and group 

composition as the fixed effects.  The covariance matrix was modeled as unstructured and 

repeated based on level.  This type of repeated measures analysis is advantageous as few 

inherent assumptions are made in regards to the data.  One assumption is that the data is 

normally distributed at each level for each subject.  It also assumes the level is a fixed 

effect, indicating that any differences seen between levels are the same regardless of 

which subgroup is being investigated (control/patient).  No significant level-by-subgroup 

interactions we detected.  All inferences are a direct result of the model definition and 

data structure.  This technique clusters level information by subject and takes away any 

control/patient difference by strictly considering the measurement variance as opposed to 

the entire population variance, which can be seen as analogous to the calculation of signal 
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to noise ratio.  These types of repeated measure statistical models assume no differences 

and look to see if there are differences that cannot be explained by random chance, 

making them an ideal choice for finding true differences based on initial hypothesis.   

The model for repeatability was fit by level for each metric considering the patient as the 

random effect.  This provides a maximum likelihood variance estimate of the residual 

(difference between scan 1 and 2) for the coffee break design.  Using the residual 

variance enables the calculation of the minimum detectable difference (MDD) for an 

arbitrary patient at a given level.  An alpha of 0.05 was selected thereby suggesting that 

any difference greater than the MDD has a 95% chance that it was due to a real biological 

change in the cord.  The MDD also calculates a value that is due to within subject error, 

not to population or subject differences.  This is a much more informative statistic than 

ICC as the ICC is primarily a function of sample heterogeneity and can be unusually high 

for highly variable subjects   
        

                
 .  In essence, high values can be 

meaningless in practice as the statistic is variable depending on the patients selected.  

Intuitively, this can be viewed as examining the limit of the ICC function as          

approaches infinity.  The results demonstrate that the error is orthogonal, or independent, 

of the measurement.  The next section details the results from this imaging study. 
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CHAPTER 3  

RESULTS 

The above methodology generated a series of results that help to characterize both the 

kurtosis and diffusion characteristics of the normal and injured pediatric spinal cords.  To 

highlight graphical differences between the two groups, box and whisker plots were 

created for each estimated parameter.  The first metric to be described is FA, which was 

included to ensure that the already established diffusion parameters generated by this 

algorithm are congruent with previous pediatric spinal cord work.  For all of the 

following figures the normal subject group is classified as ‘1’ and is colored red.  SCI 

patients are group ‘ ’ and are blue.  This helped to segregate the group means for ease of 

visualization.  Figure 3-1 depicts the group differences between normals and patients for 

FA.   

 

Figure 3-1: Box plot of FA values between controls and patients.  Statistically significant with confidence 

level of 0.0001. 
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It can be seen that typically developing pediatrics have a FA value of roughly 0.46 with 

injured pediatrics around 0.4.  These values were highly statistically significant with a p-

value less than 0.0001.  It is important to note that there is a large variance associated 

with the patient group which is probably a function of the relatively low sample size 

(n=5) and differences between the type of injury (traumatic/nontraumatic).  These results 

follow the trend shown in previous work [73] with patients having a lower FA relative to 

normals which is indicative of a more isotropic diffusion pattern due to disruption of 

white matter tracts.  The FA results gave additional confidence that the in-house kurtosis 

software is robust enough to provide comparable results in terms of parameters calculated 

from conventional DTI data sets. 

MK differences are shown in Figure 3-2.  Again, similar to FA, patients demonstrate a 

lower mean kurtosis in comparison to typically developing children.   
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Figure 3-2: Box plot of MK values between controls and patients.  Statistically significant with a 

confidence level of 0.0113. 

 

Controls had a mean value of about 0.9 with patients at around 0.8.  These results were 

statistically significant with a confidence level of 0.0113.  Given that MK is 

representative of the degree of structure in an imaging volume, these results offer an 

explanation that is suggestive of structural abnormalities in patients.  This makes sense as 

the closer the mean kurtosis gets to zero, the more perfectly Gaussian the diffusion 

profile becomes, which in the spinal cord could be indicative of disruption of the motor 

and sensory spinal tracts.  Of particular interest and increasing importance are the 

investigation of the radial and axial components of kurtosis and diffusion.  These 

components may aid in determining the nature and extent of injury.  The radial kurtosis, 

as previously stated, is the in-plane kurtosis component.  Figure 3-3 depicts the 

differences seen between the two subject groups. 
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`  

Figure 3-3: Box plot of radial kurtosis values for controls and patients.  Statistically significant with a 

confidence level of 0.0087. 

Normals show Krad values of about 0.82 with patients at 0.77 with a significance level of  

0.0087.  Interestingly, the radial diffusivity increasing in patients as shown in Figure 3-4. 

 

Figure 3-4: Box plot of radial diffusivity values for controls and patients.  Statistically significant with a 

confidence level of 0.0383. 
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Differences of roughly 0.2 exist between the groups with a p-value of 0.0383.  Noticing 

that radial kurtosis decreases while radial diffusivity increases for patients relative to 

controls could serve as a potential biomarker for determination of pathology and/or 

injury.  Complementary information such as this pair are of much more value than a 

single parameter itself.   

The remaining parameters show no significant differences but can help to more fully 

characterize the nature of injury.  Figure 3-5 is the axial kurtosis while Figure 3-6 depicts 

the axial diffusivity.   

 

Figure 3-5: Box plot for axial kurtosis values of control and patients 
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Figure 3-6: Box plot for axial diffusivity values of controls and patients. 

 

The lack of statistically significant differences seen for the two previous parameters may 

suggest that the axial or through-plane diffusion has not been altered as a result of injury.  

Superior to inferior and inferior to superior communication along the axons may not be 

substantially altered, but rather given the radial differences could be representative of a 

transection or shearing of the tracts at a given level due to trauma. 

The final parameter that was investigated is the mean diffusivity.  Given the lack of 

statistical significance that exists for the axial component, it is intuitive that the mean 

diffusion, which is a function of both the radial and axial constituents, is not significant 

either. 
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Figure 3-7: Box plot of mean diffusivity for controls and patients 

 

The results from the repeated measures mixed model are summarized in Table 3-1. 

Table 3-1: Summary of statistical results 

 Controls (n=15) Patients (n=5) Prob > |t| 

 Mean Std Mean Std  

MK 0.8955143 0.1268631 0.8284419 0.1537234 0.0113* 

MD 1.1605821 0.1685569 1.3132117 0.2314225 0.1486 

Krad 0.8529494 0.1823005 0.7436254 0.1669128 0.0087* 

Drad 0.8644362 0.1688524 1.0486421 0.2287584 0.0383* 

Kax 0.7929434 0.094897 0.7520648 0.1274471 0.0718 

Dax 1.7575139 0.205746 1.8520006 0.2603917 0.9037 

FA 0.4550699 0.0673923 0.3851518 0.0666581 0.0001* 
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A level by level breakdown was also generated for the four statistically significant 

parameters highlighted in red above (MK, Krad, Drad, and FA).  This was done to look 

for levels differences between normals and patients that may aid in determining a focal 

injury site in the event that investigators are blinded to the results. 

Visually, the generated maps of the kurtosis analysis support the notion that measuring 

the kurtotic distribution of the water displacement yields a more pronounced definition of 

different tissue types.  In much the same way that Figure 1-14 illustrates this concept in 

the brain, Figure 3-8 demonstrates this for the spinal cord.  The bottom left image of 

Figure 3-8 shows the MK image of a mid-cervical slice of a normal, typically developing 

child.  Inspection of this map enables the visualization of the butterfly-like pattern of the 

gray matter within the cord which is not seen in the conventional MD image for the same 

slice location (top left).  All of this information has the potential to be clinically relevant 

and may aid in early detection and/or therapeutics when combined in a multi-spectral 

environment.  
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Figure 3-8: Calculated diffusion (top) and kurtosis (bottom) maps. 
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The final results that need to be mentioned are those pertaining to the repeatability analysis.  

As mentioned during the statistical methodology section the following plots show a level 

breakdown for the MDD of each of the seven calculated diffusion metrics.   

 

 

Figure 3-9: MDD for MK measurement at each of the 13 levels. 
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Figure 3-10: MDD for MD measurement at each of the 13 levels. 

 

 

Figure 3-11: MDD for Krad measurement at each of the 13 levels. 
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Figure 3-12: MDD for Drad measurement at each of the 13 levels. 

 

 

 

Figure 3-13: MDD for Kax measurement for each of the 13 levels. 
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Figure 3-14: MDD for Dax measurement for each of the 13 levels. 

 

 

 

Figure 3-15: MDD for FA measurement for each of the 13 levels. 
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The repeatability results are convincing, with the FA MDD being the most sensitive at 

detection of an abnormal biological process.  Wald confidence intervals are also provided 

as the model definition included unbounded variance components.  The asymmetry of these 

bounds is due to the fact that this process follows a chi-sqaured distribution.  
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Figure 3-16: Level breakdown for MK. 
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Figure 3-17: Level breakdown for Krad values between normal and patients with SCI. 
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Figure 3-18: Level breakdown for Drad values between normal and patients with SCI. 
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Figure 3-19: Level breakdown for FA values between normal and patients with SCI. 
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CHAPTER 4  

CONCLUSION AND FUTURE WORK 

The purpose of this research was to create a mathematical and experimental framework 

with which to more completely characterize the diffusion profile of water within the 

pediatric spinal cord with and without injury.  It has been shown in both the literature and 

through this work that the behavior of diffusion can potentially indicate pathology and/or 

injury relative to normal subjects.  By using a state of the art and optimized spatially 

selective 2D RF inner field of view DKI sequence it becomes possible to image an 

otherwise difficult region of the nervous system to acquire, the spinal cord, by mitigating 

distortions and other artifacts hallmark to both EPI and spinal cord imaging.  Using a 

validated, in-house developed DKI tensor estimation algorithm it was possible to 

generate both kurtosis and diffusion tensors that were used to calculate additional 

information not found in conventional diffusion imaging.  An iterative outlier rejection 

scheme was also implemented to reduce the influence of spurious diffusion based signal 

contributions on the tensor estimates.  Whole cord RoIs were drawn on the final maps 

and repeated measure mixture model statistical testing was performed to highlight 

differences between typically developing children and those with SCI.  Statistically 

significant differences were seen for MK, Krad, Drad, and FA.  The FA results yielded 

confidence that DKI data sets can reproduce trends seen in DTI for the pediatric spinal 

cord while MK differences suggest a lesser degree of micromolecular structure in patients 

with spinal cord injury.  The radial results also indicate that in plane diffusion has been 

more adversely affected by trauma than its axial counterpart which could represent the 

transectional nature of an injury (perpendicular to the long axis of the spinal cord).  Of 
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particular interest is the complementary nature of the significant results.  The radial 

kurtosis tends to decrease in patients with SCI while the radial diffusion increases.  The 

combination of both these results could potentially give rise to a more comprehensive 

biomarker than either investigated individually.  This is one particular area that needs to 

be studied in more depth by looking at the interaction of these radial components for 

patients in relation to control subjects.  In addition, a variety of different estimation 

schemes needs to be looked at as well as outlier rejection techniques.  One major problem 

with linear least square algorithms is that despite their ease of implementation they 

always provide a solution regardless of whether it is deserved.  This may necessitate the 

need for quadratic programming and/or a new cost function for minimization of fit.  A 

comparison of this nature will provide the community with a more comprehensive 

understanding of how to refine results and the factors that may be of detriment to their 

accuracy.  This approach will be needed in order to facilitate rapid integration of this 

technique into routine clinical protocols.  Linear least square techniques we also used in 

an iterative fashion for outlier rejection.  Gaussian mixture models and orthogonal 

wavelet packets may provide a more quantitative way of determining outliers that is an 

explicit function of the data as opposed to setting a global threshold independent of local 

signal fluctuations.  In summary there is a wealth of refinement and understanding to 

come from this work, however, the results shown do demonstrate that DKI can not only 

replace conventional DTI in terms of functionality but offer additional information of 

clinical relevance that can more completely characterize the nature of water diffusion in 

pathologic and/or injured tissue. 
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