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The vast majority of brain connectivity studies have focused on the activity
of measurable brain signals in the cortex and deep gray matter nuclei regions.
However, the axons in the white matter serve as the connectivity network of
the brain between distant brain regions. Currently, there are not any non-
invasive methods for mapping the signal conduction in specific white matter
networks. Several MR imaging methods have the potential to provide infor-
mation related to the physiology and pathology of the white matter tissue
substrates, which may ultimately affect brain connectivity.

White matter (WM) is comprised of myelinated axons and glial cells.
Axons are the thick branches of neurons, which conduct action potentials (sig-
nals) from the neuron cell body to remote target neurons. Myelin is an insulat-
ing layer of phospholipids and proteins, which significantly increase the speed
of action potential conduction. Either demyelination, myelin degradation, or
poor myelin development will impede the efficiency of action potentials and
affect neural connectivity. The glia (“brain glue”) are non-neural cells and are
the supporting cells of the nervous system. They provide support, form myelin,
respond to injury, maintain the blood-brain barrier, and regulate the chemical
composition of tissue medium. Glial cells include oligodendrocytes (respon-
sible for myelin generation and maintenance), astrocytes (support metabolic
function and provide structural support including the blood brain barrier),
and microglia (protect the brain from insult and injury). Imaging methods
that can characterize the properties of this complex tissue matrix may be valu-
able for investigating the influence of tissue substrates on neural connectivity.

Conventional MRI is a noninvasive imaging method that can create images
with exquisite anatomical detail. While standard MRI methods (e.g., T1-
weighted, T2-weighted, proton-density-weighted) can differentiate gray matter
and white matter, as well as localize certain brain lesions and abnormalities,
it is not quantitative and does not provide information about specific changes
in the tissue. However, several quantitative MRI methods have recently been
developed which provide either direct or indirect measurements of relevant tis-
sue properties including the microstructural tissue architecture, intra-myelin



222 Andrew L Alexander and Nancy J Lobaugh

water, proteins associated with myelin, axon density, biochemical metabolite
concentrations, and response to injury (e.g., inflammation, microglia). These
MRI methods include diffusion tensor imaging, magnetization transfer imag-
ing, T1 and T2 relaxometry, MR spectroscopy and spectroscopic imaging, and
targeted contrast agents. This chapter will focus on diffusion tensor imaging
(DTI), magnetization transfer imaging (MTI) and myelin water fraction imag-
ing (MWFI) using multi-component T2 relaxometry. Although promising, MR
spectroscopy is not covered here.

1 Diffusion Tensor Imaging

Diffusion tensor imaging (DTI) is currently the most widely used method
for investigations of WM and anatomical connectivity. The diffusion tensor
is a simple model of water diffusion in biological tissues and describes the
magnitude, anisotropy (directional variation), and orientation of the diffusion
distribution.

Diffusion is a random transport phenomenon, which describes the transfer
of material (e.g., water molecules) from one spatial location to other locations
over time. The Einstein diffusion equation (Einstein 1926):〈

Δr2
〉

= 2nDΔt (1)

states that the mean squared-displacement, 〈Δr2〉, from diffusion is propor-
tional to the diffusivity, D (in mm2/s), over the diffusion time, Δt. The
displacement is scaled by the spatial dimensionality, n, which is n = 3 in
biological tissues. The diffusivity of pure water at 20◦C is roughly 2.0 ×
10–3mm2/s and slightly higher at body temperature.

The molecules, sub-cellular organelles and cells within biological tissues are
in a continuous state of kinetic motion. In particular, water molecules diffuse
inside, outside, around, and through cellular structures. The diffusion of water
molecules is first caused by random thermal fluctuations. The behavior of the
diffusion is further modulated by cytoplasmic currents and the interactions
with cellular membranes, and subcellular and organelles.

In fibrous tissues such as white matter tracts in the brain, water diffu-
sion is less hindered or restricted in the direction parallel to the fiber ori-
entation. Conversely, water diffusion is highly restricted or hindered in the
directions perpendicular to the fibers. Thus, the diffusion in fibrous tissues is
anisotropic. Early diffusion imaging experiments used measurements of par-
allel (D||) and perpendicular (D⊥) diffusion components to characterize the
diffusion anisotropy (Chenevert et al. 1990; Moseley et al. 1990).

The diffusion tensor is an elegant model of water diffusion (Basser et al.
1994), which assumes that the diffusion is described by a 3D, multivariate
normal distribution

P(Δ−→r ,Δt) =
1√

(4πΔt)3|D|exp
{−Δ−→r TD−1Δ−→r

4Δt

}
(2)
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where Δr is the displacement vector, Δt is the diffusion time, and D is the
diffusion tensor, which is a 3× 3 matrix

D =

⎡
⎣
Dxx Dxy Dxz

Dyx Dyy Dyz

Dzx Dzy Dzz

⎤
⎦ . (3)

The diffusion tensor may be diagonalized to calculate the eigenvalues
(λ1, λ2, λ3) and corresponding eigenvectors (ê1, ê2, ê3) of the diffusion ten-
sor, which describe the relative amplitudes of diffusion and the directions of
the principle diffusion axes. A common visual representation of the diffusion
tensor is an ellipsoid with the principal axes aligned with the eigenvectors and
axes lengths a function of the eigenvalues (see Fig. 1). In the case where the
diffusion eigenvalues are (roughly) equal (e.g., λ1 ∼ λ2 ∼ λ3), the diffusion
tensor is (nearly) isotropic. When the eigenvalues are significantly different in
magnitude (e.g., λ1 > λ2 > λ3), the diffusion tensor is anisotropic. Changes
in local tissue microstructure with many types of tissue injury, disease or nor-
mal physiological changes (i.e., aging) will cause changes in the eigenvalue
magnitudes. Thus, the diffusion tensor is an extremely sensitive probe for
characterizing both normal and abnormal tissue microstructure.

More specifically in the CNS, water diffusion is typically anisotropic in
white matter regions, and isotropic in both gray matter and cerebrospinal fluid
(CSF). The major diffusion eigenvector (ê1-direction of greatest diffusivity) is
assumed to be parallel to the tract orientation in regions of homogenous white
matter. This directional relationship is the basis for estimating the trajectories
of white matter pathways with tractography algorithms.

Diffusion-Weighted Image Acquisition

The random motion of water molecules in biological tissues may cause the sig-
nal intensity to decrease in MRI. The NMR signal attenuation from molecular

Fig. 1. Schematic representations of diffusion displacement distributions for the
diffusion tensor. Ellipsoids (right) are used to represent diffusion displacements.
The diffusion is highly anisotropic in fibrous tissues such as white matter (left).
The direction of greatest diffusivity is generally assumed to be parallel to the local
direction of white matter
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diffusion was first observed more than a half century ago by Hahn (1950). Sub-
sequently, Stejskal & Tanner (1965) described the NMR signal attenuation in
the presence of field gradients. More recently, field gradient pulses have been
used to create diffusion-weighted MR images (Le Bihan 1990).

Typically, the diffusion weighting is performed using two gradient pulses
with equal magnitude and duration (Fig. 2). The first gradient pulse dephases
the magnetization across the sample (or voxel in imaging); and the second
pulse rephases the magnetization. For stationary (non-diffusing) molecules,
the phases induced by both gradient pulses will completely cancel, the mag-
netization will be maximally coherent, and there will be no signal attenuation
from diffusion. In the case of coherent flow in the direction of the applied gradi-
ent, the bulk motion will cause the signal phase to change by different amounts
for each pulse so that there will be a net phase difference, Δφ = γvGδΔ, which
is proportional to the velocity, v, the area of the gradient pulses defined by the
amplitude, G, and the duration, δ, and the spacing between the pulses, Δ. The
gyromagnetic ratio is γ. This is also the basis for phase contrast angiography.
For the case of diffusion, the water molecules are also moving, but in arbitrary
directions and with variable effective velocities. Thus, in the presence of diffu-
sion gradients, each diffusing molecule will accumulate a different amount of
phase. The diffusion-weighted signal is created by summing the magnetization
from all water molecules in a voxel. The phase dispersion from diffusion will
cause destructive interference, which will cause signal attenuation. For simple
isotropic Gaussian diffusion, the signal attenuation for the diffusion gradient
pulses in Fig. 2 is described by

S = So e−bD (4)

where S is the diffusion-weighted signal, So is the signal without any diffusion-
weighting gradients (but otherwise identical imaging parameters), D is the
apparent diffusion coefficient, and b is the diffusion weighting described by
the properties of the pulse pair:

b = (γGδ)2(Δ− δ/3) (5)

Diffusion weighting may be achieved using either a bipolar gradient pulse pair
or identical gradient pulses that bracket a 180◦ refocusing pulse as shown in
Fig. 2.

Fig. 2. Spin echo pulse sequence scheme for pulsed-gradient diffusion weighting. A
spin-echo refocusing pulse (180◦) causes the gradient pulses to be diffusion-weighted
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The large gradients make DW MRI extremely sensitive to subject motion.
Very small amounts of subject motion may lead to phase inconsistencies in
the raw k-space data, causing severe ghosting artifacts in the reconstructed
images. Recently, the advances in gradient hardware (maximum gradient am-
plitude and speed) and the availability of echo planar imaging (EPI) (Mans-
field 1984; Turner et al. 1990) on clinical MRI scanners have made routine
DW-MRI studies possible. A schematic of a DW-EPI pulse sequence is shown
in Fig. 3. With EPI, the image data for a single slice may be collected in 100ms
or less, effectively “freezing” any head motion. The fast acquisition speed of
EPI makes it highly efficient, which is important for maximizing the image
signal-to-noise ratio (SNR) and the accuracy of the diffusion measurements.
Thus, single-shot EPI is the most common acquisition method for diffusion-
weighted imaging. However, the disadvantages of single shot EPI can also be
significant. First, both magnetic field inhomogeneities (Jezzard and Balaban
1995) and eddy currents (Haselgrove and Moore 1996) can warp the image
data, thereby compromising the spatial fidelity. Distortions from eddy currents
may be either minimized using bipolar diffusion gradient encoding schemes
(Alexander et al. 1997; Reese et al. 2003), or corrected retrospectively using
image co-registration methods (Haselgrove and Moore 1996; Andersson and
Skare 2002; Rohde et al. 2004). Distortions from static field inhomogeneities
may be either reduced by using parallel imaging methods such as SENSE
(Pruessmann et al. 1999) or retrospectively corrected using maps of the mag-
netic field (Jezzard and Balaban 1995). Misalignments of k-space data on odd
and even lines of k-space will lead to Nyquist or half-field ghosts in the image
data. In general, the system should be calibrated to minimize this ghosting al-
though post-processing correction methods have been developed (Zhang and
Wehrli 2004). The spatial resolution of 2D EPI pulse sequences also tends

Fig. 3. Schematic of a DW EPI pulse sequence. A spin echo pulse is used to achieve
diffusion-weighting from the gradient pulse pairs (colored) as illustrated in Fig. 5.
The imaging gradients are shown in black. Diffusion-weighting gradients can be
applied in any arbitrary direction using combinations of Gx (red), Gy (green) and
Gz (blue)
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to be limited. At 1.5T, it is possible to acquire 2.5 mm isotropic voxels over
the entire brain in roughly 15 minutes (Jones et al. 2002b). Smaller voxel
dimensions may be achieved using either more sensitive RF coils or by going
to higher field strengths. Alternative DW imaging techniques, such as PRO-
PELLER (Pipe et al. 2002) and line scan (Gudbjartsson et al. 1997), are less
sensitive to motion, eddy currents and B0 distortions.

In the case of anisotropic diffusion, the direction of the diffusion encoding
will influence the amount of attenuation. The cartoon in Fig. 4 illustrates
the basis for diffusion anisotropy contrast. For anisotropic tissues like white
matter, when the diffusion encoding directions are applied parallel to the white
matter tract, the signal is highly attenuated. However, when the encoding
direction is applied perpendicular to the tract, the diffusion is significantly
hindered and the attenuation is much less than in the parallel case. In more
isotropic structure regions (such as gray matter), the signal attenuation is
independent of the encoding direction.

A minimum of six non-collinear diffusion encoded measurements are neces-
sary to measure the full diffusion tensor (Shrager and Basser 1998; Papadakis
et al. 1999). A wide variety of diffusion-tensor encoding strategies with six
or more encoding directions have been proposed (e.g., Basser and Pierpaoli
1998; Jones et al. 1999; Papadakis et al. 1999; Shimony et al. 1999; Hasan
et al. 2001b). An example of images with DW encoding in twelve directions

Fig. 4. Illustration of anisotropic signal attenuation with diffusion encoding direc-
tion. When the diffusion-weighting (GD) is applied in the direction parallel (green)
to the anisotropic cellular structures (e.g., white matter), the signal (S) is strongly
attenuated and the apparent diffusivity (D) is high. Conversely, when the diffusion-
weighting is applied in the direction perpendicular to the fibrous tissue, the diffu-
sion is less attenuated and the apparent diffusivity is lower. The signal attenuation
and diffusivities are independent of the encoding direction in the anisotropic tis-
sue regions. The difference in the directional diffusivities is the source of anisotropy
contrast in DTI. The direction of diffusion encoding is selected using different com-
binations of the diffusion gradients in Gx, Gy and Gz
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Fig. 5. Example images from a DTI study for a single slice in a human brain. The
image on the left is without any diffusion-weighting and is T2-weighted. The twelve
images on the right were obtained with diffusion weighting (b = 1000 s/mm2) applied
in twelve non-collinear directions. Note that the image contrast changes significantly
with the diffusion encoding direction

for a single slice is shown in Fig. 5. The observed contrast difference for each
of the 12 DW encoded images is the basis for the measurement of diffusion
anisotropy, which is described later. The selection of tensor encoding directions
is critical for accurate and unbiased assessment of diffusion tensor measures.
Hasan et al. (2001b) performed a comprehensive comparison of various heuris-
tic, numerically optimized and natural polyhedra encoding sets. This study
demonstrated that encoding sets with uniform angular sampling yield the
most accurate diffusion tensor estimates. Several recent studies have provided
mounting evidence that more diffusion encoding directions causes the mea-
surement errors to be independent of the tensor orientation (e.g., Batchelor
et al. 2003; Jones 2004).

There are a number of considerations that should be made when pre-
scribing a diffusion tensor protocol. This is moderately complicated by the
wide spectrum of pulse sequence parameters that must be configured. As dis-
cussed above, diffusion-weighted, spin-echo, single-shot EPI is the most com-
mon pulse sequence for DTI. The optimum diffusion-weighting (also called
b-value) for the brain is roughly between 700 and 1300 s/mm2 with a b-value
of 1000 s/mm2 being most common. The selection of the number of encoding
directions is dependent upon the availability of encoding direction sets, the
desired scan time and the maximum number of images that can be obtained
in a series. Measurements of diffusion anisotropy tend to be quite sensitive
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to image noise, which can also lead to biases in the anisotropy estimates
(overestimation of major eigenvalue; underestimation of minor eigenvalue;
increase in uncertainty of all eigenvalues) (Pierpaoli and Basser 1996; Chang
et al. 2005; Rohde et al. 2005). The accuracy of DTI measures may be im-
proved by either increasing the number of encoding directions or increasing
the number of averages. Additional procedures proposed to reduce artifact
include the use of peripheral gating to minimize motion related to cardiac
pulsitility (Skare and Andersson 2001) and inversion-recovery pulses to min-
imize partial volume effects from CSF (Bastin 2001; Papadakis et al. 2002;
Concha et al. 2005b). Unfortunately, these procedures typically increase the
scan time for DTI data collection, and can reduce SNR. The image SNR can
also obviously be improved by using larger voxels, although this will increase
partial volume averaging of tissues, which can lead to errors in the fits to the
diffusion tensor model (Alexander et al. 2001a). The specific parameters for a
protocol will depend upon the application. For many routine clinical applica-
tions (brain screening, stroke, brain tumors), a fairly coarse spatial resolution
can be used with a small number of encoding directions. However, for applica-
tions requiring accurate quantification (i.e., quantifying DTI measures in very
small white matter tracts, or estimating white matter trajectories with white
matter tractography) high spatial resolution is much more important and a
large number of diffusion encoding directions or averaging is desirable. High
quality DTI data with whole brain coverage, 2.5 mm isotropic resolution and
64 diffusion encoding directions may be obtained in approximately 15 minutes
on clinical 1.5T scanners (Jones et al. 2002b). Similar DTI data quality can
be achieved in half the time or less at 3.0T, except the image distortions are
roughly double.

Diffusion Tensor Image Processing

Maps of DTI measures (mean diffusivity, anisotropy, orientation) are esti-
mated from the raw DW images. As discussed previously, the images may be
distorted and misregistered from a combination of eddy currents, subject mo-
tion, and magnetic field inhomogeneities. Ideally, these distortions and sources
of misregistration should be corrected before calculating any subsequent quan-
titative diffusion maps. In cases where corrections are not restricted to in-plane
errors and distortions, this correction should include recalculation of the dif-
fusion gradient directions or reorienting the tensors (Alexander et al. 2001b;
Andersson and Skare 2002; Rohde et al. 2004).

The first step in estimating the diffusion tensor and the associated mea-
sures is to calculate the apparent diffusivity maps, Di,app, for each encoding
direction. The signal attenuation for scalar or isotropic diffusion is described
in (4). However, this equation has to be adjusted to describe the signal atten-
uation for anisotropic diffusion with the diffusion tensor:

Si = So e−bĝT
i Dĝi = So e−bDi,app (6)
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where Si is the DW signal in the ith encoding direction, ĝi is the unit vector
describing the DW encoding direction, and b is the amount of diffusion weight-
ing in (6). The apparent diffusivity maps are generated by taking the natural
log of (6) and solving for Di,app:

Di,app =
ln(Si)− ln(So)

b
(7)

This equation works when measurements are obtained for a single diffusion-
weighting (b-value) and an image with very little or no diffusion-weighting
(So). The six independent elements of the diffusion tensor (Dxx, Dyy, Dzz,
Dxy = Dyx, Dxz = Dzx, and Dyz = Dzy) may be estimated from the apparent

diffusivities using least squares methods (Basser et al. 1994; Hasan et al.
2001a). Maps of the diffusion tensor elements for the data in Fig. 5 are shown
in Fig. 6.

Diffusion Tensor Image Measures

The display, meaningful measurement, and interpretation of 3D image data
with a 3 × 3 diffusion matrix at each voxel is a challenging task without
simplification of the data. Consequently, it is desirable to distill the image
information into simpler scalar maps, particularly for routine clinical appli-
cations. The two most common measures are the trace and anisotropy of the

Fig. 6. Maps of the diffusion tensor elements for the DTI data in Fig. 5. Note that
the off-diagonal images are symmetric about the diagonal and that the values are
both positive and negative
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diffusion tensor. The trace of the tensor (Tr), or sum of the diagonal ele-
ments of D, is a measure of the magnitude of diffusion and is rotationally
invariant. The mean diffusivity, MD, (also called the apparent diffusion co-
efficient or ADC) is used in many published studies and is simply the trace
divided by three (MD = Tr/3). The degree to which the signal is a function of
the DW encoding direction is represented by measures of tensor anisotropy.
Many measures of anisotropy have been described (Basser and Pierpaoli 1996;
Conturo et al. 1996; Pierpaoli and Basser 1996; Ulug and van Zijl 1999; Westin
et al. 2002) Most of these measures are rotationally invariant, but do have
differential sensitivity to noise (e.g., Skare et al. 2000). Currently, the most
widely used invariant measure of anisotropy is the Fractional Anisotropy (FA)
described originally by Basser & Pierpaoli (1996).

FA =

√
(λ1 −MD)2 + (λ2 −MD)2 + (λ3 −MD)2

2(λ1
2 + λ2

2 + λ3
2)

(8)

A third important measure is the tensor orientation described by the major
eigenvector direction. For diffusion tensors with high anisotropy, the major
eigenvector direction is generally assumed to be parallel to the direction of
white matter tract, which is often represented using an RGB (red-green-blue)
color map to indicate the eigenvector orientations (Makris et al. 1997; Pajevic
and Pierpaoli 1999). The local eigenvector orientations can be used to identify
and parcellate specific WM tracts; thus DT-MRI has an excellent potential for
applications that require high anatomical specificity. The ability to identify
specific white matter tracts on the eigenvector color maps has proven useful for
mapping white matter anatomy relative to lesions for preoperative planning
(Witwer et al. 2002) and post-operative follow-up (Field et al. 2004). Recently,
statistical methods have been developed for quantifying the distributions of
tensor orientation in specific brain regions (Wu et al. 2004). Example maps
of the mean diffusivity, fractional anisotropy, and major eigenvector direction
are shown in Fig. 7.

Relationship to White Matter Physiology & Pathology

The applications of DTI are rapidly growing, in part because the diffusion
tensor is exquisitely sensitive to subtle changes or differences in tissue at
the microstructural level. DTI studies have found differences in development
(e.g., Barnea-Goraly et al. 2005; Snook et al. 2005) and aging (e.g., Abe et al.
2002; Pfefferbaum et al. 2005; Salat et al. 2005), and across a broad spec-
trum of diseases and disorders including traumatic brain injury (diffuse ax-
onal injury) (Werring et al. 1998; Salmond et al. 2006), epilepsy (Concha et al.
2005a), multiple sclerosis (Cercignani et al. 2000; Rovaris et al. 2002; Assaf
et al. 2005), ALS (Ellis et al. 1999; Jacob et al. 2003; Toosy et al. 2003),
schizophrenia (Buchsbaum et al. 1998; Lim et al. 1999; Agartz et al. 2001;
Jones et al. 2006), bipolar disorder (Adler et al. 2004; Beyer et al. 2005), OCD
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Fig. 7. DTI maps computed from data in Figs. 5 and 6. The images are (top-
left): T2-weighted “reference” (or b = 0) image from DTI data; (bottom-left): mean
diffusivity (note similar contrast to T2-W image with CSF appearing hyperintense);
(top-middle): fractional anisotropy (hyperintense in white matter); (bottom-middle)
major eigenvector direction indicated by color (red = R/L, green = A/P, blue = S/I)
weighted by the FA (note that specific tract groups can be readily identified). Con-
ventional T1-weighted and T2-weighted images (right column) at the same anatom-
ical location are shown

(Szeszko et al. 2005), autism (Barnea-Goraly et al. 2004), HIV-AIDs (Pomara
et al. 2001; Ragin et al. 2004), and Fragile X (Barnea-Goraly et al. 2003). In
nearly all cases, diffusion anisotropy (e.g., fractional anisotropy – FA) is de-
creased and diffusivity increased in affected regions of diseased white matter
relative to healthy controls, while the reverse is true for healthy white matter
in development (FA increases, diffusivity decreases).

It is important to note that diffusion anisotropy does not describe the full
tensor shape or distribution. This is because different eigenvalue combinations
can generate the same values of FA (Alexander et al. 2000). So, for example,
a decrease in FA may reflect a decreased major (largest) eigenvalue and/or
increased medium/minor (smallest) eigenvalues. FA is likely to be adequate
for many applications and appears to be quite sensitive to a broad spectrum
of pathological conditions. However, changes simply indicate some difference
exists in the tissue microstructure. Several recent studies have looked more
directly at the diffusion eigenvalues to determine if they can provide more
specific information about the microstructural differences. The results have
suggested that the eigenvalue amplitudes or combinations of the eigenvalues
(e.g., the radial diffusivity, Dr = (λ2 + λ3)/2) demonstrate specific relation-
ships to white matter pathology. For example, the radial diffusivity appears
to be specific to myelination in white matter (Song et al. 2005), whereas the
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axial diffusivity (Da = λ1) is more specific to axonal density, making it a good
model of axonal degeneration (Song et al. 2002). Tensor shape can be fully
described using a combination of spherical, linear and planar shape measures
(Alexander et al. 2000; Westin et al. 2002), which may also be useful for under-
standing WM pathology. Consequently, it is important to consider alternative
quantitative methods when trying to interpret DTI measurements.

Beyond the Diffusion Tensor

The diffusion tensor is a good model of the diffusion-weighted signal behavior
for low levels of diffusion weighting (e.g., b < 1500 s/mm2). However, the diffu-
sion tensor model does not appear to be consistently accurate in describing the
signal behavior for higher levels of diffusion-weighting (e.g., b > 2000 s/mm2).
The problems with the simple diffusion tensor model arise from two sources –
(1) apparent “fast” and “slow” diffusing components (Mulkern et al. 1999)
that cause the signal decay with diffusion-weighting to appear bi-exponential;
and (2) partial volume averaging (e.g.,Alexander et al. 2001a) between tissue
groups with distinct diffusion tensor properties (e.g., crossing white matter
(WM) tracts, averaging between WM and gray matter tissues). The fast and
slow diffusion signals are likely to arise from local restriction effects from cellu-
lar membranes although some have hypothesized that these signals correspond
to intra- and extra-cellular diffusion.

The effect of partial volume averaging causes ambiguities in the interpre-
tation of diffusion tensor measurements. Whereas the diffusion anisotropy is
generally assumed to be high in white matter, regions of crossing white matter
tracts will have artifactually low diffusion anisotropy. Consequently, in regions
with complex white matter organization, changes or differences in diffusion
tensor measures may reflect changes in either the tissue microstructure or the
partial volume averaging components. As the diffusion-weighting is increased,
the profiles of apparent diffusivity reveal non-Gaussian diffusion behavior in
voxels with partial volume averaging.

A growing number of strategies have been developed for measuring and
interpreting complex diffusion behavior. The methods vary in their acquisition
sampling and analysis approaches. For all of the approaches described here,
increasing the maximum diffusion-weighting will improve the characterization
of both the slow diffusion components and the partial volume effects, although
the measurement SNR will be decreased.

Fast/Slow Diffusion Modeling: Diffusion-weighted measurements over a
range of diffusion-weighting have been used to estimate apparent fast and
slow components of both apparent diffusivities (BEDI: bi-exponential diffu-
sion imaging) and diffusion tensors (MDTI: multiple diffusion tensor imaging)
(Niendorf et al. 1996; Mulkern et al. 1999; Maier et al. 2004). In these cases,
the measurements are fit to:

S = So

(
(k) e−bĝTDf ĝ + (1− k) e−bĝTDsĝ

)
(9)



Quantitative MRI Measures of White Matter 233

where Df and Ds are the fast and slow diffusion tensors, and k is the
signal fraction from the fast compartment. For a fixed diffusion encoding
direction, the signal decay appears bi-exponential with diffusion-weighting.
Bi-exponential strategies are appropriate for the cases where there is no sig-
nificant partial voluming expected and when the diffusion may be modeled
using a combination of narrow and broad Gaussian distributions. As discussed
earlier, partial volume effects (e.g., crossing WM fibers) will significantly com-
plicate the interpretation of fast and slow diffusing components. In addition,
the assignment of these components has been controversial.

High Angular Resolution Diffusion Imaging (HARDI): In order to bet-
ter characterize the angular diffusion features associated with crossing white
matter tracts, several diffusion encoding approaches have been developed that
use a large number of encoding directions (Ne > 40 up to several hundred)
at a fixed level of diffusion-weighting(Alexander et al. 2002; Frank 2002). Al-
though HARDI studies have been reported with diffusion-weighting as low as
b = 1000 s/mm2 (Alexander et al. 2002), the separation of tract components
will be much better for higher diffusion-weighting. The original HARDI meth-
ods estimated the profiles of apparent diffusion coefficients and used spherical
harmonic decomposition methods to estimate the complexity of the diffusion
profiles (Alexander et al. 2002; Frank 2002).

Higher order spherical harmonic basis functions represent signal terms that
may correspond to crossing white matter tracts in the voxel. Odd spherical
harmonic orders do not correspond to meaningful diffusion measurements and
are generally assumed to be noise and artifacts.

The HARDI 3D diffusion profiles may also be modeled using generalized
diffusion tensor imaging (GDTI) (Ozarslan and Mareci 2003; Liu et al. 2004)
which use higher order tensor statistics to model the ADC profile. The GDTI
methods proposed by Liu et al. (2004) demonstrate the impressive ability
to model asymmetrically bounded diffusion behavior, although the method
requires the accurate measurement of the signal phase, which is nearly always
discarded and may be difficult to obtain in practice. One problem with these
approaches is that in the case of crossing white matter tracts, the directions
of maximum ADC do not necessarily correspond to the fiber directions.

One approach to this problem is the q-ball imaging (QBI) solution de-
scribed by Tuch (2004), which estimates the orientational distribution function
(ODF) based upon the Funk-Radon Transform. According to this relationship,
the ODF for a particular direction is equivalent to the circular integral about
the equator perpendicular to the direction

ODF(r̂) =
∫ ∫ ∫

q⊥r̂

E(q,Δ)d3q (10)

This integral requires that the diffusivities be interpolated over the entire sur-
face of the sphere. Whereas the peaks in the HARDI profile do not necessarily
conform to the WM tract directions (see Fig. 8), the peaks in the ODF profiles
do in fact correspond to the specific WM tract direction. Since the ODF is
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Fig. 8. Example QBI orientational density function (ODF) map for region at the
intersection of the corpus callosum, corona radiata and superior longitudinal fasci-
culus. Regions of crossing WM tracts are clearly observed

estimated by integrating several measurements together, the SNR of the ODF
will be much higher than that of the ADC values in the original HARDI.

Diffusion Spectrum Imaging (DSI): The fast/slow diffusion modeling and
HARDI approaches represent opposing approaches to complex diffusion char-
acterization. The combination of high angular sampling at multiple levels of
diffusion weighting may be used to provide information about both fast/slow
diffusion and crossing WM tract orientations. The most basic approach for
this application is diffusion spectrum imaging (DSI) (Wedeen et al. 2005)
which uses diffusion-weighted samples on a Cartesian q-space lattice, where
q = γGδ is the diffusion-weighting wave-vector analogous to wave-vector k
used in k-space sampling for MR image acquisitions. An excellent discussion
of q-space imaging is found in the text by Callaghan (1994). For a speci-
fied diffusion time, Δ, the probability distribution of diffusion displacements,
P(R,Δ), is related to the distribution of sampled diffusion-weighted signals
in q-space, E(q,Δ), through a Fourier Transform:

P(R,Δ) =
∫ ∫ ∫

E(q,Δ)e−i2πq.Rd3q (11)

The derivations of q-space formalism assume that the widths of the
diffusion-pulses, δ, are narrow relative to the pulse spacing, Δ, such that
δ << Δ. The maximum gradient amplitudes on current clinical MRI systems
cause this assumption to be violated for diffusion spectrum imaging, since
δ ∼ Δ. The effect of this will be to slightly, but consistently underestimate
the diffusion displacements, but the overall distribution shape will be correct
(Wedeen et al. 2005). Note that relationship of DSI (q-space) to diffu-
sion tensor imaging is that P(R,Δ) is a multivariate Gaussian and the
diffusion-weighting factor is b = |q|2(Δ − δ/3) or b ∼ |q|2Δ for small δ.
The DSI approach yields empirical estimates of the distributions of diffusion
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displacements (e.g., model free), which are described using the standard def-
initions of Fourier sampling theory.

Since the distributions of diffusion displacements are model independent,
the distributions may be challenging to quantify. Several features have been
proposed including the zero-displacement probability, P(R = 0,Δ), which is
higher in regions with more hindered or restricted diffusion; the mean squared
displacement,

MSD(Δ) =
∫ ∫ ∫

P(R,Δ)|R|2 d3R (12)

which is related to the diffusivity (see Fig. 9); the kurtosis of the diffusion
distribution, which highlights regions of significant slow diffusion; and the
orientational distribution function (ODF)(Wedeen et al. 2005):

ODF(r̂) =
∫

P(Rr̂,Δ)|R|2 dR (13)

Note that this definition of ODF (Eq (9)) for DSI is derived differently for
DSI than it is for QBI (Tuch 2004).

While Cartesian sampling facilitates the straightforward FFT for esti-
mation of the displacement densities, Cartesian sampling is not required.
Recently, investigators have proposed non-Cartesian sampling strategies of
q-space including sampling on concentric spherical shells of constant |q|
(Assaf et al. 2004; Wu and Alexander 2005). Assaf et al. then applied a
model (CHARMED) of slow and fast diffusing compartments to estimate what
they deemed as hindered and restricted diffusion (Assaf et al. 2004). Wu and

Fig. 9. Example P(R = 0; Δ) and mean squared displacement maps from DSI
study (Ne = 257; bmax = 9000 s/mm2)
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Alexander (2005) demonstrated that the concentric q-space shell samples in
hybrid diffusion imaging (HYDI) could be used for DTI, DSI and QBI in the
same experiment.

Applications of High Diffusion-Weighting: The complexity and time re-
quired to perform advanced diffusion imaging methods with high diffusion-
weighting has limited the number of clinical and research studies relative
to the work in diffusion tensor imaging. The pathophysiologic significance
of fast/slow diffusion measurements is unclear. Only one published study to
date (Brugieres et al. 2004) has specifically examined the effects of pathology
(ischemia) on the fast and slow diffusion components. Several small studies
of hybrid DSI methods have shown promise in being sensitive to white mat-
ter changes associated with multiple sclerosis (Assaf et al. 2002a; Cohen and
Assaf 2002), autoimmune neuritis (Assaf et al. 2002b), and vascular dementia
(Assaf et al. 2002c). Clearly, more studies are necessary to justify longer
imaging times than DTI. To date, none of these methods have been used
to directly investigate the relationships to brain connectivity.

From Diffusion to Pathways: White Matter Tractography

In addition to providing information about the mean diffusivity and anisotropy,
diffusion imaging methods can also yield novel information about the orien-
tation of local anisotropic tissue features such as bundles of white matter
fascicles. In diffusion tensor imaging, the direction of the major eigenvec-
tor, e1, is generally assumed to be parallel to the direction of white matter.
This directional information can be visualized by breaking down the ma-
jor eigenvector into x, y and z components, which can be represented using
RGB colors – e.g., Red = e1x =Right/Left; Green= e1y =Anterior/Posterior;
Blue= e1z =Inferior/Superior. Maps of WM tract direction can be gener-
ated by weighting the RGB color map by an anisotropy measure such as FA
(Pajevic and Pierpaoli 1999). For many applications, the use of color labeling
is useful for identifying specific WM tracts and visualizing their rough trajec-
tories. An alternative strategy is white matter tractography (WMT), which
uses the directional information from diffusion measurements to estimate the
trajectories of the white matter pathways. WMT increases the specificity of
WM pathway estimates and enables the 3D visualization of these trajectories,
which may be challenging using cross-sectional RGB maps.

Deterministic Tractography Algorithms: Most WMT algorithms estimate
trajectories from a set of “seed” points. Generally, WMT algorithms may be
divided into two classes of algorithms – deterministic (e.g., streamline) and
probabilistic (see below). Streamline algorithms are based upon the equation:

dr = vtrajdτ (14)

where r(τ) is the path and vtraj is the vector field that defines the local path
direction. Typically, streamline WMT algorithms use major eigenvector field
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to define the local trajectory directions vtraj = e1 at each step (Conturo
et al. 1999; Mori et al. 1999; Basser et al. 2000) (see Fig. 10). Alternatively,
tensor deflection (TEND) vtraj = D.vin uses the entire diffusion tensor to
define the local trajectory direction (Lazar et al. 2003). The integration of
deterministic pathways may be performed using simple step-wise algorithms
including FACT (Mori et al. 1999) and Euler (e.g., Δr = vtraj Δτ) (Conturo
et al. 1999) integration, or more continuous integration methods such as 2nd

or 4th order Runge-Kutta (Basser et al. 2000), which enable more accurate
estimates of curved tracts.

Deterministic Tractography Errors: WMT can be visually stunning (see
Fig. 11). However, one significant limitation with WMT is that the errors
in an estimated tract are generally unknown. Further, the visual aesthetic of
WMT, which look like actual white matter patterns, can potentially instill
a false sense of confidence in specific results. Unfortunately, there are many
potential sources of error that can confound WMT results. Very small pertur-
bations in the image data (i.e., noise, distortion, ghosting, etc.) may lead to
significant errors in a complex tensor field such as the brain. Recent studies

Fig. 10. FA and e1 color map depicting WM tract orientation. The principle concept
of streamline WMT is depicted in a region of corpus callosum. The trajectory is
started from a single seed point and the path estimated at discrete steps
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Fig. 11. WMT (left) appears to be very similar to an actual white matter
dissection (right) (Virtual Hospital). http://web.archive.org/web/20050407073533/
www.vh.org/adult/provider/anatomy/BrainAnatomy/BrainAnatomy.html

have shown that the dispersion in tract estimates < Δx2 > from image noise
is roughly proportional to the distance (N.w, where N is the number of voxels
and w is voxel size) and inversely proportional to the squares of the eigenvalue
differences (Δλj = λ1−λj) and SNR (Anderson 2001; Lazar et al. 2003)

< Δxj
2 >= N.w2 · E/(Δλj

.SNR)2 (15)

where E is a factor related to the diffusion tensor encoding scheme and the
diffusion tensor orientation, and j = 2, 3. Further, the tract dispersion is also
affected by the local divergence of the tensor field (Lazar et al. 2003). Even in
the complete absence of noise and image artifacts, most current deterministic
methods cannot accurately map WM pathways in regions with crossing or
converging fibers, which has led to the development of visualization tools to
highlight these regions of uncertainty (Jones 2003; Jones et al. 2005c). An
alternative approach, recently tested in visual cortex, is likely to be most
applicable for mapping interhemispheric fibers. In this method, rather than
placing seed voxels in regions of high coherence (e.g., splenium of the corpus
callosum), the two hemispheres were seeded separately. Only those obtained
tracts that overlapped in the corpus callosum were considered to be valid
tracts (Dougherty et al. 2005). This method produced anatomically plausible
results for projections from primary visual cortex, but the authors cautioned
that many tracts were likely missed, due to the low specificity of WMT and
the resolution of current DTI acquisition protocols. New diffusion imaging
methods such as DSI and QBI described above are capable of resolving regions
of white matter crossing and may ultimately improve WMT in regions of
complex WM.

Probabilistic Tractography Algorithms: Although deterministic streamline
algorithms are nice tools for visualizing WM patterns, they provide very lit-
tle information about the reliability of specific results. They rely on accurate
placement of seed and deflection point ROIs by the operator, and can vary as a



Quantitative MRI Measures of White Matter 239

function of ROI size and shape, making them susceptible to generating highly
errant results arising from small errors at a single step. Probabilistic tractog-
raphy algorithms can overcome some of these limitations. Most probabilistic
WMT algorithms are based upon some sort of iterative Monte Carlo approach
where multiple trajectories are generated from the seed points with random
perturbations to the trajectory directions. Model based tractography algo-
rithms include PICo (Probability Index of Connectivity (Parker et al. 2003),
which uses a fast marching technique (Parker et al. 2002), RAVE (Random
Vector (Lazar and Alexander 2002)) and ProbTrack (Behrens et al. 2003b).
An alternative strategy is to acquire multiple DTI datasets and use bootstrap
resampling to derive data-driven estimates of probabilistic tractography (e.g.,
BOOT-TRAC (Lazar and Alexander 2005) (see Fig. 12). The main difference
between model and data-driven approaches is that the variance of the data
driven approaches will include the effects of variance in the actual data (e.g.,
effects of physiologic and artifact noise), not just an idealized model. All of
these algorithms create a distribution of tracts, which can be used to estimate
the probability of connectivity for the tractography algorithm, which may be
used as a surrogate measure of WMT confidence. Additionally, connection
probability may be used to segment structures such as the thalamus (Behrens
et al. 2003a), cerebral peduncles (Lazar and Alexander 2005), corpus callosum

Fig. 12. Probabilistic bootstrap tractography from a single seed point in the corpus
callosum illustrating the tract dispersion associated with WMT at two planes above
the seed point. The estimated tract density or probability is shown using a hot color
scale. The dispersion increases with distance from the seed
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(Ciccarelli et al. 2003a), and cortex (Rushworth et al. 2005) according to pat-
terns of maximum connectivity.

Diffusion Imaging and Brain Connectivity:
Issues and Considerations

To date, most studies using DTI have focused on analysis of scalar tensor
data (anisotropy measures, diffusivity) and have been conducted at three lev-
els of precision: whole-brain histograms; regions-of-interest, and single-voxel
analyses. Early studies focused on analysis of whole-brain histograms (e.g.,
Cercignani et al. 2000; Rovaris et al. 2002), which identify non-specific, global
changes in diffusion properties, and may be useful for laying the foundation
for more focused analyses. More recently the focus has been on region-of-
interest (ROI) and voxel-based analyses. Discussion is ongoing regarding the
best methods for accomplishing each type of analysis. When using ROI anal-
yses, it is important to consider the size of the ROI being used, as large ROIs
may obscure interesting changes in diffusion measures, and there is a greater
possibility that the underlying anatomy will not be consistent across obser-
vations. In addition to the usual requirement that the ROIs be placed by a
well-trained operator, ROI analyses of DTI data may be may be more sensi-
tive to placement bias in the presence of disease or atrophy. This is especially
the case if FA maps are used to define the ROIs. Some have attempted to
minimize this potential for bias by lowering the intensity threshold on the FA
maps so that local variations in FA are no longer able to guide ROI place-
ment (e.g.,Madden et al. 2004). For voxel-based analyses, the non-diffusion
weighted images (b = 0) are often used to register subject data to a common
space (Jones et al. 2002a), but this does not guarantee that the underlying
fiber architecture (defined by FA or ê1) is in register. This lack of correspon-
dence is in part due to the high inter-subject variability of the smaller fiber
bundles as well as tract characteristics such as their width, neither of which
are evident on the b = 0 images. Inter-subject variability is clear when tracts
or FA maps are transformed into stereotaxic space. In Fig. 13, optic radiations

Fig. 13. Optic radiation variability (n = 21). Maximum overlap was 70%. Similar
variability would be present if FA maps had been transformed into stereotaxic space.
(Reprinted from Ciccarelli et al. 2003b, with permission from Elsevier)
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were first identified using probabilistic tractography for individual subjects in
native image space. The individual subject data were then resampled into a
standardized space, using the b = 0 images as the reference image (Ciccarelli
et al. 2003b). Similar dispersion occurs if FA maps are resampled instead of
tract probabilities (Jones et al. 2002a).

The large variability across subjects away from tract centers raises the
possibility that when correlations of FA and some behavioural or functional
measure are found at tissue interfaces, that they may arise simply from the
increased variability in FA in these regions. Many published results of voxel-
based assessment of group FA differences or FA correlations have identified
significant effects in regions of more variable FA. These tend to be located at
interfaces of white matter with gray matter or CSF (as seen on T1-weighted
images), or in regions of complex fibre architecture. An example of one such
finding is shown in Fig. 14, where correlations of FA with performance on
a working-memory task were strongest at tissue interfaces. Because of the
error introduced by imperfect registration, residual noise from flow artifact
and partial volume effects, as well as the application of smoothing filters (see
below), most authors have interpreted such findings with caution. In fact,
similar concerns prompted one group to abandon a preliminary voxel-based
analysis for one using tractography to define ROIs in the corpus callosum
(Kanaan et al. 2006).

Results seem to be more robust to these noise sources if mean tract FA is
used rather than voxel-wise FA. An example is seen in recent work examining
structure-function relations in the visual system (Toosy et al. 2004). In this
study, dispersion was also seen in optic radiations, and it increased as more
liberal thresholds were used to define connectivity (Fig. 15, left panel). How-
ever, since the regions of high overlap (red) dominated mean FA in the optic
radiations, the magnitude of the correlation of FA with the BOLD response
in visual cortex was not affected (Fig. 15, right panel).

In voxel-based analyses of functional MRI data, spatial smoothing filters
are typically applied to bring the statistical properties of the data more in

Fig. 14. Example of FA-behavior correlations at tissue interfaces. FA in fronto-
parietal white matter (a) ranged from 0.2 to 0.6 (n = 21), and correlated with
both working memory and BOLD fMRI signal intensity in superior frontal cortex.
(Reprinted from Olesen et al. 2003, with permission from Elsevier)
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Fig. 15. Left: Optic radiation variability as a function of threshold used to define
connectivity (n=22). Right: Mean FA decreased as optic radiation ROI size became
larger and more dispersed, but the relation to BOLD response in visual cortex was
similar. (Reprinted from Toosy et al. 2004, with permission from Elsevier)

line with random-field theory (Kiebel et al. 1999). It is not yet clear whether
smoothing is appropriate for analysis of DTI data, but the size of the smooth-
ing filter can dramatically affect residual errors and the sensitivity to detect
group-wise differences (Jones et al. 2005b). In the latter study, significant FA
differences between schizophrenic patients and controls were either not found,
or were localized to superior temporal sulcus (STS), STS and cerebellum, or
cerebellum only. This variability was due only to the size of the smoothing
filter, and indicates the reasons for the choice of a specific smoothing filter
should be specified.

Alternative methods for voxel-based studies have focused on registering
the tensor directly (Xu et al. 2003) or tensor components (Park et al. 2003).
Another approach is to use iterative registrations of FA maps to create study-
specific templates (Toosy et al. 2004), as is frequently done with voxel-based-
morphometry analyses (Good et al. 2001). Finally, a new method has been
suggested where non-linear registration is used as the first step in aligning
all subjects’ FA images together; peak FA “ridges” on are found on the
group-averaged FA template, creating a skeleton of the dominant WM tracts.
Subject-specific FA values are then derived by finding the location in each sub-
ject’s data that most closely matches the spatial location of the ridge (Smith
et al. 2006, Fig. 16). This approach appears to be robust against residual
misregistration since only peak FA values (corresponding to probable tract
centers) are analyzed. The use of approaches that attempt to ensure bet-
ter alignment of tracts across subjects or provide more robust estimates of
tract-specific DTI parameters such as FA are critical to furthering our un-
derstanding of how alterations in brain connectivity affect brain function and
behavior.

Tractography. Obviously, the ability of white matter tractography to es-
timate patterns of brain connections in vivo has piqued the interest of the
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Fig. 16. (A) Example of an FA skeleton on a coronal FA map. The outlined region
includes the cingulum bundle, corpus callosum, fornix, ventricles and thalamus and
is shown in B-E. (B) FA skeleton is shown in blue, and significant differences between
a group of controls and schizophrenics are in red. (C) Voxel-based analysis found
additional differences at the lower edge of the ventricles (arrow). (D,E) Examination
of the separate group-mean FA maps indicates this spurious finding was produced
because the larger ventricles in the patient group (E) were not in register with the
controls (D). Note that the corpus callosum was well-registered, and the location of
FA differences more closely matched the skeletonized FA results. Images courtesy of
S. Smith

neuroscience and neuroimaging communities. It is currently the only non-
invasive method for reconstructing white matter trajectories in the human
brain. Detailed and careful studies using white matter tractography will po-
tentially reveal important information about brain connectivity. However, the
links between tractography results, which provide information about anatomi-
cal connectivity, and measures of functional and/or effective connectivity (see
below) have not yet been clearly established. Several potential anatomical
measures that could influence connectivity may be derived from tractography,
including the volume, length and/or cross-sectional area of the reconstructed
tracts, but these are not routinely applied.

WMT has several potential applications. (1) WMT offers the unique ability
to non-invasively visualize the organization of specific WM pathways in in-
dividual subjects (e.g., Fig. 11). To date, most studies of white matter neu-
roanatomy have been conducted using either anatomic dissection methods or
axonal tracer studies in animals. The majority of tractography studies have
focused on well-known and readily identifiable WM pathways such as the
cortico-spinal tract, the corpus callosum and optic radiations. Many of these
studies have demonstrated that WMT can generate tract reconstructions that
are consistent with known neuroanatomy (e.g., Mori et al. 1999; Stieltjes et al.
2001; Catani et al. 2002; Jellison et al. 2004; Wakana et al. 2004). Recent WMT
studies have moved beyond tracking prominent bundles and have attempted
to determine the utility of WMT to distinguish between direct and indirect
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connections (Catani et al. 2003) and whether highly curved pathways near
CSF can be mapped with confidence (Concha et al. 2005b). A common
criticism of WMT is that the validation of these results are missing. Two ap-
proaches have been applied to address this concern – histopathological mea-
surements and WMT have been compared in animal models (e.g., Burgel
et al. 2005; Ronen et al. 2005); and measures of WMT confidence have been
developed and applied to provide an estimate of the reliability of specific trac-
tography results. It should also be noted that most neuroimaging results must
be interpreted without validation. Thus it is critical to establish the reliabil-
ity and repeatability of any new WMT method (e.g., Ciccarelli et al. 2003a;
Ding et al. 2003; Heiervang et al. 2006). (2) WMT may be used to parcellate
specific WM pathways or portions of WM pathways (see Fig. 17). This will en-
able tract-specific measurements such as tract volume, cross-sectional dimen-
sions, and the statistics of quantitative measurements within the pathways
such as mean diffusivity and FA. Several studies have used WMT to perform
measurements in specific WM pathways: e.g., fronto-temporal connections in
schizophrenia (Jones et al. 2005a; Jones et al. 2006); pyramidal tract devel-
opment in newborns (Berman et al. 2005), and the pyramidal tracts and cor-
pus callosum in multiple sclerosis (Vaithianathar et al. 2002). Concurrently,
progress has been made in the development of tract-specific group templates,
which may be useful for voxel-based analyses (Ciccarelli et al. 2003b; Burgel
et al. 2005; Johansen-Berg et al. 2005; Thottakara et al. 2006). (3) WMT may
be used to visualize specific white matter patterns relative to pathology in-
cluding brain tumors, M.S. lesions, and vascular malformations. The increased

Fig. 17. Parcellation of major white matter pathways using white matter tractogra-
phy in a single subject. Superior longitudinal fasciculus (red); corpus callosum (pur-
ple); inferior occipital fasciculus (light blue); inferior longitudinal fasciculus (yellow);
uncinate fasciculus (orange); fornix/stria terminalis. (dark orange); corona radiata
(green)
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specificity of WM trajectories may ultimately be useful for planning surgeries
(Holodny et al. 2001; Henry et al. 2004) as well as following the patterns of
brain reorganization after surgery (Lazar et al. 2006). However, it should be
noted that WMT reconstructions still need further validation before advocat-
ing their use as a tool for surgical guidance on a widespread basis. Indeed
one recent study demonstrated that their WMT method underestimated the
dimensions of the specific tract of interest (Kinoshita et al. 2005). Other stud-
ies have started to examine the relationship between specific white matter
tracts affected by multiple sclerosis lesions and specific clinical impairments
(Lin et al. 2005).

Integrating DTI and WMT with Function

New work is emerging that attempts to do more than simply identify differ-
ences in DTI measures as a function of some important variable such as age,
disease, or performance. In these studies, the question is: what are the impli-
cations of local variations in FA and/or tract characteristics for behavior and
brain activity?

Three recent studies examining correlations of local variations in FA with
reaction time have found conflicting results. In an ROI analysis, FA was corre-
lated with reaction time in a target-detection task in young and older adults.
The results suggested higher FA in the splenium in younger adults and higher
FA in the internal capsule in older adults were related to faster reaction times
(Madden et al. 2004). Conversely, and somewhat counter intuitively, a voxel-
based analysis in a different target detection task revealed primarily positive
correlations: high FA was associated with longer reaction times (Tuch et al.
2005), with the strongest effects in the optic radiations. Finally, in traumatic
brain injury patients, FA was not correlated with reaction time or cognitive
measures, although mean diffusivity did correlate with learning and memory
scores (Salmond et al. 2006). Clearly more work is required to understand
these relationships.

A more integrative strategy is to examine interactions among FA, BOLD
fMRI responses, and behavior or some other external variable, such as age.
The few studies attempting to do this have taken a hierarchical approach
(e.g., Olesen et al. 2003; Baird et al. 2005). In the first step behavior-FA and
behavior-BOLD relations or BOLD activations are assessed separately, effec-
tively reducing the analysis space by creating ROIs from significant clusters.
The second step then examines BOLD-FA relations in the smaller subset of
regions.

Alternatively, one could ask whether specific tracts are related to be-
havioural differences. Beaulieu, et al. (2005) used a voxel-based analysis to
correlate FA with reading ability in a group of healthy children. The novel
aspect to this work was that the authors then used the direction of the prin-
cipal eigenvector in significant clusters as seeds for WMT. This allowed them
to identify potential tracts passing through the significant clusters. They were
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able to demonstrate that the largest cluster was more likely associated with
a tract not expected to be related to language processing (Fig. 18).

Finally, a number of studies have incorporated diffusion data with the re-
sults of fMRI activation studies.. The most common approach has focused on
using activated clusters as starting points for tractography to identify anatom-
ical connections. As in any tractography exercise, the choice of which activated
voxels to use as seeds for tractography can result in substantially different
tracts (Guye et al. 2003). The dependency of tract trajectory on the seed
point chosen is compounded by the fact that significant BOLD responses are
primarily measured in gray matter, which has generally has low anisotropy,
and may be some number of voxels away from highly anisotropic white mat-
ter. Since regions of low anisotropy are typically excluded from fibre tracking
algorithms, the user must select from nearby voxels with high FA for seeding
the WMT. Because of this added uncertainty, it is even more critical to evalu-
ate the robustness of identified tracts. Some progress in tracking between and
through gray matter regions has been achieved through the use of probabilis-
tic tractography methods that have been optimized to traverse regions of low
anisotropy (e.g., Behrens and Johansen-Berg 2005).

That there is some correspondence between functional and anatomical
regions has been recently shown by the Oxford group (Johansen-Berg et al.
2004). In this study, SMA (supplementary motor area) and preSMA were iden-
tified in each subject using tasks known to activate those areas independently.
Probabilistic tractography was then applied to generate path probabilities
from each of the two brain regions. The authors were able to show that sepa-
rate groups of regions were connected to each of the BOLD regions, with little
overlap, as would be expected based on known anatomy. They have recently
expanded this analytical approach to show that the functional separation of

Fig. 18. (a) FA in the purple cluster of voxels (arrow) correlated with reading
ability. Fibre tracking indicated this cluster was in the posterior limb of the internal
capsule (b), and not in tracts more commonly associated with language (superior
longitudinal fasiculus, in green; or superior fronto-occipital fasciculus, in yellow).
(Reprinted from Beaulieu et al. 2005, with permission from Elsevier)
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these two regions across subjects is more closely aligned to commonalities in
local fibre architecture in adjacent white matter than to structural similari-
ties based on conventional T1-weighted images (Behrens et al. 2006). As the
authors point out, they do not yet know if similar relations will hold in other
cortical regions. Additionally, the scan time needed to acquire the high resolu-
tion DTI dataset (45 min) is not amenable for routine applications. However,
the possibility for describing common patterns of functional activations based
on common features in the properties of the underlying fibre architecture
would be an important adjunct for understanding similarities and differences
in brain connectivity.

It is important to keep in mind that DTI tractography is simply defining
a model system for brain connectivity. The choice of a particular seed point
will influence the derived tracts because of the inherent noise in the data
acquisition and the sensitivity of the chosen algorithm to this noise. Tractog-
raphy is blind to whether the seed point derives from a functional activation
or from a well-placed ROI based on expert anatomical knowledge. Therefore,
the tracts indicate only the possibility of an anatomical connection between
a set of regions; tracts based on functional activations carry no additional
“meaning” relative to those derived based on anatomical knowledge. Methods
such as those being developed by the Oxford group (e.g., Behrens et al. 2006)
will allow for refined anatomical models, but then the task will be to move
beyond describing the possibility for information flow to describing how and
when information is conveyed along the identified connections.

To fully understand brain function requires more than defining functional
“blobs” correlated with some task or behavior. Methods for identifying neural
systems and evaluating their interactions have been around for quite some
time. Some of the earliest work examined functional connectivity using inter-
regional correlation analyses (e.g., Clark et al. 1984; Horwitz et al. 1984); these
were followed with more explicit systems-level analyses of functional and effec-
tive connectivity (e.g. Friston et al. 1993; Horwitz et al. 1999; McIntosh 2000),
and more recently methods such as dynamic causal modeling (Friston et al.
2003). The importance of moving beyond identifying regions that correlate
with some task or behavior has been reemphasized recently by Stephan (2004),
who nicely illustrated how two brain regions can correlate independently with
a task condition, but have no correlation between themselves (Fig. 19).

The possibilities for incorporating diffusion and other quantitative MRI
data into analyses of functional and effective connectivity are many. However
it is critical to recognize that simply demonstrating that a pathway exists
between two regions that are separately related to some task or behavior does
not imply nor guarantee that the identified path mediates the activity between
those regions. A more fruitful strategy may be to concurrently determine the
existence of pathways between functionally connected regions, forming the
basis for models of effective connectivity. Regardless of how paths are iden-
tified, the information conveyed along those paths should be measured and
assessed. Some common and readily available modeling techniques available
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Task: —
Voxel1: —
Voxel2: —

Fig. 19. A) Region A1 (red dotted line) and region A2 (green dashed line) are each
correlated with the “task” (blue, solid line) at r = 0.73. B) Scatterplot showing
that while the correlation of each voxel with the task is high (green, r = 0.73),
the correlation between the two voxels is low (magenta, r = 0.07). Adapted from
Stephan, 2004

for assessing effective connectivity are reviewed in (McIntosh 2000; Penny
et al. 2004; Ramnani et al. 2004; Stephan et al. 2004; Stephan et al. 2005)
See also chapters by Bressler and McIntosh, Sporns and Tononi, and Stepan
and Friston in this volume. Perhaps the most important contribution from
diffusion and other qMRI techniques will come from their ability to provide
additional anatomical and physiological constraints to the models. Thus, the
confidence that a fibre exists, its length, diameter, “integrity”, and myelin
content are all important contributions to the regulation of information flow
between two regions. Incorporating this information into systems-level analy-
ses of functional imaging data will greatly enhance our understanding of brain
function.

Beyond Diffusion

The use of diffusion tensor imaging has become very popular in the last few
years, but is not possible to know precisely from DTI studies alone the degree
to which observed changes in FA reflect differential changes in myelin compo-
sition, fibre number, fibre density or other factors (e.g., Beaulieu 2002; Neil
et al. 2002; Prayer and Prayer 2003). Some methods that may help distinguish
among these biological properties of white matter are described in the next
two sections.

2 Magnetization Transfer

Water provides the largest signal contribution to the MRI signal in brain
tissues. While estimates of conductivity can be calculated from diffusion tensor
data (Tuch et al. 2001), a more ideal probe of the effectiveness of white matter
conduction properties would be obtained from images of myelin components.
The problem is that the signals from protein and lipid molecules associated
with myelin are essentially undetectable in an MRI experiment because they
have ultrashort T2 values (10s of microseconds). However, the magnetization
(sum of dipole moments) of free water does interact with the macromolecules
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through chemical exchange and dipolar coupling. This exchange of magnetic
moments is referred to as magnetization transfer (Balaban and Ceckler 1992).

Magnetization transfer (MT) effects may be detected in an MRI experi-
ment by applying strong radio-frequency (RF) pulses at a frequency shifted by
roughly 1000 Hz or more from the resonance frequency of free water. The RF
pulse energy will partially saturate the magnetization of the protons bound
to macromolecules, which have a very broad frequency spectrum relative to
that of free water (width inversely proportional to T2). The fast exchange
of magnetization between the macromolecular and free water pools will indi-
rectly attenuate the signal from the free water. The process is illustrated in
Fig. 20. The attenuation is a function of the amplitude, rate, and frequency
offset of the RF attenuation pulses, and the concentration of macromolecules
and exchange rate of the magnetization between the free water and bound
macromolecular pools.

The most common approach for characterizing MT is to acquire two sets
of images – one with the off-resonance saturation MT pulses (Ms) and one set
without (Mo). The MT contrast (MTC) is the difference between the images,
MTC = Mo − Ms. Since absolute signal intensities are arbitrary, the MTC
is typically normalized by the signal without MT saturation, which is the
MT ratio

MTR = (Mo−Ms)/Mo (16)

The MTR is the most commonly used measure of magnetization transfer and
example maps are shown in Fig. 21. Increased MTR values may correspond
to increased macromolecular concentrations in the tissue. The MTR values in
healthy WM and GM are roughly 0.4-0.55 and 0.25–0.35, respectively. The
higher MTR in WM is believed to be associated with the proteins and lipids
associated with myelinated axons (Stanisz et al. 1999). Consequently, the
MTR in WM is reduced in demyelinating diseases such as multiple sclerosis

macromolecule

free

So

Δf > 1000Hz
SMT

f

Fig. 20. Schematic of the MT saturation process. An intense RF pulse is applied
off-resonance, which saturates the magnetization of the macromolecule pool. Rapid
exchange between magnetization of the macromolecule pool and the free water pool
causes the free water signal to be partially attenuated
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Fig. 21. Example images from an MTR experiment. The image on the left was
obtained without any MT saturation. The MT-weighted image in the middle was
obtained by applying a 90◦ pulse 3000 Hz off-resonance (TR = 30 ms). The image on
the right is the estimated MT ratio (MTR) map using Equation 16. Images courtesy
of A. Samsonov and A. Field

although the MTR can also be influenced by overall water content and other
macromolecules in processes such as neuroinflammation (Stanisz et al. 2004).

MT saturation is achieved using an RF pre-pulse, which may be applied
in combination with any RF pulse sequence o. An example spin-echo CPMG
pulse sequence with RF saturation is shown in Fig. 22. There has been consid-
erable variation of reported MTR properties in the literature, which is likely
caused by inconsistencies in the pulse sequence protocols. The exact MTR
measurement will depend upon the pulse sequence parameters (e.g., TR, TE,
excitation flip angle), the magnetic field strength, as well as the shape, am-
plitude and frequency offset of the saturation pulses. Consequently, within a
single MTR study, the imaging parameters should be fixed to maximize con-
sistency. Common problems with MTR experiments include spatial inhomo-
geneities in both the static magnetic field (B0) and the RF magnetic field (B1).

Fig. 22. Measurement of T2 relaxation in the presence and absence of an RF
saturation pulse. Courtesy of G.J. Stanisz
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B0 inhomogeneities are caused by poor shimming and spatial variations in
the magnetic susceptibilities in soft tissue, bone and air, which lead to shifts
(errors) in the saturation frequency offsets. Inhomogeneities in the B1 field,
which are common using volume head coils particularly at high magnetic fields
(B0 > 1.5T) will affect the saturation pulse amplitude and consequently alter
the level of MT saturation. Both B0 and B1 fields may be measured and used
to retrospectively correct MTR measurements (Sled and Pike 2000; Ropele
et al. 2005) Another source of MT saturation is the application of RF ex-
citation pulses for slice selection in 2D pulse sequences (Santyr 1993). The
slice selective RF pulses of other slices shifted relative to the current one will
cause MT saturation. This is more problematic for multi-slice 2D pulse se-
quences with many 180◦ pulses (e.g., fast spin echo, and T1-weighted spin
echo); therefore, 3D scans are generally preferable for MTR measurements.
Other considerations for MTR measurements are discussed in two excellent
review papers (Henkelman et al. 2001; Horsfield et al. 2003).

As discussed above, the MTR measurement is highly dependent upon a
broad range of pulse sequence and scanner factors. Consequently, several re-
search groups have been developing models and imaging protocols for quanti-
tative measurements of MT properties (Henkelman et al. 1993; Stanisz et al.
1999; Sled and Pike 2001; Yarnykh 2002; Tozer et al. 2003; Yarnykh and
Yuan 2004). these techniques typically require measurements at multiple fre-
quency offsets and saturation pulse amplitudes. Since MT saturation is per-
formed using RF pulses, the MT models are usually based upon a two-pool
model (free water and macromolecule) with continuous RF saturation approx-
imated by regular RF saturation pulses. By using these models, it is possible
to estimate the macromolecular concentration (bound pool fraction), the ex-
change rate between the free and bound pools, and the T2 of the bound pool
(Fig. 23). Unfortunately, the acquisition of the required images can be quite
time consuming, which has limited the overall applicability of the technique.
Nonetheless, quantitative MT methods are much more specific than the con-
ventional MTR methods.

Fig. 23. Quantitative MT maps obtained by acquiring data at multiple frequency
offsets and flip angles and using a two pool (free water and macromolecule) model
with exchange. The images from left to right are: no MT contrast, T1 map, exchange
rate (k), bound pool fraction (fb), and the T2 of the bound pool (T2b). The images
demonstrate the wide range of quantitative imaging measures that can be obtained
in a quantitative MT experiment. Images courtesy of A. Samsonov and A. Field



252 Andrew L Alexander and Nancy J Lobaugh

Relationship to Behavioural and Neural Functioning

As for FA, MTR is a non-specific marker of neural damage, such as demyelina-
tion. Many of the published MT studies have focused on patients with multiple
sclerosis, who show decreased MT in both ROI and whole-brain histogram
analyses. In other diseases, results are similar, indicating MTR is a viable
marker for affected white and gray matter. MTR has been shown to increase
with brain development during the first several years of life (Rademacher et al.
1999; van Buchem et al. 2001) and regional decreases with aging have been
found (Armstrong et al. 2004). Differences in MTR were sufficiently large
to distinguish patients with mild cognitive impairment from patients with
Alzheimer’s disease and controls (Kabani et al. 2002a; Kabani et al. 2002b).
A number of published studies have also used magnetization transfer methods
to compare the brains in patients with schizophrenia against healthy control
subjects (Foong et al. 2001; Bagary et al. 2003; Kiefer et al. 2004; Kubicki et al.
2005). Reduced MTR measurements have also been observed in a small sample
of patients with late-life major depressive disorders (Kumar et al. 2004).

Only a few studies have attempted to relate magnetization transfer mea-
surements to measures reflecting brain function. A serial MTR study in the
optic nerves of 29 patients with acute optic neuritis was performed with mea-
surements of visual system functioning using visual evoked potentials (VEP)
(Hickman et al. 2004). No significant differences in MTR were observed be-
tween patients and controls at the onset of optic neuritis, although the MTR
did decrease in patients over a period of one year. There did not seem to be any
direct relationship between MTR and VEP measurements. Another study of
18 patients with early-stage multiple sclerosis (Au Duong et al. 2005) demon-
strated a correlation between functional connectivity between left Brodmann
areas 45/46 and 24 using an fMRI working memory task, and the MTR of nor-
mal appearing white matter and also with brain T2 lesion load. Consequently,
the functional connectivity relationship with MTR suggests that changes in
the functional working memory network is related to changes in the white mat-
ter pathophysiology. A combined MTR and fMRI study (Filippi et al. 2002) of
simple motor function in patients with multiple sclerosis revealed correlations
between the MTR histogram features of whole-brain, normal appearing brain
tissue (both GM and WM) and fMRI signal strengths in ipsilateral sensori-
motor cortex and supplementary motor area (bilaterally). The fMRI signal in
contralateral sensorimotor cortex was significantly correlated with MTR his-
togram features in patients with cervical but not dorsal spinal cord myelitis
(Rocca et al. 2005). Finally, a recent study measured diffusion and MT in
patients with schizophrenia (Kalus et al. 2005). The amygdala showed lower
anisotropy (inter-voxel coherence), and differences in quantitative MT mea-
sures (T1, fraction bound pool), but not MTR. The authors interpreted the
findings as indicating a possible increase in neuronal density in the amygdala
of schizophrenics. The functional significance of these changes is not clear,
however, as there were no significant correlations of any of the quantitative
MR measures with disease duration or symptom severity.
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3 T1 and T2 Relaxometry

Contrast in most human neuroimaging studies is a function of the T1 and T2
relaxation times of the brain tissues. Consequently, regional signal differences
in brain images are often caused by differences in the relaxation properties.
T1 is the recovery time of the longitudinal magnetization and T2 is the decay
constant associated with the transverse magnetization. Both characteristic
times are highly sensitive to bulk water of the tissue and tend to increase
with water content. Significant changes in both T1 and T2 are observed with
early brain maturation (e.g., Miot et al. 1995; Miot-Noirault et al. 1997; Sie
et al. 1997; Steen et al. 1997; Paus et al. 2001) and aging (Jernigan et al.
1991; Autti et al. 1994; Salonen et al. 1997). In development, these changes
are likely caused by decreased water content and increased water binding and
compartmentalization including during premyelination periods when lipids,
proteins, and glial cells are increasing. T2 appears to be more sensitive to
the changes associated with brain maturation although T1 changes have been
reported to be more closely linked to the onset of myelination (e.g., Barkovich
et al. 1988; Martin et al. 1988).

There are two principle approaches for measuring T1– inversion recovery
and variable saturation. The inversion recovery methods work by inverting
the longitudinal magnetization with a 180◦ pulse and then obtaining mea-
surements with different inversion times. Variable saturation methods work
by obtaining measurements with either several RF excitation flip angles or
several different TR periods. All methods are highly sensitive to the accuracy
of the RF magnetic field, although new analytical methods can retrospectively
correct for inhomogeneities (Cheng and Wright 2006).

T2 is generally measured using spin echo pulse sequences, where measure-
ments are obtained at different TE (echo times). The signal decay is governed
by the equation S = So exp(-TE/T2). The most efficient method is to use a
multiple spin-echo pulse sequence, where measurements are obtained at mul-
tiple TE values for a single excitation, although there continue to be lively
discussions in the literature concerning the appropriate number and spacing
of echos for quantitative T2 calculations (e.g., Duncan et al. 1996; Whittall
et al. 1999; Townsend et al. 2004), related primarily to the nature of T2 decay
(see below). The measurement of T2 is also highly sensitive to imperfections
in the RF and static magnetic fields (Poon and Henkelman 1995). Further, the
RF imperfections will also lead to stimulated echoes in multi-echo sequences,
which are governed by T1, which can lead to overestimation of the T2. The
stimulated echo components can be suppressed using variable amplitude gra-
dient crusher pulses around each 180◦ refocusing pulse (Poon and Henkelman
1995). As for MT, the accuracy of T2 measurements will depend on these
parameters, so if the number of echos possible are limited, they should be
chosen with care (Duncan et al. 1996).

In spite of the fact that T1 and T2 are highly sensitive to a wide range
of tissue factors, and are therefore likely to be nonspecific, relaxation time
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measurements have been shown to be affected in many neurological diseases
that have impairments in connectivity including epilepsy, substance abuse and
neurodegenerative diseases such as M.S., dementia, schizophrenia, Alzheimer’s
disease, Parkinson’s disease. One potentially confounding factor in many of
these studies is the presence of edema, which will increase the bulk water con-
tent in the tissue. To date, only one study has specifically related relaxation
time measurements to measures of brain connectivity (Vaithianathar et al.
2002). In this study of MS patients, DTI was used to identify the pyrami-
dal tracts and fibers passing through the corpus callosum. Histograms of T1

relaxation data along the pathways were generated and indicated decreased
T1 relaxivity in patients relative to controls. There was no correlation of T1

relaxation in these paths with standard clinical disability rating scale scores,
and no cognitive measures were available for analysis.

Myelin Water Fraction

Although the specificity of T1 and T2 measurements are generally perceived
as being poor, several investigators have recently shown that the T2 signal
decay in neural tissue is multi-exponential with echo time (Menon and Allen
1991; MacKay et al. 1994; Whittall et al. 1997). Further investigation has
shown that different water tissue compartments each have distinct T2 char-
acteristics, and may be separated (see Fig. 24). In white matter, the water
signal compartments are believed to originate from components of free water
(e.g., edema, CSF, which have long T2 > 120ms), extracellular water (T2 ∼
60–90 ms) and water within the myelin membranes of axons (T2 ∼ 10–40 ms)
(MacKay et al. 1994; Beaulieu et al. 1998; Stanisz and Henkelman 1998; Vava-
sour et al. 1998; Laule et al. 2004). The T2 of the extracellular fraction can
be used to identify inflamed neural tissues (Stanisz et al. 2004), and the lat-
ter component is of significant interest because it is specific to myelin, which
is critical for signal conduction in the brain. Consequentially, a potentially
important biomarker is the myelin water fraction, which is the total signal

T2 (ms)
10-50 70-95 >1000

Myelin water

Intra-and 
 extra-cellular water

CSF

Fig. 24. T2 spectrum of water signal in white matter. The water in the myelin layers
has a very short T2 (between 10 and 50 ms), intra- and extra-cellular water have
intermediate T2 values, and CSF and unrestricted water pools have much longer T2
values
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from the short T2 signal component relative to the total signal from both the
short and intermediate tissue signal components. In healthy adult WM, the
myelin water fraction (MWF) is typically 6–15% dependent upon the region
(Whittall et al. 1997). A representative map of MWF is shown in Fig. 25.

Measurements of MWF are usually obtained using a 2D multiple spin
echo sequence, which consists of a train of equally spaced 180◦ refocusing
pulses (Poon and Henkelman 1992; Poon and Henkelman 1995; Whittall et al.
1997). T2 measurements are highly sensitive to errors in the RF magnetic
field, which are problematic for typical slice-selective RF refocusing pulses.
Consequently, non-selective refocusing pulses are often used, which limits the
acquisition to a single 2D slice. Variable amplitude crusher gradient pulses are
typically placed around each refocusing pulse to suppress the signal from stim-
ulated echoes. The fitting of the T2 model is also highly sensitive to image
noise; consequently, long scan times are typically required to achieve suffi-
cient SNR. Different strategies exist for fitting the T2 signal decay to a multi-
exponential function (e.g., Stanisz and Henkelman 1998; Webb et al. 2003;
Jones et al. 2004) although the non-negative least squares (NNLS) method
is probably most commonly used (Whittall et al. 1997). The slow acquisi-
tion time (typically > 10 minutes) for a single 2D slice has ultimately lim-
ited the application of this approach. However, one consideration is that the
2D imaging times are in line with MR spectroscopy. Further, the MWF is
one of the more specific measures of white matter tissue properties, which
makes it promising for correlations with measures of brain connectivity. Care-
ful selection of echos in conventional pulse sequences may provide reasonable
myelin maps (Vidarsson et al. 2005; Oh et al. 2006), although the option to
acquire such data is not available routinely on most clinical scanners. Future

Fig. 25. Maps from a myelin water fraction experiment. The image on the left is
a proton-density weighted image obtained from the first TE (8 ms) in the CPMG
echo train. The map on the right is the estimated myelin water fraction image at the
same slice location. Note that the myelin water fraction is much higher in regions of
white matter
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developments are clearly needed to improve both the acquisition speed and
spatial coverage of the technique, which are somewhat at odds with one an-
other. Imaging at higher magnetic field strengths, with better RF coils, par-
allel imaging and 3D pulse sequences may ultimately improve the utility of
the method.

To date, no studies have been performed which have related MWF mea-
surements to measures of brain connectivity. However, MWF measurements
in WM have been shown to be affected in brain diseases with aberrant brain
connectivity behavior including schizophrenia (Flynn et al. 2003) and multi-
ple sclerosis (Vavasour et al. 1998; Gareau et al. 2000; Whittall et al. 2002;
Laule et al. 2004; Tozer et al. 2005).

4 Discussion and Future Directions

In this chapter, we have described several quantitative MRI measures, which
are promising for the characterization of brain connectivity. However, to date,
there has been a relative paucity of experiments that have directly compared
functional and effective measures of brain connectivity with these structural
and anatomical measures of brain connectivity and physiology. This is likely
to change in the near future as these techniques become more available. Char-
acterization of WM anatomy and physiology with MRI may enable more com-
plex models of brain connectivity to be developed, as the circuitry of brain
connectivity becomes more well-defined. For example, many have proposed
that FA increases are primarily reflecting myelination. This leads to the pre-
diction that FA would be correlated most strongly with the short myelin-water
fraction from T2 relaxometry experiments, as well as to the size of the macro-
molecular pool in quantitative MT studies. On the other hand, if changes
in fibre density underlie changes in FA (Beaulieu 2002), FA should be more
strongly associated with the extracellular water peak. Preliminary evidence
for this prediction comes from recent work showing FA was not correlated with
the myelin water fraction in white matter (MacKay et al. 2006). Functional
and effective connectivity studies so far have generally modeled the brain as
a “black box” with inputs and outputs, and most of the internal circuitry has
been derived from non-human primate studies. Quantitative structural and
physiological image data from MRI may provide critical information about
the functional circuitry within the black box.

To move quantitative MRI into the forefront of techniques for character-
izing brain connectivity, further developments are necessary. Obviously, im-
provements to both the imaging technology through better and more efficient
pulse sequences, imaging RF coils, and gradient coils, and quantitative imag-
ing models and image analysis methods will facilitate comparisons between
more conventional connectivity measures with quantitative MRI measures of
WM. However, even with improvements in the technology, the application
will be somewhat limited unless they become more readily available, either
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through the MRI system manufacturers or through research collaborations.
While the methodologies are still young and emerging, we can already pose
some interesting questions: Do variations in diffusion parameters or myelin
content along tracts relate to function? Is the whole fibre tract affected? Does
knowing something about tract likelihood help predict differences in functional
and effective connectivity? Answers to these and similar questions will require
multimodal imaging, as most quantitative MRI studies have focused on a sin-
gle measure or measurement type We will also need a better understanding
of the statistical properties of the data, and sophisticated multivariate and
nonlinear modeling techniques, some of which are already available, and oth-
ers of which are discussed throughout this volume. This will be an iterative
process and will require refinement of both imaging and analysis techniques.
However, we have optimism that in the end the model fits will be acceptable
and we will know something useful about how brain structure contributes to
brain function.
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