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CHAPTER 31 ■ DIFFUSION AND
DIFFUSION TENSOR MR IMAGING:
FUNDAMENTALS
PETER J. BASSER

INTRODUCTION
Along with the evolution and maturation of conventional
magnetic resonance imaging (MRI) methods over the last two
decades, it has also become apparent that the measurement of
diffusion properties in neural tissue provides unique informa
tion that has potential biological and clinical relevance. Specif
ically, diffusion properties of tissue constituents imply charac
teristics of tissue microstructure and architectural organization.
Moreover, this information is obtained noninvasively and
without exogenous contrast agents. Indeed, some form of dif
fusion MR sequencing has become routinely implemented in
most clinical MRI studies evaluating cerebral tissue for the
presence of disease. In a growing number of conditions affect
ing brain structure, more complex diffusion sequences are also
being used to serve as the microanatomic correlate of disor
dered function in a wide range of clinical disease states. Before
looking at the speciﬁc structural and architectural features that
can be inferred from MR diffusion measurements, this chapter
establishes the conceptual and methodologic underpinnings of
diffusion nuclear magnetic resonance (NMR) and diffusion
MRI.

PHYSICAL UNDERPINNINGS OF
DIFFUSION NMR AND MRI
The classic macroscopic, phenomenologic picture of molecular
diffusion is best exempliﬁed by considering the behavior of
molecules within a diffusion cell (Fig. 31.1). There, molecular
solutions of different concentrations placed in two initially
separate compartments are allowed to mix together through a
permeable membrane between them. A net macroscopic mole
cular ﬂux, J, can be observed as particles move from the com
partment of higher concentration to that of lower concentra
tion. Fick’s ﬁrst law, a phenomenologic relationship between J
and the concentration gradient, describes this mixing process.
In it, the scalar diffusion coefﬁcient, D, appears as a scaling
factor. Rapid mixing between compartments results when the
diffusivity is high; slower mixing results when the diffusivity is
low. A variety of tracer techniques can be used to measure dif
fusion coefﬁcients from the simultaneous measurement of the
ﬂux and the concentration gradient or from concentration
proﬁles measured as a function of time (1,2), but all such

1752

methods require either chemically or physically labeling the
tracer molecules and detecting their distribution. Invasive
tracer experiments have been performed to determine the dif
fusivity of metabolites in the brains of animals (3,4).
The discovery of Brownian motion (5) and the mathemati
cal models describing it provided the basis of the modern pic
ture of molecular diffusion (6,7). In the Brownian view, diffu
sion is a process that causes particle mixing because of random
collisions among themselves (self-diffusion) or with other par
ticles. This conceptual picture is represented schematically in
Fig. 31.2 by a jagged trajectory of an individual molecule buf
feted by random collisions with neighboring molecules. Unlike
the deterministic picture of molecular transport implicit in
Fick’s law, the Brownian description is inherently a probabilis
tic one. Although the precise trajectory of each molecule is not
known per se, their aggregate behavior—embodied in the dis
placement probability distribution—can still be determined.
Speciﬁcally, the displacement distribution is the probability of
ﬁnding a molecule at a particular position and at a particular
time, given that it previously occupied another position at an
earlier time. One of many fundamental contributions made by
Einstein (7) to understanding the physics of diffusion was to re
late the variance of this Brownian displacement distribution—
the mean-squared displacement in one dimension, <x2>—to the
diffusion coefﬁcient, D, appearing in Fick’s ﬁrst law and the
diffusion time, T:
<x2>

2DT

[1]

(In three dimensions, the coefﬁcient 2 should be replaced by
6.) Thus, the larger the diffusion coefﬁcient, D, the greater the
distance a particle is expected to travel on average during the
same diffusion time.
Classic NMR measurements of (translational) molecular
diffusion were based on the Brownian rather than the Fickian
picture. The distinction is important because the Brownian de
scription enables one to measure a molecular diffusion coefﬁ
cient without using exogenous tracers. In essence, in the NMR
measurement of diffusion, the diffusivity is inferred from the
phase dispersion of the magnetization (loss in signal) caused
by the assumed random displacements of molecules.
The ﬁrst person to describe the effect of molecular diffusion
on the NMR signal was Erwin Hahn (8). The ﬁrst measure
ments of the self-diffusivity of water (and of other liquids) us
ing NMR methods were reported in the earlier 1950s (9). In a
series of classic experiments, Carr and Purcell used the NMR
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Brownian View of Diffusion
P (r, t | r0 ,0 )

1

(4 π Dt )

3

exp –

(r – r0 ) (r – r0)
4Dt

P(r,t|r0,0) → probability of
finding a particle at position r, at
a time t, given a starting position
r0, at time 0

FIGURE 31.1. The Fickian picture of diffusion is best understood by
considering the behavior of the diffusion cell, schematically represented
here, in which the particle concentration is different in two compart
ments that are separated by a permeable membrane.

spin echo, also discovered by Hahn (8), to measure the selfdiffusion coefﬁcient of water and other solvents (9). Carr and
Purcell ﬁrst showed that the NMR spin echo could be sensi
tized speciﬁcally to the translational motion of a spin-labeled
species by subjecting it to a static magnetic ﬁeld gradient. An
example of their NMR sequence is given in Fig. 31.3A. They
then showed that the random motions caused by diffusion re
duce the amplitude of the NMR spin echo. The larger the dif
fusivity of the spin-labeled molecules, the greater the phase
dispersion and the larger the attenuation of the magnitude sig
nal they observed. By using a Brownian, probabilistic descrip
tion of molecular displacements of the spin system subjected to
a uniform magnetic ﬁeld gradient, they derived an analytic ex
pression relating the NMR signal attenuation and the molecu
lar diffusion coefﬁcient. Their conceptual framework is the
basis for modern diffusion MR studies. Their work also estab
lished the nonperturbing and highly accurate NMR measure
ment of the self-diffusion coefﬁcient of water and other sol
vents as a “gold standard.”
Two years later, Torrey incorporated the diffusion of mag
netized spins explicitly in the Bloch (magnetization trans
port) equations (10), showing how it leads to additional at
tenuation the NMR signal (11). Analytic solutions to this
equation followed for freely diffusing species during a spin
echo experiment (12) and, later, for diffusion in restricted
geometries (13–15).
The next key innovation in the evolution of NMR diffusion
measurements was the development and use of pulsed-ﬁeld
gradient methods (16). By applying two appropriately placed
short-duration magnetic ﬁeld gradient pulses rather than one
that is constant in time, the NMR diffusion experiment could
be performed more accurately and with an ability to control
independently the diffusion time and length scale that is
probed (14). An example of a pulsed gradient sequence is
shown in Fig. 31.3B. Using their new pulsed gradient se
quence, Stejskal and Tanner extended the ﬁndings of Carr and
Purcell, showing that uniformly translating spins produce a
net phase shift that is proportional to their velocity, and that
diffusing spins produce no net phase shift but a change in the
height of the phase distribution (16). They generalized the
mathematical framework of McCall et al. (17) for relating the
signal attenuation, A/A0; the conditional displacement distrib
ution, P(r2, Llr1, 0); the pulse duration, o; the pulse strength,
G; the gyromagnetic ratio, y; and the time between pulses, L:
A
A0

q
r

q
r

i oG # (r2

P(r2, ¢ r1, 0)e

r1)

3

3

d r2 d r1

[2]

where the assumptions are also made that o is infinitesi
mally short and negligible displacements occur during the

FIGURE 31.2. The Brownian picture of diffusion is best epitomized
by this cartoon illustrating a possible path taken by a molecule that is
released at point r0 at time t  0 and moves to position r at a later time
t. The molecule undergoes a “drunken walk” whose displacement is
characterized by a probability distribution.

pulse period compared with during the diffusion time, that
is, o << L.
Here, P(r1) is the initial distribution of spins, and P(r2, Llr1, 0)
is the probability that a particle starting at position r1 at time
0 ends up at position r2 at time L.

A

B

C

D
FIGURE 31.3. Several paradigmatic diffusion sequences are shown
with the radiofrequency signal on the top line and the diffusion gradi
ent pulse train on the bottom line. The corresponding b values (which
measure the degree of diffusion weighting of the nuclear magnetic res
onance signal) are given in terms of the gradient strength, G, pulse
width, o, and pulse separation, L. Spin echo sequences include (A) a
constant gradient, (B) matched rectangular gradients, and (C) alter
nating gradients. A diffusion-weighted stimulated echo sequence is
also shown (D). Generally, each diffusion sequence can be incorpo
rated into virtually any magnetic resonance imaging sequence to pro
duce a diffusion-weighted image.
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This equation looks formidable, and generally it is difﬁ
cult to evaluate analytically in all but the simplest of geome
tries (18). In the simplest case—free diffusion in an un
bounded, isotropic, homogeneous medium—P(r2, Llr1, 0) is
Gaussian:
P(r2, ¢ r1, 0) 

1
2(41D¢)3

e

a

or
P(r, ¢ 0, 0) 

1
2(41D¢)3

e

a

(r2  r1)2
4D¢

b

r2
b
4D¢

ln a

[3]

where D is the diffusion coefﬁcient and r is the net displace
ment, r  r2  r1. If we also assume that the initial distribution
of spins, P(r1), is uniform, then substituting the second expres
sion of Eq. 3 into Eq. 2 yields
A(q)
A(oG)


A0
A0



q
q

1

3
q
q 2(41D¢)

where | r |  r and

q

e
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r2
b
4D ¢ eiq r d3r,

1
yoG
21

[4]

This integral is a three-dimensional (3D) Fourier transform of
a Gaussian displacement distribution with respect to q, deﬁned
here. Evaluating Eq. 4 also results in a Gaussian distribution
of the form
A
2
 eq D¢
A0

or ln a

A
b  q2 DL
A0

which the molecules are diffusing, as well as interactions be
tween the diffusing molecule and other molecular constituents
in the medium.
Tanner also introduced the notion of the scalar “b factor”
to relate the ADC to the NMR signal attenuation, A(b)/A(0):

[5]

This simple expression in Eq. 5 highlights how variations
in the spatial scale parameter, q, and the diffusion time, L,
independently affect the signal attenuation. In a medium in
which water does not move freely—in which it is conﬁned within
internal compartments (restricted), is reﬂected by obstacles but
still free to meander relatively freely throughout the medium
(hindered), or experiences higher diffusivity in some directions
and lower in others (anisotropic)—this simple relationship no
longer holds. Still, the approach used to derive Eq. 5 can be gen
eralized to treat each of these more complex cases (e.g., ref. 18).
Tanner later proposed the stimulated echo sequence and
discovered that it could also be sensitized to the effects of mol
ecular diffusion (19). This sequence is shown in Fig. 31.3D. In
spin echo NMR diffusion experiments, the net magnetization
remains in the transverse plane for the duration where spins
dephase with a time constant T2. In most tissues, however, T2
is short (on the order of 10 to 100 ms) compared to T1. For
diffusion times greater than T2, the loss of signal due to T2 re
laxation then limits the possibility of observing the additional
signal attenuation caused by the application of diffusion gra
dients within the sequence. The stimulated echo sequence ad
dresses this problem by storing the magnetization in the longi
tudinal direction for a prescribed period (the mixing time).
Although this trick reduces T2 signal loss and extends the max
imum diffusion time of the sequence, the price one pays is the
reduction in signal intensity by a factor of two compared with
the spin echo sequence.
Tanner also recognized that when NMR methods are used
to measure water diffusion in complex media, one must aban
don the notion of the self-diffusivity or self-diffusion constant.
In its place, he proposed an “apparent diffusion coefﬁcient”
(20), which has come to be referred to as an ADC. The ADC
is usually deﬁned as the ratio of the mean-squared displace
ment to twice the diffusion time. Generally, it is sensitive to the
composition and ultra and microstructure of the material in

A(b)
b  b ADC
A(0)

[6]

where A(b) is the measured echo magnitude; b is a measure of
the degree of diffusion weighting and depends on the strength
of the diffusion gradient pulses and the timing diagram, such
as the pulse width and temporal separation (20); and A(0) is
the echo magnitude without diffusion gradients applied. This
relationship is used in most modern diffusion MR studies,
with some notable modiﬁcations.
Figure 31.3 also shows the relationship between the NMR
pulse sequence parameters for a family of pulse sequences
commonly used in diffusion NMR studies. These include
(a) a constant gradient, (b) matched rectangular gradient
pulses, and (c) a train of bipolar gradients. These pulsed gra
dients are typically incorporated in spin echo or stimulated
echo sequences; however, diffusion sensitization can also be
achieved by applying them as diffusion preparation pulses
prior to the application of an imaging sequence. Neverthe
less, the b factor formalism is quite general and, in principle,
can be used for any pulse sequence. Reﬁnements and correc
tions to these formulas for nonrectangular pulses have also
been calculated (21).
In diffusion NMR, a single scalar diffusion coefﬁcient or
ADC is measured from a set of diffusion-weighted signals,
generally by using linear regression of Eq. 6. Diffusion coefﬁ
cients are generally obtained by systematically varying b, by
varying either G or L or both, and then measuring the slope of
the semilogarithmic plot of ln[A(b)/A(0)] versus b (16).
The application of this measurement of water diffusion
properties in tissues by NMR methods to tissues has a surpris
ingly long history (22). Pioneering studies by Chang et al.
(23,24), Rorschach et al. (25), Cooper et al. (26), Hazlewood
et al. (27), and Tanner (19,20,28,29), and by Cleveland et al.
(30) and Hansen (31) in skeletal muscle and Hansen (31) in
brain tissue, all signiﬁcantly pre-date the earliest diffusion
MRI studies of these and other tissues (32–35) by well more
than a decade. Even anisotropic diffusion was detected in
NMR experiments on skeletal muscle (36).
These early NMR studies measured the diffusion of pro
tons in tissue because water is so abundant there (approxi
mately 100 molar), and the large gyromagnetic ratio of pro
tons in water results in a large measurable NMR signal. It was
also clear to these investigators why this NMR methodology is
well suited to the study of cells and tissues—for typical diffu
sion times, the NMR diffusion experiment can probe water
displacements at micrometer length scales. This can be seen
from the Einstein equation, Eq. 1. Assuming that for free wa
ter at 37°C, D � 3 X 103 pm2/s and the diffusion time is on the
order of 0.02 second, one ﬁnds that the root mean-squared
(RMS) displacement is about 10 pm, which is comparable to a
cell diameter.

Diffusion Imaging
The development of MRI entailed using NMR pulse gradient
sequences speciﬁcally to localize a population of spins in space
(37). As Lauterbur perspicaciously observed, it also created
the potential for incorporating existing NMR measurements
of relaxation properties within an MRI sequence: “The basic
zeugmatographic principle . . . permits the generation of two
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and three dimensional images displaying chemical composi
tions, diffusion coefficients, and other properties of objects
measurable by spectroscopic techniques” (37). Although
the possibility of combining diffusion NMR and MRI was
foreseen by Lauterbur in 1973 (37), it was not until 1984
that diffusion MRI was first realized. In a series of two pa
pers, Wesbey et al. showed how one can account for the ef
fects of diffusion gradients within an MRI sequence (35)
and demonstrated diffusion MRI in different phantoms
(34). Unfortunately, this implementation of diffusion MRI
(DI) did not allow for separate control of the imaging gra
dients used to perform spatial localization and of the diffu
sion gradients used to sensitize the mobile spins to be able
to measure their displacements. However, in 1985, clini
cally useable diffusion MRI sequences were first proposed
and realized (22,32,33) that overcame this problem. Several
excellent books and review articles have been written de
scribing many important aspects of diffusion MRI (e.g.,
refs. 38 and 39).

Diffusion-Weighted Images
Diffusion weighted images (DWIs) are MRIs obtained by in
corporating diffusion gradient pulses within a conventional
MRI pulse sequence (34). The intensity of a DWI is
“weighted” or attenuated by the effective diffusivity of the
spin-labeled species in each voxel, just as the diffusion NMR
signal is weighted or attenuated by the diffusivity within the
excited volume. Technical issues associated with the acquisi
tion and analysis of DWIs are discussed later.

Diffusion Imaging and Apparent
Diffusion Coefﬁcient Maps
Just as a scalar diffusivity can be measured from a series of
diffusion-weighted NMR spin echoes, a scalar ADC in each
voxel can be measured from a set of DWIs. These images are
generally referred to as ADC maps. Speciﬁcally, from these
DWIs, an ADC is estimated in each voxel using linear regres
sion of Eq. 6, just as a single ADC in a diffusion NMR exper
iment is estimated. An important innovation in DI, however,
is that the b value (20) in general must include not only the
effects of the diffusion gradients themselves, but also those of
the imaging gradients (38). Originally, it was thought that only
imaging gradients applied along the same direction as the dif
fusion-sensitizing gradient direction needed to be included in
the evaluation of the b factor (38,40), but it was shown that
imaging gradients applied in other directions may produce ad
ditional diffusion weighting (41). This common misconception
was probably based on statements made in earlier diffusion
NMR studies (16,19).
DI is inherently a one-dimensional technique, that is, we
can use it to measure the projection of all molecular displace
ments along only one direction. In tissues such as brain gray
matter in which the ADC is largely independent of the orien
tation of the tissue (isotropic), acquiring such information is
usually sufﬁcient. However, in anisotropic media such as skele
tal and cardiac muscle (29,30,42) and in white matter (43–46)
in which the ADC is known to depend on the orientation of
the tissue, no single ADC can characterize the orientationdependent water mobility in these tissues. Such orientationally
biased diffusion, however, can be characterized more faithfully
by a symmetric effective or apparent diffusion tensor of water,
D (e.g., ref. 1). The NMR measurement of D (47) and the
analysis and display of the information it contains in each
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voxel is called diffusion tensor imaging (DTI) or diffusion ten
sor MRI (also called DTI) (48).

DIFFUSION TENSOR MRI
Diffusion tensor MRI (sometimes abbreviated as DT-MRI but
more commonly as DTI) is inherently three dimensional. In
DTI, the effective diffusion tensor, D (or functions of it), is es
timated from a series of DWIs using a relationship between the
measured echo signal in each voxel and the applied magnetic
ﬁeld gradient sequence (47,49–51) that is based on Stejskal’s
solution to the modiﬁed Torrey-Bloch equation (16):

ln a

A(b)

3

3

b   a a bij Dij  (bxxDxx + 2bxyDxy
A(b  0)
0
i

1 j

1

[7]

+ 2bxzDxz + byyDyy + 2byxDyx + bzzDzz)
Here, A(b) is the echo magnitude of the diffusion-weighted sig
nal, A(b = 0) is the echo magnitude of the non–diffusion
weighted signal, and bij is a component of the symmetric b ma
trix, b. Just as in DI, in which a scalar b factor is calculated for
each DWI, in DTI a symmetric b matrix is calculated for each
DWI. Whereas the b value summarizes the attenuating effect
on the MR signal of diffusion and imaging gradients in one di
rection (40), the b matrix summarizes the attenuating effect of
all gradient waveforms (i.e., all imaging and diffusion gradient
sequences) applied in all three directions, x, y, and z
(47,49–51). Just as in DI one uses each DWI and its corre
sponding b factor to estimate an ADC using linear regression of
Eq. 6, in DTI one uses each DWI and its corresponding b ma
trix to estimate D using multivariate linear regression1 of Eq. 7.
There are two important distinctions between DI and DTI.
In DTI one must apply diffusion gradients along at least six
noncollinear directions (47), whereas in DI it is sufﬁcient to
apply diffusion gradients along only one direction. Second,
one must expand the notion of “cross-terms” between imaging
and diffusion gradients to account for possible interactions be
tween imaging and diffusion gradients that are applied in or
thogonal directions and even between imaging gradients that
are applied in nonorthogonal directions (49,50). In isotropic
media, gradients applied in orthogonal directions do not pro
duce cross-terms, but in anisotropic media, they can. This fact
had not been considered before.
Finally, it is easy to see that DTI subsumes DI. If the
medium is isotropic, then Dxx  Dyy  Dzz  D and Dxy 
Dxz  Dyz  0. Then Eq. 7 reduces to Eq. 6 with b  bxx + byy
+ bzz  Trace(b). If the medium is not isotropic, then one can
show that ADC, D, measured along a direction speciﬁed by
the unit column vector r̂ is given by r̂T D r̂.
It is important to note that MRI measurements of the
ADC, T1, T2, magnetization transfer rate, proton density, and
chemical spectra were all preceded by classical NMR mea
surements of these quantities, which in some cases were ﬁrst
performed almost a half century before their MRI counter
part was. This was not the case with DTI. There were no clas
sical NMR methods developed to measure the self-diffusion
tensor or the effective (or apparent) diffusion tensor of water
(or other media) in an arbitrary laboratory coordinate system.
Thus, the development of DTI (48) ﬁrst required the inven
tion of a methodology to measure D from the NMR signal
(47,52).
1

Multivariate linear regression is just one of a number of techniques,
including nonlinear regression and singular-value decomposition, that
could be used to estimate D from the echo data.
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FIGURE 31.4. A: In isotropic media,
the root-mean-squared displacement
or diffusion ellipsoid is spherical.
B: However, in anisotropic media, the
diffusion ellipsoid is either prolate or
oblate, and its three principal directions
are coincident with the eigenvectors of
D, namely A1, A2, and A3.

B

A

Geometric Representation of Translational
Diffusion in Three Dimensions
The simplest and most intuitive way to understand the infor
mation content in D is by considering a Gedanken experiment
in which we follow the Brownian motion of an ensemble of
“tagged” water molecules released from the center of a voxel.
If the rate of diffusive transport is the same in all directions,
diffusion is said to be isotropic and is completely speciﬁed by
a single scalar constant, D, the diffusion coefﬁcient. Thus, dif
fusion isotropy describes the case in which the molecular dif
fusivity is independent of the medium’s orientation, so the cor
responding diffusion tensor in this case is an isotropic tensor
(53). For a diffusion time, L the translational displacement dis
tribution is spherically symmetric, and surfaces of constant
probability or water concentration are concentric spheres, as
seen by setting the exponent of Eq. 3 to a constant. It is con
venient to choose the constant to be 1/2; then
<r2>

( 12D¢ )2  2D¢

[8]

where the radius of the diffusion sphere, 22D¢, is one half of
the standard deviation, u, of P(r, Ll0, 0):
s  24D¢

[9]

Using the well-known Einstein formula (7) as given in Eq. 8,
we see that the radius of this particular diffusion sphere equals
the RMS displacement of water molecules after diffusion time
L. A graphical representation of this diffusion sphere is shown
in Fig. 31.4A.
Diffusion anisotropy implies that the translational displace
ment of the diffusing species depends on the medium’s orien
tation. In homogeneous anisotropic media, the voxel-averaged
displacement distribution is slightly more complicated than
Eq. 3:
P(r, L 0, 0)  P((x, y, z), L (0, 0, 0), 0)
1
2|D| (41¢)3

[10]
1

exp a

 (x, y, z) D

T

(x, y, z )

4¢

b

Now the matrix of variances and covariances, 2LD, in Eq. 10, re
places the variance, 2LD, in Eq. 3; the |D| that appears in Eq. 10
replaces D3 in the normalization factor of P(r, Ll0, 0) in Eq. 3. So,
when we construct surfaces of constant probability [again by set
ting the exponent of P(r, Ll0, 0) to a constant], we obtain
2
(DyyDzz  Dyz
) x2 + 2(DxzDyz  DxyDzz)xy + (DxxDzz
2
)y2 + 2(DxyDyz  DxzDyy)xz + 2(DxyDxz
Dxz
2
)z2
DxxDyz)yz + (DxxDyy  Dxy

lDlL

[11a]

which, when written more compactly as
ax2 + 2bxy + dy2 + 2cxz + 2eyz + fz2  1

[11b]

is easily recognized as the equation of a three-dimensional
ellipsoid2 called the “diffusion ellipsoid” (1,14,48). There is an
interesting connection between this geometric construct,3 which
is depicted in Fig. 31.4B, and the three-dimensional displacement
distribution: In general, six free parameters are required to spec
ify the shape and orientation of the ellipsoid and the number of
independent components of the diffusion tensor required to
specify the form of the three-dimensional displacement distribu
tion for some diffusion time L. In a fully anisotropic medium, all
six independent parameters (a, b, c, d, e, f) in Eq. 11b, or equiv
alently all six independent coefﬁcients of D (Dxx, Dyy, Dzz, Dxy,
Dxz, and Dyz) are required; in a cylindrically symmetric (trans
versely isotropic) medium, four independent parameters in Eq.
11b, or equivalently four independent components of D, are re
quired, whereas in an isotropic medium, only one parameter, D,
is required (54, 55).
For an anisotropic medium, we can always rotate our labo
ratory (x, y, z) coordinate axes so that they are aligned with
the local principal (x', y', z') axes of the diffusion ellipsoid in
each voxel. In this frame, all off-diagonal elements of D van
ish, and the equation describing the diffusion ellipsoid, Eq.
11a, simpliﬁes to
a

x'
22Ax' ¢

2

b + a

y'
22Ay' ¢

2

b + a

z'
22Az' ¢

2

b 1

[12]

Here Ax', Ay', and Az' are the principal diffusivities (or eigenval
ues) along the three respective principal directions Sx', Sy',
and Sz', and 22Ax' ¢, 22Ay' ¢, and 22Az' ¢, are the RMS displacements along these three principal directions at time L, respec
tively. The lengths of the major and minor axes of the diffusion
ellipsoid represent these three distances geometrically. It is im
portant to note that the direction of the principal (x', y', z')
axes of the diffusion ellipsoid are usually not known a priori
and generally do not coincide with the (x, y, z) laboratory co
ordinate axes. Moreover, the orientation of the ellipsoid must
be assumed to change in each voxel and thus must be deter
mined experimentally in each voxel (47).
In summary, both diagonal and off-diagonal elements of
D are essential in specifying the probability distribution in
Eq. 10 as well as in characterizing the size, shape, and
2
This is true because both D and the coefﬁcient matrix are positive def
inite.
3
We distinguish between the “measurement” and “diffusion” ellip
soids, which are related to each other through a 3D Fourier transform.
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Maps of Diffusion Tensor Components
Dxx

Dyy

Dxy

Dxz

Dzz

Dyz
FIGURE 31.5. Diffusion tensor magnetic resonance
imaging provides data for each slice within the imag
ing volume that consist of images of the three diagonal
elements of D (top row) and of the three off-diagonal
elements of D (bottom row). (From Pierpaoli C, Jez
zard P, Basser PJ, et al. Diffusion tensor MR imaging
of the human brain. Radiology 1996;201(3):637–648,
with permission.)

orientation of the diffusion ellipsoid constructed from D in
each voxel (Fig. 31.5). Diagonal and off-diagonal elements of
D are also used to calculate the MRI parameters discussed
later.

Quantitative DTI
Using information gleaned from the size, shape, orientation,
and distribution or spatial pattern of diffusion ellipsoids
within an imaging volume, we can characterize new features of
water diffusion within a voxel. The diffusion ellipsoid image
characterizes much of this information. It consists of a diffu
sion ellipsoid displayed in each voxel, which is calculated from
the measured diffusion tensor there. An example of an in vivo
diffusion ellipsoid image is shown in Fig. 31.6.
Scalar parameters that embody the distinct intrinsic fea
tures listed in the previous paragraph in italics are typically
calculated from the diagonal and off-diagonal elements of

D and can also be displayed as an image. The parameters de
scribing the size and shape of the ellipsoid should be rotationally
invariant, that is, independent of the orientation of the tissue
structures, the patient’s body within the MR magnet, the applied
diffusion-sensitizing gradients, and the choice of the laboratory
coordinate system in which the components of the diffusion ten
sor and magnet ﬁeld gradients are measured (56,57).
The most important quantitative scalar parameters pro
vided by DTI are the three sorted eigenvalues (i.e., the eigen
values of D described earlier but sorted in size order) A1, A2,
and A3, which are useful in characterizing the size and shape of
the diffusion ellipsoid. An example of an eigenvalue image is
shown in Fig. 31.7.
In particular, the three fundamental scalar invariants of D,
I1, I2, and I3, are deﬁned explicitly as functions of D:
I1  A1 + A2 + A3  Trace(D)
I2  A1A2 + A2A3 + A1A3  1/2 [Trace(D)2  Trace(D2)] [13]
I3  A1A2A3  Det(D)

Measured Diffusion Ellipsoids

T2-weighted image

CSF

white
matter
(corpus
callosum)
gray
matter

FIGURE 31.6. The T2-weighted axial image contains
a region of interest (ROI) encompassing the lateral
ventricles and the corpus callosum. A diffusion ellip
soid image constructed from each voxel within the
ROI shows the size, shape, and orientation of the dif
fusion ellipsoid. Cerebrospinal ﬂuid (CSF) is clearly
depicted by large spherical ellipsoids in which diffu
sion is free and isotropic. Gray matter is depicted by
smaller spherical ellipsoids, indicating isotropic but
lower mean diffusivity than in the CSF. White matter
is depicted by prolate diffusion ellipsoids whose polar
axis is aligned with the purported white matter ﬁber
direction in the corpus callosum. (From Pierpaoli C,
Jezzard P, Basser PJ, et al. Diffusion tensor MR imag
ing of the human brain. Radiology 1996;201(3):
637–648, with permission.)
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Maps of Eigenvalues of the Diffusion Tensor

λ1

λ2

λ3

FIGURE 31.7. Images or maps of the three sorted eigenvalues A1, A2, and A3. Different regions of brain
can be distinguished by examining these images. Cerebrospinal ﬂuid is uniformly bright in these images,
indicating that diffusion is isotropic and high there. Gray matter regions are nearly uniform in brightness,
whereas white matter regions, like the corpus collosum at the center, is bright in the A1 image but dark in the
A2 and A3 images, indicating signiﬁcant diffusion anisotropy there. (From Pierpaoli C, Jezzard P, Basser et al.
Diffusion tensor MR imaging of the human brain. Radiology 1996;201(3):637–648, with permission.)

I1, I2, and I3 also appear as coefﬁcients of the characteristic
equation of D,
A3  I1A3 + I2A  I3  0

[14]

which is used to calculate A1, A2, and A3.
Another desirable property of the scalar invariants and
their functions is that each is independent of the order of the
eigenvalues; therefore, their value is unchanged when we per
mute the subscripts of the eigenvalues. Moreover, each scalar
invariant has a distinct geometrical (and physical) interpreta
tion. I1 is proportional to the sum of the squares of the major
and minor axes of the diffusion ellipsoid. I2 is proportional to
the sum of the squares of the areas of the three principal el
lipses of the diffusion ellipsoid. I3 is proportional to the square
of the volume of the diffusion ellipsoid.

Characterizing the Size of
the Diffusion Ellipsoid
The quantities to be described characterize the size of the dif
fusion ellipsoid, independent of its orientation and shape. The
ﬁrst scalar invariant, I1, can be written in several ways:
I1  Trace(D)  Dxx + Dyy + Dzz
 3<D>  A1 + A2 + A3  3<A>

[15]

Physically, Trace(D) is three times the orientationally aver
aged diffusivity, <D>, which can be obtained by arithmeti
cally averaging the ADC uniformly over all possible direc
tions (58). By integrating over all directions, this quantity
measures an intrinsic property of the tissue, which is indepen
dent of ﬁber orientation, gradient directions, and so on. An
example of an image of Trace(D) of brain parenchyma is pro
vided in Fig. 31.8.
Moseley et al. discovered in animals (59–61), and Warach
et al. later showed in humans (62,63), that a reduction of the
ADC in brain parenchyma is a sensitive indicator of the onset
and severity of a cerebral ischemic event. Moreover, an eleva
tion in ADC was observed in chronic stroke, primarily in lacu
nar infarcts. Thus, the proposal was made to attempt to follow
an acute stroke in progress and the subsequent chronic degen
eration it caused. Achieving this goal was hampered by orien
tationally dependent diffusion characteristics of white matter
as measured in DI. In anisotropic white matter, DWI intensity

and the ADC depend on the direction of the diffusion-sensitizing
gradient and the white matter fiber tracts in that voxel
(44,64,65). Thus, it was not known whether an observed
change in signal intensity is of a physiologic origin (brought
on by the ischemic event itself) or arose because of the partic
ular relative orientation of the white matter tracts and the ap
plied diffusion gradient. In ischemia monitoring, diffusion
anisotropy in white matter produced directionally dependent
intensity variations in DWIs and even in ADC maps that com
plicated their interpretation. The solution to this problem was
provided by DTI. Unlike the DWI signal intensity and the
ADC, we know a priori that Trace(D) is inherently indepen
dent of both the direction of the diffusion-sensitizing gradient
and the white matter ﬁber tract orientation in a voxel (56).
Thus, Trace(D) eliminates all orientational dependence seen in
DWIs and ADCs, and so changes in signal intensity or contrast
can be ascribed solely to changes in the structure and state of
the tissue. This is one factor that has contributed to the utility
of Trace(D) in stroke assessment and monitoring. A second
factor is the ﬁnding that in the mammalian brain Trace(D) is
highly uniform in normal brain parenchyma (66–69). Re
markably, it has virtually the same value in both white and
gray matter. Van Gelderen et al. (69) demonstrated experi
mentally in cats and Ulug et al. (68) in humans that an image
of Trace(D) (or of <D>) deﬁnes ischemic regions better than
a corresponding DWI or an ADC map.
Several imaginative MR sequences have been devised to
measure Trace(D) using only two DWIs (70–72). An image
constructed from a Trace(D) map that is used in the assess
ment of stroke is a trace-weighted or isotropically weighted
DWI. This can be obtained by computing Trace(D) and then
generating an image whose intensity is a function of it, such as
T exp[(b Trace(D)], where T is a positive constant. In this im
age, ischemic regions appear bright and normal parenchyma
appears dark.

Characterizing the Shape of
the Diffusion Ellipsoid
Characterizing the degree of diffusion anisotropy is tanta
mount to characterizing the shape of a three-dimensional dif
fusion ellipsoid independent of its orientation and size. Such a
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In Vivo Diffusion Tensor MRI
Rotationally Invariant Scalar Quantities
T2-weighted
amplitude

Anisotropy

Trace(D)

FIGURE 31.8. T2-weighted amplitude images (top row) are juxtaposed with lattice anisotropy maps
(middle row) and Trace(D) maps (bottom row) obtained for the same slice. Anisotropy maps highlight the
white matter regions and show low or no intensity in gray matter and cerebrospinal ﬂuid. Trace(D) im
ages are quite uniform in normal brain parenchyma. Hyperintense regions correspond to cerebrospinal
ﬂuid or ﬂuid-ﬁlled regions. (From Pierpaoli C, Jezzard P, Basser PJ, et al. Diffusion tensor MR imaging of
the human brain. Radiology 1996;201(3):637–648, with permission.)

measure should also be independent of the sample’s placement
or its orientation with respect to the (laboratory) x, y, z refer
ence frame (48). Arriving at such parameters is best done by
analyzing the anisotropic part of the diffusion tensor or the
“diffusion deviation tensor” in each voxel, D (41,73):
DD

<D> I

[16]

where we see the familiar mean diffusivity, <D>, multiplied
by the identity tensor, I. The magnitude of diffusion deviation
tensor, Trace(D2), can be shown to be proportional to the
mean-squared deviation of the eigenvalues or principal diffu
sivities (41):
1/3 Trace(D2) 

1
Q(A1  8A9)2 + (A2  8A9)2 + (A3  8A9)2R
3

 Variance(A)

[17]

This quantity, which is rotationally invariant, is the basis of a
number of diffusion anisotropy measures, such as the relative
anisotropy (RA) and the fractional anisotropy (FA) (41),
which both characterize the degree of “out-of-roundness” of
the diffusion ellipsoid. The RA is just the coefﬁcient of varia
tion of the eigenvalues, which has been previously used in crys
tallography as an “aspherism coefﬁcient” (74).
Another useful “shape” parameter is the third moment or
skewness of the eigenvalues:
1/3 Trace(D3) 

1
Q(A1  A )3 + (A2  A )3 + (A3  A )3R
3

 Skewness(A)

[18]

It helps us to decide whether the diffusion ellipsoid is prolate
[i.e., cigar shaped, as observed in white matter ﬁbers in the
corpus callosum and in the pyramidal tract in monkeys (66)
and in humans (67)], or oblate [i.e., pancake shaped, as ob
served in white matter in the subcortical white matter regions

in the centrum semiovale in humans (67)]. Clearly, it would be
useful to know higher moments of the distribution of eigen
values of D, such as the Kurtosis(A), to characterize diffusion
anisotropy more completely, but background noise in DWIs
can make such measured quantities unreliable. Background
noise even causes one to overestimate the variance of the
aforementioned eigenvalues and other measures of diffusion
anisotropy (66). Pierpaoli et al. attempted to ameliorate this
problem by proposing the lattice anisotropy index (67), an im
age of which is displayed in Fig. 31.8.
Other anisotropy measures have also been proposed,
some differing from the FA and RA by only a scale factor
(75). Novel measures have been proposed that are based on a
“barycentric” representation of the diffusion tensor, in which
it is decomposed into linelike, planelike, and spherelike ten
sors that correspond to diffusion ellipsoids that are prolate,
oblate, and spherical, respectively (76). The information pro
vided by this interesting approach should still be compared
with the information contained in the three moments of D—
the mean, variance, and skewness. One issue that should be
examined in the barycentric representation of diffusion ten
sor data is whether it is sensitive to the order in which the
eigenvalues of D are sorted. Although the moments of D
given in the foregoing are insensitive to the order of the
eigenvalues, dependence on their order renders quantities
susceptible to a statistical bias caused when these eigenvalues
are sorted (66).

Characterizing the Orientation and
Directional Pattern of Diffusion Ellipsoids
Another important development in DTI is the introduction of
quantities that reveal architectural features of anisotropic
structures, such as nerve ﬁber tracts in brain. Useful informa
tion can be gleaned from the diffusion tensor ﬁeld, which
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Displaying 3-D Fibers in 2-D

internal
capsule

corpus callosum

T2-weighted image

2-D fiber field direction map

includes the directional pattern of diffusion ellipsoids within
an imaging volume. Early on, it was proposed that in ordered
ﬁbrous tissues, the eigenvector associated with the largest
eigenvalue within a voxel is parallel to the local ﬁber direction
(48). Imaging methods that apply this idea include direction
ﬁeld mapping, in which the local ﬁber direction is displayed as
a vector in each voxel (Fig. 31.9), and ﬁber-tract color map
ping, in which a color assigned to a voxel containing
anisotropic tissue is used to signify the local ﬁber tract direc
tion (Fig. 31.10) (77). A color map displaying commissural,
association, and projection ﬁbers is shown in Fig. 31.11.
DTI ﬁber tractography (78–88) is a DTI-based methodol
ogy for following ﬁber tract trajectories within the brain and
other ﬁbrous tissues. In one embodiment, ﬁber tract trajecto
ries are generated from the ﬁber tract direction ﬁeld in much
the same way that ﬂuid streamlines are generated from a ﬂuid
velocity ﬁeld. Figure 31.12 shows a schematic diagram out
lining how such ﬁber tracts are calculated from DTI data. Sev
eral examples of computed tracts in the brain are presented in
Figs. 13 to 15. Streamline-based methods have been criticized
for not being able to follow tracts through regions in which

FIGURE 31.9. A T2-weighted image
juxtaposed with a two-dimensional
ﬁber direction map of the same slice.
Whereas ﬁbers lying within the plane
of the image, such as the corpus callo
sum, are well depicted, ﬁbers running
perpendicular to the plane of the im
age, such as in the internal capsule,
are difﬁcult to discern. (From Pajevic
S, Pierpaoli C. Color schemes to rep
resent the orientation of anisotropic
tissues from diffusion tensor data: ap
plication to white matter ﬁber tract
mapping in the human brain. Magn
Reson Med 1999;42(3):526–540,
with permission.)

ﬁber topology is complex, that is, where ﬁbers cross, merge,
kiss, and so on. More recently, probabilistic methods have
been proposed to track anatomic connections between one
region of the brain and another (89,90) (Fig. 31.16). It is dif
ﬁcult to validate the predictions of any of these tractography
methods. Certainly, unexpected artifacts in tractography can
arise when discrete, coarsely sampled, noisy, voxel-averaged
direction ﬁeld data (81) are used or when one attempts to fol
low incoherently organized nerve pathways (91). These arti
facts could suggest phantom connections between different
brain regions that do not exist anatomically or cause the fail
ure to elucidate connections that do exist. Moreover, the fun
damental limitation in most advanced MR techniques, all of
which are signal-to-noise starved, is simply inadequate signalto-noise ratio (SNR). This basic, yet extremely important con
cept is often ignored by radiologists and referring doctors
when presented with DTI tractography images, yet probably
the most common cause of absent connectivity implied by
DTI tractography is insufﬁcient SNR (Fig. 31.17). Therefore,
great care must be exercised both in obtaining and in inter
preting such “connectivity” data (83).

Color Encoding of Fiber Direction

T2-weighted image

Color map of fiber direction

FIGURE 31.10. A T2-weighted image juxta
posed with a direction-encoded color map of the
same slice as depicted in Fig. 31.9. This color
scheme overcomes the problem described in Fig.
31.9 because all ﬁbers can be perceived and their
orientations determined from the color wheel in
the legend. (From Pajevic S, Pierpaoli C. Color
schemes to represent the orientation of
anisotropic tissues from diffusion tensor data:
application to white matter ﬁber tract mapping
in the human brain. Magn Reson Med 1999;
42(3):526–540, with permission.)
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occipito - frontal
fasciculus
arcuate (or
longitudinal superior)
fasciculus
uncinate
fasciculus
inferior
longitudinal
fasciculus
middle cerebellar
peduncle

pontine transverse fibers

contico-spinal tract

forceps
major

superior cerebellar
peduncle
middle cerebellar
peduncle
sensory
pathways

FIGURE 31.11. This direction-en
coded color map allows us to iden
tify the major association, commis
sural, and projection pathways in
the brain. (From Pajevic S, Pier
paoli C. Color schemes to represent
the orientation of anisotropic tis
sues from diffusion tensor data: ap
plication to white matter ﬁber tract
mapping in the human brain. Magn
Reson Med 1999;42(3):526–540,
with permission.)

vertical
occipital
fibers

optic radiations

DWI Artifacts
Numerous well-known artifacts can affect DW image quality,
which are presented here in the order of their importance. Sub
ject motion during the MR scan can cause ghosting or an arti-

DTI Fiber Tractography
t(s1)

D(r)

ε1(r) ≡ t(s)

r(s1)

t(s2)

r(s)

r(s2)

z
y
x

A fiber tract is represented by a space curve, r(s), whose
trajectory is found from the diffusion tensor field, D(r), by
following the direction of maximum diffusivity.
FIGURE 31.12. The central idea in diffusion tensor imaging (DTI)
ﬁber tractography is to follow the direction of maximum diffusivity
from some chosen starting point on a ﬁber. Here, the ﬁber is depicted
in blue. The differential equation used to calculate it is also given (83).

factual redistribution of signal intensities within DWIs. Rigidbody motion, such as rotation and translation, is the easiest to
correct for, since it involves applying a uniform phase offset to
an entire image. This problem has been addressed by incorpo
rating navigator echoes in the DWI pulse sequence (92,93).
More pernicious is non–rigid-body motion caused by eye
movements, pulsations of cerebrospinal ﬂuid, and so on. These
artifacts have not been completely eliminated, but they can be
mitigated by the use of fast echo-planar DWI sequences and
cardiac gating.
The large, rapidly switched magnetic ﬁeld produced by the
gradient coils during the diffusion sequence induces eddy cur
rents in the electrically conductive structures of the MRI scan
ner, which in turn produce an additional unwanted, slowly de
caying magnetic ﬁeld. Two undesirable effects result: (a) The
ﬁeld gradient at the sample differs from the prescribed ﬁeld gra
dient (thus causing a deviation from the prescribed b matrix),
and (b) the slowly decaying ﬁeld causes geometrical distortion
of the DWI. These artifacts can adversely affect diffusion imag
ing studies because the diffusion coefﬁcient or diffusion tensor is
generally calculated in each voxel from a multiplicity of DWIs
assuming that the prescribed gradients are the same as the gra
dients actually being applied to the tissue. Uncompensated im
age distortion can lead to systematic errors in these estimated
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FIGURE 31.13. Examples of computed
ﬁber tracts in the brain, using the scheme
outlined in Fig. 31.12. In particular, the
pyramidal tracts are reconstructed by
launching trajectories in both directions
within white matter regions of interest
(ROIs) chosen in the Pons (shown on the
right).

diffusion parameters. Single-shot echo planar imaging (EPI) ac
quisitions are quite susceptible to eddy-current artifacts, and so
correction schemes have to be used. One widely used strategy is
to warp each DWI to a common template; another is to try to
use a model of the effects of the eddy current on the phase map
to correct it (94). An additional successful approach uses a
twice-refocused spin echo sequence (95).
Large discontinuities in the bulk magnetic susceptibility,
such as those that occur at tissue–air interfaces, produce local
magnetic ﬁeld gradients that are notorious for their contribu
tion to image distortion, particularly during EPI. In addition to
the image distortion, susceptibility variations within the brain
adversely affect DWIs because the additional local gradients
act like diffusion gradients, causing the b matrix to be spatially
varying. Fortunately, this affect appears to be limited to the
volume of the brain adjacent to the sinuses (96).
Although at low levels of diffusion weighting the logarithm
of the signal attenuation decreases linearly with increasing b
value, background noise causes the DWI intensity to approach
a baseline “noise ﬂoor” as one progressively increases the de
gree of diffusion weighting. Noise can introduce errors in the
estimated diffusion coefﬁcients or diffusion tensors when

using Eq. 6 or 7 in this regime. Background noise leads primar
ily to a bias in anisotropy measures of D because noise always
makes isotropic media appear anisotropic and anisotropic me
dia appear more anisotropic (66). It was found that noise can
also bias the mean and variance of the eigenvectors of D (97).
There are few useful remedies to correct for noise (66,97–99).
The following problems can produce artifacts as well: Im
proper refocusing of radiofrequency pulses leads to additional
signal loss. Background gradients can be present because of
improper shimming, which leads to additional signal attenua
tion if not properly compensated for. This problem can often
be remedied by measuring the background gradients directly
(100) and incorporating them explicitly in the formula relating
the signal intensity and the diffusion coefﬁcient or tensor. Flip
ping the signs of the diffusion gradients on alternate averages
has been suggested as an aid in removing most cross-terms.
Clearly, cross-terms arising between imaging gradients, albeit
small, would not be corrected using this method. Moreover,
averaging should be done on the logarithm of the intensity
rather than the intensity; otherwise, gradient cancellation will
not occur. Gradient nonlinearity and miscalibration can lead to
errors in the calculation of the diffusion coefﬁcient or diffusion

FIGURE 31.14. The corpus callosum is reconstructed by launching ﬁbers in both directions starting from
a region of interest located in the interhemispheric plane. Both coronal and sagittal views are shown.
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Problems in Inferring Tissue Microstructure
from the NMR Signal

FIGURE 31.15. An example of computed ﬁber tract trajectories in the
human brain. Here, bundles of fascicles are represented as streamtubes
whose axes follow the local direction of maximum diffusivity. Highdimensional diffusion tensor imaging data provide information to
construct maps of white matter pathways. (Courtesy of Derek Jones.)

tensor from a set of DWIs. The diffusion attenuation at differ
ent gradient strengths must be known for these formulas to
provide meaningful results. If these gradients are not well cal
ibrated or are not linear, signal attenuation observed in the im
age will be misattributed to diffusion processes in the sample.
If the gradients in the x, y, and z directions are coupled to one
another (i.e., there is cross-talk) because of misalignment, then
gradients applied in logical directions may have components in
other directions. Such cross-talk could lead to problems, par
ticularly in diffusion tensor MRI (101,102).

Inferring the microstructure and the underlying architectural or
ganization of tissue using diffusion imaging data is complicated
by several factors. First, homogeneity within each voxel cannot
be assumed. Numerous microscopic compartments exist in
brain parenchyma. Typically gray matter, white matter, and
cerebrospinal ﬂuid can occupy the same voxel. Generally, the
number of these distinct tissue types and their distribution
within the voxel are unknown. At an ultrastructural level, gray
matter and white matter are generally quite heterogeneous, hav
ing a distribution of macromolecular structures with a range of
sizes, shapes, composition, and physical properties (such as T2,
D). Differences in relaxation parameters can lead to different
rates of echo attenuation in each compartment, making it more
difﬁcult to explain the cause of signal loss within a voxel. There
are also irregular boundaries between macromolecular and microscopic-scale compartments. Different macromolecular struc
tures comprising these boundaries may affect the displacement
distribution of water molecules differently. Water molecular
motion may be restricted or hindered. Some water will be asso
ciated with certain macromolecules, whereas some will be free
to diffuse. Generally, how water moves within and between tis
sue compartments is not well understood.
Another unknown is whether there is exchange between
compartments, which can also affect the relaxation rates of the
spin system. Owing to differences in blood ﬂow and thermal
conductivity, temperature cannot be assumed to be uniform
throughout a tissue sample. It is well known that temperature
affects the measured diffusivity (103–105).
As an aside, the foregoing list explains in part why the un
derlying cause of diffusion anisotropy has not been fully elu
cidated in brain parenchyma. Previously, it was thought that
ordered, heterogeneous structures, such as large, oriented ex
tracellular and intracellular macromolecules, supermacromol
ecular structures, organelles, and membranes, all contributed

FIGURE 31.16. Connectivity implied by tractography. Lateral surface view (top left) and mesial surface
view (top right) demonstrate the remarkably high density of ﬁber bundles using an alternative postpro
cessing algorithm. With this interface, a user-deﬁned voxel of interest in the internal capsule (bottom left)
segments out bundles, which are further deﬁned to intersect multiple such selected voxels (bottom right),
potentially indicating functional connectivity. (From Sherbondy A, Akers D, Mackenzie R, et al. Explor
ing connectivity of the brain’s white matter with dynamic queries. IEEE Trans Vis Comp Graphics
2005;11:419–430, with permission.)
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FIGURE 31.17. Dependence of diffusion tensor imaging (DTI) tractography on signal-to-noise ratio
(SNR). DTI tractography of ﬁber bundles in corpus callosum (left) and corticospinal tracts (center, right)
shows signiﬁcant difference in apparent density of white matter bundles solely based on differing acqui
sition techniques with SNR. Gold-colored bundles were generated using six excitations, whereas bluecolored bundles were generated using a clinically feasible protocol with one excitation. (Courtesy of
R. Bammer, Stanford.)

to diffusion anisotropy (106); however, work by Beaulieu
(107,108) implicated nerve membranes as the primary cause
of diffusion anisotropy. In the central nervous system, it is
clear that diffusion anisotropy is not simply caused by myelin
in white matter because it has been shown in several studies
that even before myelin is deposited, diffusion anisotropy can
be measured using MRI (107–110). Thus, despite the fact that
increases in myelin are temporally correlated with increases in
diffusion anisotropy, structures other than the myelin sheath
must be contributing to diffusion anisotropy. This is an im
portant point because there is a common misconception that
the degree of diffusion anisotropy can be used as a quantitative
measure or “stain” of myelin content, when, in reality, no such
simple relationship exists.
With the advent of stronger magnetic ﬁeld gradients, several
groups have reported multiexponential decay of the MR signal
intensity as a function of b value (e.g., ref. 111) and have at
tempted to infer from it the properties of distinct tissue compart
ments. With only background noise added to the DWI signal,
one could misinterpret the noise baseline as arising from a sepa
rate compartment. Putting aside the complexities of obtaining
stable estimates of discrete exponentials (i.e., diffusion relaxog
raphy), numerous microstructural and architectural conﬁgura
tions could produce the same multiexponential relaxation data.
For example, Peled et al. showed that a system of impermeable
tubes with a distribution of diameters consistent with those
found in histologic brain slices could give rise to multiexponen
tial decay of the signal (112). Similar behavior is expected when
there is a statistical distribution of any relevant physical prop
erty or microstructural dimension within a voxel. It is unlikely
that a particular exponential can ever meaningfully be assigned
to a particular and distinct tissue compartment. Clearly, without
invoking additional a priori information about tissue structure,
tissue composition, the physical properties of the different com
partments, and their spatial distribution, determining tissue mi
crostructural and architectural features from the NMR signal is
an ill-posed and intractable inverse problem.

Multisite or Longitudinal Studies
Longitudinal studies are becoming important in following pa
tients with stroke and neurodegenerative diseases to assess the
natural history of diseases and predict outcome (Fig. 31.18).
Multisite studies are also becoming increasingly feasible in an
era in which DTI has become widely available in the clinic and
is being used to explore brain development and a broad array
of disease processes in the brain in general. Drug safety and ef
ﬁcacy can also potentially be evaluated by DTI and other quan

titative imaging methods. In performing multisite or longitudi
nal DTI studies, several additional issues arise. The most basic
is how to compare high-dimensional diffusion tensor data from
different individuals or from the same individual at different
times. This tensor data generated from a DTI acquisition con
tains both scalar and vector information. Applying warping
transformations developed only for scalar images produces
nonsensical results when applied to DTI data unless one takes
appropriate precautions to preserve the features of the tensor
ﬁeld. There is still much work to be done to understand how
properly to warp and register diffusion tensor ﬁeld data.
In both longitudinal and multisite studies, it is advisable to
use the same imaging acquisition hardware, reconstruction
software, and postprocessing routines to help control for un
necessary variability. All sites should use a well-characterized
physical phantom, even if it is an isotropic phantom, to ensure
that no systematic artifacts occur and that features of the
DWIs are stable in time and among platforms. “Living phan
toms” can also be useful for this purpose.
Statistical analysis of diffusion and diffusion tensor imaging
data is complicated by several factors. Although in an ideal dif
fusion tensor imaging experiment, D has been shown to be dis
tributed according to a multivariate normal distribution (113)
and Trace(D) has been shown to be normally distributed (114),
the parametric distribution of many other derived parameters
is either unknown or known not to be normal. In these cases,
we are precluded from using statistical hypothesis-testing
methods that assume an underlying normal distribution to de
termine whether an observed difference between different re
gions of interest is statistically signiﬁcant. Empirical methods
like the bootstrap—which allow determination of the distribu
tion of a statistical parameter empirically without knowledge
of the form of its distribution a priori—show great promise in
diffusion imaging studies (113), particularly now that many
single-shot DWIs can be acquired during a single scanning ses
sion, making this method practicable and accurate. Statistical
properties of measured DTI parameters can then be compared
on a voxel-by-voxel basis to assure data quality.

CONCLUSION
Both diffusion MRI and diffusion tensor MRI that subsumes it
provide new means to probe tissue structure at different levels
of hierarchic organization (Fig. 31.19). Although experimental
diffusion times are associated with water molecule displace
ments on the order of micrometers, these molecular motions
are ensemble averaged within a voxel and then subsequently
assembled into multislice or 3D images of tissues and organs.
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FIGURE 31.18. Prediction of outcome in premature
infants by diffusion tensor imaging data. Data from a
normal-appearing right internal capsule on T2
weighted imaging (upper left), also shown on the cor
responding diffusion-weighted image (DWI), frac
tional anisotropy map (FA), and apparent diffusion
coefﬁcient map (ADC), showed a statistically signiﬁ
cant abnormality in white matter structure in very
low birth weight infants with poor outcome com
pared with an otherwise similar group of premature
infants who had normal neurologic outcome. Mag
netic resonance imaging was performed at a termequivalent age in all individuals. (From Arzoumanian
Y, Mirmiran M, Barnes PD, et al. Diffusion tensor
brain imaging ﬁndings at term-equivalent age may pre
dict neurologic abnormalities in low birth weight
preterm infants. AJNR Am J Neuroradiol 2003;24:
1646–1653, with permission.)

FIGURE 31.19. Segmented anatomy of thalamic nuclei by
diffusion tensor imaging. Using an automated segmentation
method of postprocessing called the k-means clustering al
gorithm, an elegant depiction of the nuclei within the thala
mus (bottom) is generated from raw diffusion tensor images
(top left). The detail of anatomy surpasses traditional text
book depictions of histopathology (top right). (From
Wiegell MR, Tuch DS, Larsson HB, et al. Automatic seg
mentation of thalamic nuclei from diffusion tensor mag
netic resonance imaging. NeuroImage 2003;19:391–401,
with permission.)
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Part Five: Advanced Applications

Thus, this imaging modality permits us to study and elucidate
complex structural and architectural features spanning length
scales ranging from the macromolecular to the macroscopic
without the use of exogenous contrast agents.
Quantitative parameters derived from the diffusion tensor,
such as maps of the eigenvalues of the diffusion tensor, its trace,
measures of the degree of diffusion anisotropy and organiza
tion, estimates of ﬁber direction, and ﬁber tract trajectories,
will all help to advance our assessment of the nervous system.

GLOSSARY
Apparent diffusion coefﬁcient (ADC): A diffusion coefﬁcient
that is determined, generally, by taking the ratio of the
mean-squared displacement measured along a particular
direction and the diffusion time of the experiment.
Anisotropic: Not appearing the same in all directions.
Diffusion: A process in which molecules are mixed through the
action of random collisions among themselves and with
other molecules or structures.
Diffusion anisotropy: A property of diffusion exhibited in
some media in which the rate of diffusion is different in dif
ferent directions.
Diffusion map: An image computed from a series of diffusionweighted images in which the intensity displayed in each
voxel is the computed ADC in that voxel (usually obtained
with diffusion gradients applied in a particular direction).
Diffusion tensor map: A set of six images computed from a se
ries of diffusion-weighted images in which the intensity dis
played in each voxel represents the value of one of the six
independent components of the effective diffusion tensor
measured in that voxel.
Diffusion weighting: The process of rendering a NMR echo
sensitive to translational diffusion, generally by incorporat
ing diffusion gradients within a spin-echo sequence.
DWI (diffusion-weighted image): An MR image that has been
diffusion weighted by the incorporation of diffusion gradi
ents within the imaging sequence.
Fractional anisotropy (FA): A measure of diffusion anisotropy,
which represents the ratio of the magnitude of the
anisotropic part of the diffusion tensor to the magnitude of
the entire diffusion tensor.
Heterogeneous: A property of a material that varies as a func
tion of position, that is, is spatially nonuniform.
Hindered diffusion: A diffusion process in which labeled molecules
are able to explore most of the medium but are excluded from
a set of isolated subregions or subdomains within the medium.
Homogeneous: A property of a material that appears the same
as a function of position, that is, is spatially uniform.
Isotropic: Appearing the same in all directions.
Isotropically weighted MRI: An image computed from a series
of diffusion-weighted images in which the intensity is a
function of Trace(D).
Relative anisotropy (RA): A measure of diffusion anisotropy,
which represents the ratio of the magnitude of the
anisotropic part of the diffusion tensor to the magnitude of
the isotropic part of the diffusion tensor.
Restricted diffusion: A diffusion process in which labeled mol
ecules are conﬁned to subregions or subdomains within the
medium.
Self-diffusion: A process in which molecules are mixed
through the action of random collisions among themselves.
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