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Summary

Diffusion MRI provides a non-invasive probe of tissue microstructure. We recently
proposed a novel method for diffusion-weighted imaging, so-called g-space trajectory
encoding, that facilitates tensor-valued diffusion encoding. This method grants
access to b-tensors with multiple shapes and enables us to probe previously
unexplored aspects of the tissue microstructure. Specifically, we can disentangle
diffusional heterogeneity that originates from isotropic and anisotropic tissue
structures; we call this diffusional variance decomposition (DIVIDE).

In Paper I, we investigated the statistical uncertainty of the total diffusional
variance in the healthy brain. We found that the statistical power was heterogeneous
between brain regions which needs to be taken into account when interpreting
results.

In Paper II, we showed how spherical tensor encoding can be used to separate the
total diffusional variance into its isotropic and anisotropic components. We also
performed initial validation of the parameters in phantoms, and demonstrated that
the imaging sequence could be implemented on a high-performance clinical MRI
system.

In Paper IIT and V, we explored DIVIDE parameters in healthy brain tissue and
tumor tissue. In healthy tissue, we found that diffusion anisotropy can be probed on
the microscopic scale, and that metrics of anisotropy on the voxel scale are
confounded by the orientation coherence of the microscopic structures. In
meningioma and glioma tumors, we found a strong association between anisotropic
variance and cell eccentricity, and between isotropic variance and variable cell density.

In Paper 1V, we developed a method to optimize waveforms for tensor-valued
diffusion encoding, and in Paper VI we demonstrated that whole-brain DIVIDE is

technically feasible at most MRI systems in clinically feasible scan times.

11






Popularvetenskaplig

sammanfattning

Diffusion ar den slumpméssiga rorelse hos partiklar som drivs av deras kinetiska
energi. Den &r oftast osynlig for blotta 6gat, men den utgor en viktig funktion for
var 6verlevnad. Diffusionen star bland annat f6r transporten av niaringsdmnen over
cellmembran, och det &r diffusionen som goér att &mnen i kroppen blandas sa att
livsviktiga kemiska reaktioner kan ske.

Man kan undersoka diffusionsprocessen i det vatten som finns i kroppen med hjalp
av magnetresonanstomografi (MRT, eng. MRI). Diffusionsprocessen i biologisk
vavnad &dr dock mycket komplex. Komplexiteten hérstammar fran vattnets
interaktion med vdvnad, eftersom diffusionen paverkas av omgivningen dir den dger
rum. I omraden med tétt packade celler blir diffusionen langsam i alla riktningar,
medan i cellstrukturer som ar extremt avlanga, exempelvis nervfibrer, kan diffusions-
hastigheten skilja sig mellan olika riktningar. Med en sa kallad magnetkamera kan
man avbilda diffusionshastigheten och dédrmed uttala sig om védvnadens struktur pa
mikroskopisk skala, helt utan invasiva ingrepp. Saddan information kan sedan
anvéndas for att undersoka friska vivnader, for diagnostik av sjuka viavnader eller
for uppféljning av behandlingar.

Om vévnaden uppvisar olika snabb diffusion inom ett litet omrade blir
diffusionshastigheten heterogen. Denna typ av heterogenitet kan tdnkas harréra fran
omraden dér friska celler blandas med celler som angripits av en sjukdom och ersatts
med 16s nekrotisk vdvnad. Heterogeniteten kan ocksa aterspegla forekomst av
avlanga cell-strukturer dar vivnadens olika riktningar uppenbarar sig som heterogen
diffusion. Denna avhandling beskriver en ny metodik for att méta heterogenitet i
diffusionsprocessen, och tolkar heterogeniteten med stéd av mikroskopi av vadvnaden.
Vi har utvecklat metoder for att sirskilja dessa egenskaper, och visat att dessa kan
bidra med ny information i bade frisk hjarnvdvnad och i tumorer.

13
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(D)

(Dy)
Vayr

18

Distribution of diffusion tensors (DTD)
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Mathematical operators

()
():()
E\[
Vil

Ensemble average of tensors or scalars
Double inner product of two tensors
Mean of tensor eigenvalues
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1 Introduction

Diffusion magnetic resonance imaging (dMRI) is widely used for examination of
biological tissues, and related methods have applications that range from
investigation of porous rocks to chemical compounds. The most unique feature of
dMRI is arguably its ability to non-invasively probe the microstructure of living
tissue. In dAMRI, spatial magnetic field gradients are used to sensitize the magnetic
resonance (MR) signal to the translational motion of hydrogen atoms bound in water
molecules. The effects of the gradients on the signal can be related to the rate of
diffusion, which in turn can be used to indirectly infer features of the tissue
microstructure. Even though the diffusion process takes place on the microscopic
scale, the geometry of the tissue has a significant effect on the diffusion process, and
therefore also on the signal measured (Beaulieu, 2002). An early discovery that
propelled dMRI as a clinical tool was presented by Moseley et al. (1990a), who
showed that diffusion-weighted imaging (DWI) was sensitive tissue disruption in
cerebral ischemia in an earlier phase than other imaging techniques (Moseley et al.,
1990a, Moseley et al., 1990b).

Currently, one of the most popular dMRI methods in clinical research and
neuroscience is diffusion tensor imaging (DTI) (Basser et al., 1994). The diffusion
tensor is a mathematical object that describes the diffusion process in terms of the
apparent diffusion coefficient (ADC) along any given direction, and can also provide
derived parameters such as the average diffusivity and diffusion anisotropy
(Figure 1) (Stejskal, 1965, Kingsley, 2006a).

DTI is most frequently applied to the central nervous system. In the brain, it has
been used to study, for example, anatomy (Assaf and Pasternak, 2008), maturation
(Lebel et al., 2008, Lobel et al., 2009), ageing (Moseley, 2002, Sullivan and
Pfefferbaum, 2006) and plasticity (Scholz et al., 2009, Zatorre et al., 2012). It has
also been a powerful tool in the investigation of conditions such as ischemia (Sotak,
2002), trauma (Huisman, 2003), and neurodegeneration (Horsfield and Jones, 2002),
and in oncology to study tumor differentiation (Jiang et al., 2014), delineation,
staging, treatment response (Tropine et al., 2004, Maier et al., 2010), and pre-
surgical planning (Potgieser et al., 2014). Although dMRI outside of the brain is
more challenging — due in part to elevated subject motion (Taouli et al., 2016) — it
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Figure 1 | Schematic examples of axonal loss (left) and cell necrosis (right). The plots exemplify how
diffusivity and anisotropy may depend on changes in the tissue microstructure. It appeals to the intuition
that the diffusion inside a thin tube would exhibit a preferred direction of movement, since it is restricted
along the short axis and free along the long axis of the tube. When axons are removed, or made more
permeable, the diffusivity increases and the anisotropy decreases. Similarly, the rate of diffusion appears
to be faster in aloosely assembled tissue compared to that in a tightly packed cell matrix. This is because
the movement of water molecules is restricted, or hindered, by the obstacles in the tissue.

has been used to study, for example, breast tissue (Partridge et al., 2010), prostate
tissue (Li et al., 2015), skeletal muscle (Damon et al., 2016), and even the heart
(Mekkaoui et al., 2015). In addition to characterizing tissue on a voxel-by-voxel
basis, DTT has been seminal in the evolution of tractography (Mori et al., 1999),
which can be used for segmentation of white matter pathways (Catani and Thiebaut
de Schotten, 2008) and investigations of brain connectivity (Hagmann et al., 2010,
Lazar, 2010).

DTI is a powerful tool because it provides several parameters with seemingly
intuitive interpretations. For example, during brain maturation, reduced diffusivity
and increased anisotropy in the white matter is interpreted as axon myelination
(Lebel et al., 2008), and the anisotropy serves as a marker of healthy development.
In white matter afflicted by neurodegenerative disease, elevated diffusivity
perpendicular to the nerves may indicate demyelination (Song et al., 2002), whereas
reduced diffusivity along the nerves reflects axonal damage (Sun et al., 2006). In
both cases, the anisotropy decreases, and may therefore be interpreted as a marker
of tissue degeneration. In tumors, changes to the average diffusivity are commonly
interpreted as changes in tissue density (Chen et al., 2013) or in the volume fraction
of water that is inside or outside cells (Chenevert et al., 2000).

DTI also has several well-known limitations (Alexander et al., 2001, Alexander et
al., 2007, Jones and Cercignani, 2010, Jones et al., 2012). For the purposes of this
thesis, two major limitations are relevant. First, DTI is ill-suited to capture

microscopic diffusion heterogeneity, i.e. the presence of multiple rates of diffusion
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Figure 2 | Multiple intra-voxel diffusion tensor distributions (top row) map onto the same voxel-scale
diffusion tensor (bottom row). In the first example (left), the same voxel-scale tensor is observed for
randomly oriented anisotropic tensors, homogeneous isotropic tensors, and a mixture of isotropic tensors
that exhibit fast and slow diffusion. In the second example (right), the voxel-scale tensor cannot
distinguish between ordered tensors with moderate anisotropy, bending tensors with high anisotropy, or
a mixture of oblate and prolate tensors. This demonstrates that some tisse characteristics cannot be
distinguished by DTI.

within a single voxel, because it only retains information about an average across
the whole voxel. This limitation prevents accurate quantification of tissue
heterogeneity. The presence of heterogeneous diffusion favors a description of the
diffusion process as an intra-voxel distribution of apparent diffusion coefficients
(DDC) rather than an average value (Callaghan and Pinder, 1983). Secondly, DTI
conflates the effects of diffusion anisotropy and orientation coherence (Pierpaoli et
al., 1996). An elegant example of this was demonstrated by Douaud et al. (2011)
who showed that partial axonal degeneration in a region with crossing white matter
pathways could cause the anisotropy to increase, which contradicts the simplistic
interpretation. This is one of many examples that contradict the simple — but
ultimately flawed — interpretation of voxel-scale anisotropy as a marker of white
matter “integrity” (Jones et al., 2012). Thus, measures of voxel-scale anisotropy are
most reliable in homogeneous tissues with high orientation coherence (Alexander et
al., 2001), but such tissues have been estimated to make up only 10% of the brain
volume (Jeurissen et al., 2013). Figure 2 shows six tissue models where anisotropy,
orientation coherence, and heterogeneity cannot be accurately distinguished by DTT.

Many alternative approaches have been proposed to overcome the shortcomings
of DTT (Shemesh et al., 2010, Yablonskiy and Sukstanskii, 2010, Tournier et al.,
2011). The scope of this thesis is limited to diffusional kurtosis imaging as a probe
of tissue heterogeneity, and methods based on double diffusion encoding as probes
of microscopic anisotropy.
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Diffusional kurtosis imaging (DKI) is an extension of DTT that can quantify the
heterogeneity of diffusivities within a voxel in terms of the so-called diffusional
kurtosis (Jensen et al., 2005, Jensen and Helpern, 2010). Similar parameters have
also been derived from g-space analysis (Latt et al., 2003) and statistical models
(Yablonskiy et al., 2003). Traditionally, “diffusional kurtosis” refers to a feature of
the so-called “diffusion propagator”. In this thesis, we will instead refer to this
feature as “diffusional variance” and relate it to the distribution of apparent diffusion
coefficients. For example, a mixture of dense and loose tissue contributes both low
and high values to the DDC, which is observed as a high diffusional variance.
Diffusional variance may therefore reflect tissue heterogeneity. Tissue heterogeneity
has been studied in tumors by DKI, where parameters that reflect the diffusional
variance tend to outperform DTI metrics for differentiation of tumor grades (Raab
et al., 2010, Van Cauter et al., 2012), probably due to an association between tissue
heterogeneity and malignancy (Hempel et al., 2016).

A fundamental limitation of DKI is that it entangles the diffusional variance that
is caused by anisotropic structures, and variable isotropic diffusivity, on the sub-
voxel scale. We refer to these tissue features as “microscopic anisotropy” and
“isotropic heterogeneity”. For example, if a voxel exhibits a high diffusional variance
and no voxel-scale anisotropy, we know that the DDC comprises multiple
diffusivities, but we cannot say whether this is due to anisotropic structures that
are randomly oriented (microscopic anisotropy) or isotropic structures with variable
diffusivity (isotropic heterogeneity), or a mixture of both (Mitra, 1995). This lack
of specificity may contribute to the limited interpretability of DKI parameters in
terms of relevant structural features (Jensen and Helpern, 2010, Jespersen et al.,
2010, Maier et al., 2010, Chuhutin et al., 2015, Tietze et al., 2015). This is not a
limitation of the model, but rather an inherent limitation of any method that relies
solely on single diffusion encoding (SDE, or sSPFG) (Mitra, 1995).

Microscopic anisotropy, orientation coherence, and isotropic heterogeneity can be
disentangled (Cheng and Cory, 1999), but it requires diffusion encoding that goes
beyond the canonical SDE sequence proposed by Stejskal and Tanner (1965). A
prominent example of the evolution of diffusion encoding is the double diffusion
encoding sequence (DDE, or dPFG) (Cory et al., 1990). DDE uses two gradient
pairs, compared to one pair in SDE, and is capable of encoding the diffusion in two
independent directions during a single acquisition of the signal (Shemesh et al.,
2010). By doing so, it is possible to access information on the microscopic diffusion
anisotropy even if the tissue appears isotropic on the voxel scale (Callaghan and
Komlosh, 2002, Ozarslan and Basser, 2008, Lawrenz et al., 2010, Shemesh et al.,
2010, Jespersen et al., 2013, Jensen et al., 2014, Shemesh et al., 2016). The main
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limitation of imaging techniques based on DDE is the low efficiency of the encoding
and the prolonged acquisition time incurred by the extended sampling schemes
(Jespersen et al., 2013, Hui and Jensen, 2015). Furthermore, even though DDE is
theoretically capable of separating out the isotropic heterogeneity, we know of no
studies that have attempted to do this. Consequently, the components of diffusional
variance and their relation to the underlying tissue microstructure are largely
unexplored.

In summary, DKI provides a probe for tissue heterogeneity but it is unspecific
and is fundamentally incapable of resolving the isotropic and anisotropic variance
due to its reliance on SDE. More specific features of the tissue microstructure can
be accessed by using non-conventional diffusion encoding. To date, however, non-
conventional encoding has not been systematically employed to explore the
components of diffusional variance.

In this thesis, we investigated two gaps in our current knowledge. First, we sought
alternatives to the DDE technique that could facilitate improved imaging of
diffusional variance in a clinical setting. Secondly, we investigated the link between
dMRI parameters such as the diffusional variance and features of the tissue
microstructure.

Our approach was to develop and implement a custom diffusion encoding
sequence capable of executing arbitrary gradient waveforms, or so-called g-space
trajectory encoding (QTE), in order to yield tensor-valued diffusion encoding. The
tissue was modeled by a diffusion tensor distribution (DTD), which allows a straight
forward characterization of the tissue without relying on strong assumptions, making
it applicable to a wide variety of healthy and diseased tissues. Based on QTE and
the DTD framework, we proposed diffusional variance decomposition (DIVIDE) as
a means of disentangling the diffusional variance into its isotropic and anisotropic
components. Finally, we investigated the validity and interpretation of the DIVIDE
parameters by correlating them to features of the tissue microstructure derived from

quantitative microscopy.
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2 Aims

The work presented in this thesis describes how diffusion in heterogeneous tissue
can be modeled by a distribution of diffusion tensors, and how tensor-valued
diffusion encoding can be used to explore new aspects of diffusional variance and
microscopic diffusion anisotropy. It also describes the theoretical background,
practical implementation, and implications of such methods when applied to healthy

brain tissue and tumors.
The aims of this thesis were:

e To develop techniques for diffusion weighting with tensor-valued encoding
(Paper II), and to investigate the feasibility of diffusional variance
decomposition in a clinical setting (Paper III).

e To investigate the experimental design in terms of the encoding waveform
(Paper 1IV), the imaging protocol (Paper VI), and the study design (Paper
I) in order to optimize the quality of imaging studies aimed at quantification
of diffusional variance.

e Explore the metrics of diffusional variance and anisotropy in healthy tissue
and tumor tissue (Paper IIT and V), and to validate their interpretation by

investigating their association with structural features in tumors (Paper V).
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3 Diffusion tensor distribution as

a model of heterogeneous tissue

Biological tissue comprises many different types of cells and tissues arranged in more
or less coherent cell matrices. In neural tissue, structures range from axons, in which
the water diffusion is extremely anisotropic, to approximately spherical cells that
cause negligible diffusion anisotropy. Approximately 20% of the water is also located
in the extracellular space, where the diffusion characteristics are defined by the
surrounding tissue (Sykova and Nicholson, 2008, Novikov and Kiselev, 2010).
Moreover, the voxel volume is of the order of 1-30 mm?® and may therefore contain
many tissue types, cell types, and orientations of structures. Diffusion in biological
tissue may therefore be considered to be quite complex.

A potentially interesting feature of complex tissue is its heterogeneity. In this
thesis, we consider “tissue heterogeneity” to be any structural feature that causes
multiple rates of diffusion in a single voxel (Paper V). Two types of heterogeneity
were identified, namely “microscopic anisotropy” and “isotropic heterogeneity”,
which correspond to anisotropic and isotropic diffusional variance (Paper IT and V).

This chapter describes how a diffusion tensor distribution (de Swiet and Mitra,
1996, Jian et al., 2007, Scherrer et al., 2015, Westin et al., 2016a) can be used to
model heterogeneous tissue, and how macroscopic features of the distribution reflect

the underlying heterogeneity.

3.1 The diffusion tensor

The rate of diffusion is defined from the relation between the average displacement
of particles and the time during which they diffuse. In a medium with no restrictions,
the mean-square displacement along the direction z is simply (z2) =2- D, - tp,
where D, and tp, are the diffusion coefficient and diffusion time (Einstein, 1905).
The diffusivity of freely diffusing water at body temperature is approximately
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Figure 3 | Particle displacement (top row) and corresponding diffusion tensor glyphs (bottom row). Each
tensor glyph reflects the mean-square displacement of the diffusion particles. The square root of the
three eigenvalues determines the shape of the ellipsoid. Apart from the leftmost case, all tensors have
the same mean diffusivity.

Dy =3.0 pm*/ms =3.0-107% m?/s (Mills, 1973, Holz et al., 2000). For this
diffusivity, the mean-square displacement along x is approximately 25 um after ¢, =
100 ms. This level of displacement is comparable to the size of individual cells,
considering that the diameters of axons and cell bodies are roughly 1 and 10 pm
(Yablonskiy and Sukstanskii, 2010, Caminiti et al., 2013). Whenever diffusing
particles interact with obstacles, e.g. water in biological tissue, the movement of the
diffusing particles may be unbounded but slowed down by obstacles (hindered
diffusion) or confined to a finite compartment (restricted diffusion). In both
situations, the intrinsic diffusivity may be unchanged, but the average displacement
for a given diffusion time is reduced. In dMRI, this corresponds to a reduction in
the observed diffusivity, and the diffusion coefficient derived from such systems is
therefore called the apparent diffusion coefficient. Furthermore, the ADC may
depend on the direction along which the diffusion is measured, which is referred to
as anisotropic diffusion.

The diffusion process can be described in three dimensions in terms of a diffusion
tensor (Stejskal, 1965, Basser et al., 1994). The conventional, voxel-scale, diffusion
tensor ((D)) is written as a matrix with nine elements,
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D XX D Xy D Xz
D)= |Dy Dy Dy |, Eq. 1
DZX DZy DZZ
which has six degrees of freedom due to diagonal symmetry (Dy = Dj). In the

principal axis system (PAS), the off-diagonal elements are zero and the diagonal
elements are its three eigenvalues (\; = [N\; Ny A\3]), which describe the diffusivity
along three orthogonal eigenvectors (e, €5, €5). Figure 3 shows examples of particle
displacements and the corresponding diffusion tensor glyphs in isotropic and
anisotropic cases.

Throughout this thesis, boldface capital letters denote tensors or tensor
distributions. Tensors are visualized as ellipsoids where the length of each axis
reflects the square root of the tensor eigenvalues (Basser et al., 1994, Kindlmann,
2004), and the color of the tensor glyph will indicate its fractional anisotropy (white
to black indicates low to high anisotropy).

3.2 Diffusion tensor distribution model

Tissue heterogeneity can be captured by describing the diffusion in each segment of
coherent tissue with a diffusion tensor. Because the tissue is normally only coherent
on short length scales, coherent segments are referred to as “microenvironments”
(Westin et al., 2016a). The collection of microenvironments within a voxel can be
described by an ensemble of diffusion tensors, where each tensor in the ensemble
represents a microenvironment. Since it is not feasible to resolve the individuals of
the ensemble, we will consider its macroscopic observables, using an approach similar
to statistical mechanics.

We refer to the ensemble of tensors as a diffusion tensor distribution (Westin et
al., 2016a), denoted D. If the assumptions of the model hold (see section 3.4), the
DTD provides a comprehensive and accurate description of the diffusion process
within the tissue. From the DTD, it is then possible to derive invariant metrics that
are observable on the voxel scale pertaining to the diffusivity and diffusional
variance, as well as the diffusion anisotropy on the voxel and microscopic scales.
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3.3 Parameterization of the DTD

3.3.1 Tensor operators

The voxel-scale diffusion tensor, (D), is the average over all individuals in the
distribution of diffusion tensors. Assuming that the DTD is a continuous probability
density function (P(D)), the average tensor is

<D>:/D-P(D) dD . Eq. 2

Throughout the thesis, diffusion tensors within averaging brackets represent the
voxel-scale diffusion tensor, whereas the same symbol without brackets refers to the
diffusion tensor distribution. The placeholder tensor (T) is used to describe three
useful operators. The average across tensor eigenvalues (E, []) is defined as

e
z
!

Il

| —
(]
&

Eq. 3
i=1

where X\, are the eigenvalues of T. The sum across eigenvalues is equal to the trace

of the tensor (E,[T]= Tr(T)/3), which can be calculated without knowing the

eigenvalues. The population variance of tensor eigenvalues (Vy[]) is defined as

VAT =230~ By [T))2 Eq. 4

i—1
Note that Eq. 4 describes the entire population of eigenvalues, rather than a sample,
yielding a variance that is normalized by a factor of 1/3 instead of 1/2. The variance
can also be calculated without knowing the eigenvalues (Basser and Pierpaoli, 1996,
Westin et al., 2016a). Finally, the double inner product (:) of two tensors (T and
T’) is a scalar defined as the sum over all element-wise products, according to

3 3
T:T=> YT, T, . Eq. 5
-

7 Jj=1

Note that the operations in Eqgs. 3 to 5 can also be applied to distributions of tensors,
i.e. T can be exchanged for both (D) and D. If an operation is applied to a

distribution of tensors, the result is a distribution of scalars.
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3.3.2 Mean and variance of the DTD

The distribution of diffusion tensors can be parameterized in terms of the mean
diffusivity and the variance of diffusivities using the operators from section 3.3.1.
The voxel-scale average is called the mean diffusivity (MD), defined as

MD = E, [(D)] . Eq. 6

The same operation applied to D yields a distribution of isotropic diffusivities (D),

according to
D; = E,[D] . Eq. 7

Thus, MD and Dj represent the isotropic diffusivity on the voxel and microscopic
scales. From Eq. 6 and Eq. 7, we can see that MD is also the average across Dy,
according to MD = (D).

The DTD also contains information on two types of diffusional variance, namely
the isotropic and anisotropic variance (V; and V,). The isotropic variance reflects
the difference in isotropic diffusivities across microenvironments, according to

Vi = (E\[D]?) - E\[(D)?, Eq. 8

which is equal to the variance of the isotropic diffusivities, according to V; = V[Dy],
where V[] is the variance operator. Note that V; is zero for any DTD where all
microenvironments have identical isotropic diffusivity, i.e. if there is no isotropic
heterogeneity.

The anisotropic variance reflects the average variance of diffusion tensor
eigenvalues, given by (VanderHart and Gutowsky, 1968)

Vv, = % (V,[D]) . Eq. 9

Note that V, is independent of the orientation of each tensor in the distribution,
and that it is only zero if all microenvironments exhibit isotropic diffusion.

The sum of the two types of variance is the total diffusional variance (Vr),
according to Vi =V + V, (Paper II and III). The total variance is the variance
probed by SDE-based methods, such as DKI (Jensen et al., 2005). To comply with
the nomenclature suggested by Jensen et al. (2005), the diffusional variance is

normalized and scaled according to

- Eqg. 10
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where the subscript “x” indicates which component of variance is intended. We will
refer to both V, and MK, as the diffusional variance, and keep the abbreviation
“MK?” to retain its connection to the mean diffusional kurtosis. Figure 4 depicts
DTDs that render variable levels of isotropic and anisotropic variance.

3.3.3 Fractional anisotropy

The fractional anisotropy (FA), conventionally used in DTI, is derived from the
voxel-scale diffusion tensor eigenvalues, in terms of their variance and expected value
according to (Basser et al., 1994, Westin et al., 2016a)

3 V\[D)]
2 E,[(D)]? + V,[(D)]

FA? Eq. 11

The FA in is not commonly expressed in terms of eigenvalue expectancy and
variance (Eq. 11), but this formulation is mathematically equal to the definition first
introduced by Basser et al. (1994); see Kingsley (2006b) for a comprehensive
description of tensor parameterization. It is apparent from Eq. 11 that Vy[(D)] must
be non-zero to yield a non-zero FA. This occurs under two conditions. First,
microenvironments that exhibit anisotropic diffusion must be present in the voxel.
Secondly, these microenvironments must be oriented so that some anisotropy is
retained at the voxel scale. As seen in Figure 4 (bottom right), if the anisotropic
structures are randomly oriented within the voxel, the voxel-scale tensor will be
isotropic, resulting in FA = 0.

The fact that the FA is strongly modulated by orientation coherence is well
understood and is widely considered to be a major limitation of DTT (Alexander et
al., 2001, Jones et al., 2012). It is therefore beneficial to construct a parameter that
probes the microscopic diffusion anisotropy, independently of the orientation
coherence. Such a parameter can be derived from the DTD (Paper II, Westin et al.,
2014, Westin et al., 2016a). This parameter is called the microscopic fractional
anisotropy (WFA), and it is defined according to (Paper V, Jespersen et al., 2013,
Westin et al., 2016a)

(V,[D])
(EXD]?) + (Vy[D]) -

3
pFA? = 3 Eq. 12
The difference between FA and puFA is that FA is calculated from the diffusion
anisotropy that is observed on the voxel-scale whereas the pFA is calculated from
the anisotropic diffusional variance. Mathematically, the difference is determined by
the stage at which the ensemble average is performed (Egs. 11 and 12) (Paper V).
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The pFA may be interpreted as the FA that would be observed in a sample if all
microenvironments were perfectly ordered. However, the uFA is not mathematically
equal to the average FA of all microenvironment tensors unless the

microenvironments differ only with respect to their orientation.
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Figure 4 | Schematic representation of DIVIDE parameters in eight different diffusion tensor distributions.
The parameters show the isotropic and anisotropic diffusional variance (Vi and Va), and the fractional
anisotropy on the microscopic and voxel scale (uFA and FA). For example, in a perfectly homogeneous
tissue, all four parameters are zero (top left), and for randomly oriented anisotropic structures the pFA is
high whereas the FA is zero (bottom right).
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3.3.4 Order parameter

The discrepancy between FA and pFA is caused by the orientation dispersion, and
the difference between the two can be used to quantify the order of the underlying
structures. We quantify the orientation coherence in terms of the order parameter
(OP), which is a well-established parameter in the field of liquid crystal NMR,
according to (Paper I and III)
2 _ Vh[(D)]
RN Ba. 13
The numerator and denominator in Eq. 13 are proportional to the FA and uFA,
respectively. When FA = uFA | the orientations of the underlying tissue are perfectly
coherent, yielding OP = 1, i.e. the “full” microscopic anisotropy is retained on the
voxel scale with no reduction due to orientation dispersion. Any level of orientation
dispersion yields OP < 1 (Paper II). It is also possible to quantify asymmetric
orientation distributions of anisotropic domains in terms of a “Saupe order tensor”
(Topgaard, 2016b), but this was outside the scope of this thesis.

3.4 Assumptions of the DTD model

The DTD model is based on two main assumptions under which it accurately
describes the diffusion in tissue. These assumptions are that:

e the diffusion in each microenvironment is approximately Gaussian
e the diffusing particles do not exchange between microenvironments during
the encoding.

The next two sections briefly describe the ramifications of these assumptions and
how they may affect the interpretation of the model parameters.

3.4.1 Non-Gaussian diffusion

The diffusion is only Gaussian in a homogeneous medium that interacts only with
itself, such as in an infinite body of pure water. Consequently, the diffusion is non-
Gaussian in biological tissue where heterogeneity and obstacles are ubiquitous (de
Swiet and Mitra, 1996). This fact contradicts the first assumption of the DTD model
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(Beaulieu, 2002), and we will therefore briefly discuss how the first assumption
interacts with three aspects of non-Gaussian diffusion, namely the presence of
multiple Gaussian components, non-Gaussian phase dispersion, and time-
dependent diffusion.

The presence of multiple components with Gaussian diffusion is permitted by the
DTD model since it models each component in terms of a diffusion tensor (de Swiet
and Mitra, 1996, Yablonskiy et al., 2003). As long as the diffusion in each
microenvironment is approximately Gaussian, the first assumption holds.

A non-Gaussian phase distribution may occur, for example, where there is
restricted diffusion (Callaghan et al., 1991), which in turn invalidates the simple
exponential relation between the signal and the diffusivity assumed by the DTD
model. However, the effects of a non-Gaussian phase distribution are small for
moderate attenuation, i.e. if the signal is not attenuated below 10% (Topgaard and
Soderman, 2003). This aspect of non-Gaussian diffusion should therefore be
negligible in biological tissue at moderate encoding strengths (Nilsson et al., 2010).

Time-dependent diffusivity is caused by an interaction between the geometry of
the object and the time during which the diffusion is observed (Stejskal, 1965, Gore
et al., 2010). For restricted diffusion, the ADC may therefore depend on the size of
the restriction (d) and the diffusion time (¢p). In the regime where t, < d?/D,, the
diffusing particles do not have time to experience the restriction, and the ADC
approaches the intrinsic diffusivity (D) (Woessner, 1963). By contrast, when tp, >
d?/ D, the restrictions have been probed by most particles and the ADC approaches
zero. For these two regimes, the approximation of Gaussian diffusion in each
microenvironment holds. However, in the intermediate regime the ADC will be a
function of ¢t and d, and the diffusion must instead be described by a time-
dependent diffusion tensor. A similar dependency exists for hindered diffusion, where
the apparent diffusivity transitions from D, to a lower diffusivity defined by the
tortuosity of the environment (Beck and Schultz, 1970). Several studies have
demonstrated time-dependent diffusion in neural tissues (Stanisz et al., 1997, Assaf
et al., 2000, Does et al., 2003, Assaf et al., 2008, Lundell et al., 2014, Burcaw et al.,
2015), but the effect is probably small for the diffusion times commonly used in
conventional experiments in vivo (Clark et al., 2001, Ronen et al., 2006, Nilsson et
al., 2009, De Santis et al., 2016). Note that an in-depth investigation of the time
dependency is outside the scope of this thesis; however, preliminary investigations
indicate that the effect is small, at least in healthy tissue (Nilsson et al., 2016). We
therefore assume that the DTD model is sufficiently accurate to capture the
essentials of the diffusion characteristics in tissue, and acknowledge that this

assumption must be validated in future studies.
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3.4.2 Exchange

Diffusing particles may visit multiple microenvironments during the diffusion time
by passing through permeable boundaries that separate the environments. Although
exchange is always present to some degree, effects of exchange can be disregarded
under three regimes. These are if the residence time (¢,) is much longer, or much
shorter, than the diffusion time, t, < tp or t, > tp, i.e. if very few particles have
time to exchange or if the time spent in a specific environment is very short (Quirk
et al., 2003); or if the diffusion characteristics of the two environments are
approximately equal, in which case both environments are accurately described by
a single diffusion tensor.

Effects of exchange have been investigated in the context of AMRI (Nilsson et al.,
2013b), and several studies have indicated that the exchange in healthy brain tissue
has a negligible effect on the diffusion-weighted signal for conventional diffusion
times (Nilsson et al., 2013a, Lampinen et al., 2016). However, such assumptions may
not hold in diseased tissue, where effects of exchange have been demonstrated (Latt
et al., 2009). In a preliminary study of the exchange rate in tumors, we observed
relatively long residence times in the tissue (Lampinen et al., 2016). We therefore
assume that exchange has a negligible effect in both healthy tissue and tumor tissue
when using the experiments presented in this thesis.
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4 Tensor-valued diffusion
encoding and the forward signal

model

In this chapter, we assume that the diffusion tensor distribution is known, and that
it perfectly describes the diffusion within a sample. Based on this, the MR signal
can be predicted for a given set of experimental parameters. This constitutes the
“forward signal model” and we will use it to explain how tensor-valued diffusion
encoding modulates the observed signal and how the diffusion tensor distribution
can be interpreted in terms of its distribution of apparent diffusion coefficients.

4.1 Tensor-valued diffusion encoding

Conventional diffusion encoding gradients are applied along a single direction

described by a vector (n = [n, n, n,]T, |n| =1) and yield a specified encoding

y
strength (b) along that direction. In such experiments, the diffusion encoding tensor,
or b-tensor (B), is given by B = b-nn", where B is a tensor with one non-zero
eigenvalue (order-two tensor of rank one). Diffusion encoding may also be applied
in multiple directions within the same acquisition, between the excitation and
readout, and can therefore render b-tensors with arbitrary configurations of positive
eigenvalues, up to rank three. We refer to such encoding as “tensor-valued” to
distinguish it from encoding that can be described with a vector. To distinguish the
most common b-tensors, we refer to encoding with one non-zero eigenvalue as linear
tensor encoding (LTE); two equal and non-zero eigenvalues as planar tensor
encoding (PTE); and three equal eigenvalues as spherical tensor encoding (STE)
(Westin et al., 2016a). STE is also known as isotropic encoding, and trace-weighted
encoding (Mori and van Zijl, 1995, Wong et al., 1995, Eriksson et al., 2013).
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The b-tensor can be derived for a time-dependent gradient waveform, g(t) =
[95(t) g, (t) g,(t)]", by first considering the spin dephasing q-vector (q), defined as

TE

q(t) = w/ gt) dt’, Eq. 14
0

where ~ is the gyromagnetic ratio and TE is the echo time. The b-tensor is then

calculated from the g-trajectory according to
TE
B :/ q(t)qT(t)dt . Eq. 15
0

To simplify the analysis, only axisymmetric b-tensors are considered in this thesis.
Axisymmetric tensors are defined by two eigenvalues and can be expressed in terms
of the axial (bH) and radial (b, ) eigenvalues in the principal axis system, according to

by 0 0
BPAS - 0 bL 0 . Eq. 16

0 0 b,

Three specific features of the b-tensor can now be defined, namely its orientation,
size, and anisotropy. The orientation of the b-tensor is used to describe rotations of

Bp,g along arbitrary directions, so that the applied b-tensor is given by
B:RBPAS RT ; Eq 17

where R is a rotation matrix (Kingsley, 2006b). The size of the b-tensor describes
the diffusion encoding strength, often referred to as the b-value, and is defined as
the trace of B, according to

b="Tr(B) . Eq. 18

The anisotropy of the b-tensor (b, ) is described by a scalar value, according to
(Eriksson et al., 2015)

by—by,

by =——"7—.
A b +2-b, Eq. 19

The b-tensor anisotropy can take on values between —0.5 and 1. For planar,
spherical, and linear tensor encoding it is —0.5, 0, and 1, respectively. Examples of
encoding tensors with variable anisotropy, along with corresponding g(¢) and q(t),
are depicted in Paper IV.
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Previously, the b-tensor has also been used to, for example, account for cross
terms between diffusion encoding and imaging gradients (Mattiello et al., 1997) and
for rotating the encoding direction to match the image space (Leemans and Jones,
2009). It was first used to describe tensor-valued diffusion encoding with a user-
defined shape by Westin et al. (2014).

It is sometimes useful to consider the encoding tensor independently of its size.
Thus, we construct the normalized encoding tensor (IN), which only carries

information on its orientation and anisotropy, according to

B

N=mm)

Eq. 20

In conclusion, the temporal profile of the applied gradient renders a g-vector
trajectory, which in turn determines the b-tensor. Several different waveform can
yield the same b-tensor, but some waveforms are more experimentally tractable, as
discussed in section 6.1.

4.2 Distribution of apparent diffusion coefficients

For a single diffusion tensor, the apparent diffusion coefficient ({(D)) along a
direction specified by N is given by (D) = N: (D). Likewise, each tensor in a DTD
contributes a specific diffusivity to the one-dimensional distribution of apparent
diffusion coefficients (D), according to

D=N:D. Eq. 21

Similar to the DTD in Eq. 2, the DDC can be represented by a continuous
probability density function (P(D)) such that the probability (p) of finding a
diffusivity in the interval [a, b] is
b
p(angb):/P(D|bA,R)dD , Eq. 22

a

where P(D|ba, R) reads as the observed DDC given a b-tensor anisotropy b, , and
orientation R. In the general case, the DDC depends on the rotation of the b-tensor,
as indicated by R in Eq. 22. Rotationally invariant parameters can be derived from
the so-called “powder sample”. Powder samples are used in X-ray diffraction and
solid-state NMR, and are created by crushing the sample into a powder in order to
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remove any orientation coherence in the material investigated (Edén, 2003,

Topgaard, 2016a). The DDC in a powder sample (P(D)) is defined as

P(DIbs) == | P(Dlbs R0 Eq. 23
T Jg2
where the integration is over the surface of the unit sphere (Edén and Levitt, 1998).
Note that P(DI|b,) is rotationally invariant, i.e. independent of R, but that it
retains its dependency on the b-tensor anisotropy, b,. From this point on, we will
assume that we have a powder sample in order to abbreviate the theory. Of course,
in vivo experiments cannot assume a true powder sample. Instead, a powder sample
can be approximated by performing so-called “powder averaging” (Paper II, III, and
V), where rotation invariance is achieved by averaging the diffusion-weighted signal
over a finite number of encoding directions, as described in section 5.3.1.

4.3 Forward signal model

Assuming that the distribution of apparent diffusion coefficients in a powder sample

is known, the powder signal () is given by

S(b,bp) = S, / P(D|bp)exp(—b-D)dD , Eq. 24

where the signal depends on the encoding strength and anisotropy, i.e. b and ba,
but is independent of the orientation of the object and the b-tensor. Importantly,
the normalized signal S(b,bs)/S, is the Laplace transform of P(Dlb, ), which is
central to the parameter estimation described in Chapter 5. By analogy with Eq.
24, the signal can also be derived directly from the distribution of diffusion tensors,

according to
S(B) = SO/P(D)exp(—B:D)dD , Eq. 25

but we will use the formalism in Eq. 24 to simplify the theory.
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4.4 Effect of b-tensor anisotropy

A central concept of this work is that the observed DDC depends on the anisotropy
of the b-tensor. For a powder sample, the variance of the observed DDC (V) will
be the sum of isotropic and anisotropic contributions, according to

Vo= Vi+b% -V, , Eq. 26

where b, is the anisotropy of the b-tensor (Eq. 19) (Paper IT and III, Eriksson et
al., 2015, Topgaard, 2016a). When using a combination of STE and LTE, V}, is
equal to V; and Vi, respectively (see section 3.3.2) (Paper II, III, and V). Notably,
for methods that use only LTE, such as conventional DKI, V, = Vp, so that the
two components are entangled. Therefore, the mean kurtosis from DKI is equivalent
to MKr.

To understand why the DDC depends on the b-tensor anisotropy, we will briefly
explore the interaction between the diffusion tensor distribution, the properties of
the b-tensor, and the measured signal (Figure 5). Consider a large ensemble of
randomly oriented anisotropic diffusion tensors that differ only with respect to
orientation. For diffusion encoding along a single direction (LTE), each diffusion
tensor will contribute a diffusivity to the DDC depending on its orientation relative
to the b-tensor. Thus, the observed DDC contains diffusivities between the largest
and smallest diffusion tensor eigenvalues. Since the DDC exhibits a substantial
variance, the signal vs. b curve will be non-monoexponential. By contrast, for
isotropic encoding (STE), all diffusion tensors contribute the same isotropic
diffusivity to the DDC, and the DDC becomes a narrow peak centered on the mean
diffusivity. The DDC now exhibits a vanishing variance and the signal is mono-
exponential.

A DTD that contains only isotropic tensors with variable diffusivities, will also
exhibit a DDC with high variance, and therefore a non-monoexponential signal vs b
curve. However, each tensor in the distribution is isotropic, and therefore contributes
a diffusivity to the DDC that is independent of the orientation and anisotropy of
the b-tensor. Thus, the DDC and the signal will be unaffected by the b-tensor
anisotropy. The hallmark of isotropic diffusional variance is that it is independent
of the b-tensor shape.

Given that we use only one b-tensor anisotropy — be it conventional LTE or
otherwise — the DDC from isotropic diffusion tensors may exactly match the DDC
from anisotropic tensors. Therefore, it is theoretically impossible to distinguish the

sources of diffusional variance if only one b-tensor anisotropy is used (Mitra, 1995).
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This is also communicated by Eq. 26, where it is obvious that two observations of
Vp with different b3 are required to resolve V; and V.

In summary, the hallmarks of anisotropic and isotropic diffusional variance are
that the former renders signal that depends on the b-tensor anisotropy, whereas the
latter does not. The two can therefore be separated by observing the signal at

variable b-tensor anisotropy.

DTD DDC Signalvs b
1 — LTE
— PTE
"D N~ STE
(AD-RD)/2 N
RD b
}
AD 14 “ Va> 0
= ' N\
1 -
('] Slow Fast
P &) p € y
r. y ) &
) & e 7
-7 e O
) < 1//‘”’; ////
¢ e ///
y Sty
o ’ Jy J 1 N V>0
£ J 4 MD N
£ y 4 .
4
H

0 1 2 3
D [um*/ms] b [ms/um?]

Figure 5 | The relation between the diffusion tensor distributions (DTD), distribution of apparent diffusion
coefficients (DDC), and the diffusion-weighted signal vs b. The three systems represent randomly
oriented anisotropic diffusion tensors (top); a mixture of isotropic tensors with slow and fast diffusivity
(middle); and a mixture of randomly oriented anisotropic tensors and isotropic tensors with
heterogeneous diffusivity (bottom). The central column depicts the DDC (y-axis is the probability density)
when using linear, planar, and spherical tensor encoding (LTE, PTE, and STE). The peaks in the first
DDC are marked out in terms of corresponding axial and radial tensor components (2.8 and 0.1 ym?/ms).
In the second DDC, the peaks are denoted slow and fast (0.3 and 1.7 um?/ms). The right-hand column
shows the signal observed in each case. The LTE signal is the same in the first two systems. When using
PTE or STE in the first system, the signal exhibits less curvature, which indicates diffusion anisotropy.
By contrast, the b-tensor anisotropy has no effect on the signal in the second system with purely isotropic
diffusion tensors. In the third system, both types of diffusional variance are present.
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5 Parameter estimation and the

inverse problem

At this point we have established that diffusion in tissue can be described by a
distribution of diffusion tensors, which allows us to predict the MR signal for any
b-tensor. However, the distribution of diffusion tensors is usually unknown. Instead,
we must solve the “inverse problem”, i.e. work backwards from the observed signal
to infer relevant characteristics of the diffusion tensor distribution and the tissue.
This is achieved by modeling the relationship between the observed signal and the
underlying diffusion process. The specifics of the model may be motivated by
practical, empirical, biophysical, or statistical considerations. Regardless of this, the
model is unlikely to capture all details of the tissue, and limited sampling of noisy
MR signal may not retain information on subtle features of tissue (Novikov and
Kiselev, 2010). This limitation is not unique to any specific approach or model, but
is rather a ubiquitous fact in AMRI. This chapter describes the limitations inherent
in the inverse problem — and how these pertain to the estimation of diffusional

variance.

5.1 Inverse Laplace transform

Apart from the b-tensor, the diffusion-weighted MR signal depends on the DDC,
according to Eq. 24. In fact, the normalized signal (S(b)/S,) is the Laplace transform
of the underlying distribution P(D|b,). Thus, the inverse Laplace transform (ILT)
would in theory recover the DDC directly from the signal without any prior
assumptions (Whittall and Mackay, 1989). However, numerical ILT methods are
mathematically ill-conditioned and sensitive to noise (Hakansson et al., 2000,
Epstein and Schotland, 2008). Furthermore, the numerical ILT approach probably

requires the signal to be densely sampled in a wide range of b-values (Ronen et al.,
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Distributions of diffusion coefficients
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Figure 6 | Six DDCs that yield similar diffusion-weighted signal. The signal was calculated from Eq. 24
using MD = 1.0 ym?%ms and V), between 0.20 and 0.34 pym*/ms2. All DDCs render similar signal curves
for moderate diffusion encoding strengths (b < 3 ms/um?). At strong diffusion encoding (up to b = 10
ms/um?), the signal curves diverge—especially the normal distribution since it contains negative
diffusivity values (red arrow). Note that the maximal signal difference for the remaining distributions is
approximately 2% at b = 10 ms/um?2. The DDC denoted “elliptic integral” is the distribution observed for
randomly oriented diffusion tensors with A; = [2.3 0.35 0.35] um?/ms (VanderHart and Gutowsky, 1968).
The straight gray line shows monoexponential signal decay for visual reference.

2006), or prior information that can be used to constrain the inversion (de Almeida
Martins and Topgaard, 2016).

The problematic nature of the ILT can be understood by considering that there
exist many DDCs that render virtually identical diffusion-weighted signals for a
given interval of b-values (Figure 6) (Provencher, 1982). We therefore conclude that
the DDC cannot be accurately recovered from a finite number of noisy signal samples
unless prior knowledge about the underlying tissue can be used to constrain the
inversion. Naturally, we must consider what constraints are reasonable, and we
explore two alternatives below.

5.2 Truncated cumulant expansion

The diffusion-weighted signal in Eq. 24 can be described by an expansion of the
normalized signal in powers of b. This expansion expresses the signal as a sum of
cumulants (¢) and is equivalent to the Taylor expansion of the logarithm of the
signal, according to

o0

( /S() :Z n! Eq. 27

n=1

3

where c¢,, is the n' cumulant of P(D|b,) according to
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¢y = (D?) —(D)?
s = 2(D°) — 3(D)(D?) + (D)? I
¢, = —6(D*) + 12(D?)(D)? — 3(D?)* — 4(D)(D?) + (D)* &
Cp =
where (D) is the n'* raw moment of P(Dlb, ), according to
@)= [ D PDpy)ap. Eq. 29

The first four cumulants of P(D|b,) are its expected value, variance, skewness,
and kurtosis. Although it is possible to truncate the series in Eq. 27 at an arbitrary
cumulant and fit it to the signal, the accuracy of the parameter estimation will
decrease rapidly as the number of cumulants increases (Kiselev, 2011), and for data
in a limited b-interval the fit will be degenerate, meaning that multiple sets of
parameters will yield equally good fits (Kiselev and Il'yasov, 2007). Thus, the
expansion is commonly truncated at one or two cumulants to capture the main
features of the signal for moderate encoding strengths, where the most prominent
features of ln(g (b)/S,) are its initial slope and curvature.

Although the cumulant expansion is usually considered to be “model-free”, it
features implicit assumptions due to the truncation. For example, when Eq. 27 is
truncated at the first cumulant, P(D|b,) is implicitly assumed to be a delta function
described only by its expected value (¢, = 0 for n > 2). The normalized signal model
has a single degree of freedom and becomes an exponential function, S(b)/S, ~
exp(—b(D)). This is the basis for the signal model used in DWI and DTI, and it
holds in homogeneous tissues (Kiselev and Il'yasov, 2007) and at low b-values
(Jensen, 2014). If the second cumulant is also included, P(D|b,) is implicitly
assumed to be a normal distribution defined by its expected value and variance
(¢, =0 for n > 3). In this case, the normalized signal model has two degrees of
freedom and is given by S(b)/S, ~ exp(—b(D) + 1/2b2V},), which is, in essence, the
signal model used in DKI (Jensen et al., 2005).

The fact that a truncation at the second cumulant assumes a Gaussian DDC has
several implications. First, the logarithm of the signal becomes a positive quadratic
polynomial, and is therefore not monotonically decreasing, which yields non-physical
signal behavior where the signal increases as a function of b-value for b > (D)/V
(Figure 6) (Jensen and Helpern, 2010). Secondly, the interpretation of the cumulants
as the mean and variance of P(Dl|b,) are only accurate if the contribution from
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higher-order cumulants is negligible. It can be shown, however, that several realistic
distributions have relatively large higher-order cumulants. For example, in
anisotropic tissue described by randomly oriented tensors with X\, ~ [2.3 0.3 0.3]
pm?/ms, the first four cumulants are 1.0, 0.34, 0.12, and —0.11 in units of (pm?/ms)"
(see the DDC from the elliptic integral function in Figure 6). Although the signal in
a moderate b-interval can be fitted with a second-order cumulant expansion, the
estimated variance may be strongly biased. For example, the normal and elliptic
integral DDCs have variances of 0.20 and 0.34 pum'/ms? but yield virtually
indistinguishable signal-versus-b curves for b < 3 ms/pm? (Figure 6).

In summary, the cumulant expansion is equivalent to a constrained ILT where
the functional form of the underlying DDC is implicitly determined by the number
of cumulants included in the model. In the next section, we consider an explicit
selection of the DDC.

5.3 Gamma distribution model

The inverse Laplace transform can be constrained by assuming a specific functional
form of P(D|by). We may select any probability density function that has
appropriate features to represent the DDC. A reasonable DDC should avoid negative
probabilities (Kiselev, 2011), negative diffusivities (Figure 6), and promote
physically feasible functions that are defined by few shape parameters (Yablonskiy
and Sukstanskii, 2010).

A strong candidate that fulfills these requirements is the gamma distribution
function. This distribution was mentioned as a plausible model for the DDC by
Jensen and Helpern (2010), and Roding et al. (2012) showed that it was superior to
signal models based on the log-normal distribution and the stretched exponential.
The gamma distribution function renders a probability density function (Pp) that
is defined by two shape parameters, which can be interpreted in terms of its expected

value and variance, given by
D)?_ D
PF(D):k'D(VD ) - exp (—D-%) , Eq. 30
D

where Pr(D<0)=0, (D)>0, Vp >0, and k scales the function so that
J Pr(D)dD = 1. The Laplace transform of Pp(D) defines the signal model, where

the baseline signal, expected value, and variance are the free parameters, according
to (Paper II, Jensen and Helpern, 2010)
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(D)?

S(b)—SO.<1+b.%)VD , Eq. 31

The most apparent benefit of using the gamma distribution, rather than the
normal distribution derived from the cumulant expansion, is that Pp(D) is zero for
negative diffusivities, so that it does not predict increasing signal for high b-values
(Figure 6). Furthermore, it can represent a wide range of plausible DDCs with only
two degrees of freedom (Paper II, Roding et al., 2012, Roding et al., 2015). Of course,
it is possible to select from many other plausible distributions (Yablonskiy and
Sukstanskii, 2010), but investigation of their qualities was outside the scope of this
thesis.

5.3.1 Invariant parameters from the powder averaged signal

As described in section 4.1, the shape of the DDC depends on the orientation and
anisotropy of the b-tensor (R and b, ). To achieve a rotationally invariant
parameterization of the signal, we mimic the characteristics of a powder sample by
performing so-called powder averaging (Bak and Nielsen, 1997, Edén, 2003). The
signal from a powder sample can be approximated by the powder-averaged signal
(S) across multiple diffusion encoding directions (Edén, 2003)

i

S(b,bp) = Zs b,ba,R;) Eq. 32

iy i=

where R, indicates the #*

rotation of the b-tensor and ng;, is the total number of
diffusion encoding directions. The powder-averaged signal has been employed in the
quantification of diffusion anisotropy in several studies (Jespersen et al., 2013,
Lawrenz and Finsterbusch, 2013) and it is also referred to as the “orientational
average” (Edén and Levitt, 1998), the “spherical mean” (Kaden et al., 2015), and
the “directional mean”. The required directional resolution to render a rotationally
invariant signal is discussed in more detail in section 6.2.1.
Fitting of Eq. 31 to the powder signal at varying b-tensor anisotropy yields
___MD?
V1+b2A-VA) VitbA Va Eq. 33

)

S(b,by) =S, - <1+b- D

where (D) = MD for a powder sample. The unknown variables (S,, MD,V;, V,) in

Eq. 33 can be estimated in a joint non-linear fitting of data if two or more b-tensor
anisotropies are used.
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We refer to the disentanglement of isotropic and anisotropic diffusional variance
by multiple b-tensors as diffusional variance decomposition, or DIVIDE. Note that
this expression is used to refer to a set of concepts concerning the decomposition of
variance, rather than a specific set of methods.

5.3.2 Examples of parameter maps in phantoms and in vivo

In Paper II, we performed initial parameter validation by quantifying the diffusional
characteristics in a phantom where the structure was known. The phantom was
composed of two coaxial tubes where the inner tube contained a lamellar liquid
crystal (LC), in which the water movement is restricted between sheet-like bilayers
(Callaghan and Soderman, 1983). The outer tube contained a yeast suspension,
where the water was either restricted to the inside of near spherical cells or hindered
in the extracellular space (Tanner and Stejskal, 1968). Figure 7 shows that the
lamellar crystal exhibited a homogeneous microscopic anisotropy (MKy). The voxel-
scale anisotropy (FA) was high in regions where the crystals were ordered (Le et al.,
2001) and low where it was disordered. The yeast suspension showed negligible
anisotropy on the voxel and microscopic scales. On the other hand, it showed a high
isotropic diffusional variance (MK;) due to the mixture of restricted and hindered
compartments.

Parameter maps of a healthy brain were first reported in Paper III, and
representative examples based on the protocols suggested in Paper VI are shown in
Figure 8. In the white matter, the MK, predominates, which can also be seen as a
high pFA. MK; is non-zero across the brain, and is especially high at the interface
between brain matter and corticospinal fluid. The FA and pFA are markedly
different in that the pFA is relatively homogeneous and high in the white matter
whereas the FA is high only in regions that are known to contain large and well-
ordered white matter pathways. The DIVIDE parameters in brain tissue are
discussed further in Chapter 7.
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Figure 7 | Parameterization of diffusion characteristics in a phantom at an NMR system. The top row
shows the powder averaged signal and the gamma model fit from four locations in the phantom (red
crosses). The yeast suspension shows a high diffusivity and no anisotropy. Furthermore, it shows a high
degree of diffusional variance, caused exclusively by isotropic diffusional variance (MKr and MK, are
high, and MKa is low). The liquid crystals exhibit a homogeneous MD and variable FA, where the FA is
high close to the inner tube wall where the crystal bilayers are aligned with the surface of the glass tube
(Le et al., 2001). Although the FA is low in the central parts of the crystal, the MKa shows that the

microscopic anisotropy is homogeneous across the LC, and independent of orientation coherence. The
figure was adapted, with permission, from Paper Il by Lasic¢ et al. (2014), published by Frontiers.
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Figure 8 | Parameter maps in an axial slice of a healthy brain. The anisotropic variance is high in regions
that contain white matter. The isotropic variance is generally low in brain tissue, and high in regions that
interface with cerebrospinal fluid due to partial volume effects. The yFA and FA differ mostly in regions
of crossing white matter, and in the gray matter. The data were acquired using the protocols used in
Paper VI at a spatial resolution of 2x2x4 mm?® on a 3 T system with 80-mT/m gradients.
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6 Waveform, protocol, and study

design

As described in Chapter 4, the diffusional variance components can only be
separated if b-tensors with more than one anisotropy are used. The design and
implementation of experiments that achieve this depend on a wide range of
theoretical and practical considerations. In this chapter, we consider the
experimental design at three levels. First, we describe how g-space trajectory
encoding is implemented and consider several aspects of gradient waveform
optimization. Secondly, we describe how to design the signal sampling protocol to
allow for an accurate decomposition of the diffusional variance. Third, we discuss
the statistical precision of the estimated parameters and their impact on group-

based inferential statistics.

6.1 Waveform design

6.1.1 Q-space trajectory encoding in a spin-echo sequence

In order to explore non-conventional diffusion encoding waveforms, we developed an
in-house sequence that allows us to freely specify gradient waveforms to be executed
on the scanner. These waveforms can be designed to yield specific trajectories
through the g-space, and we therefore refer to the method as g-space trajectory
encoding (Paper II, Westin et al., 2016a). For simplicity, and for its clinical
relevance, we assume that the QTE is performed within a spin-echo with echo-planar
imaging (EPI) readout, although other sequences are also possible (Eriksson et al.,
2015, de Almeida Martins and Topgaard, 2016).

The spin-echo sequence has three basic components: excitation, refocusing, and
readout (Figure 9). The excitation and refocusing blocks are combinations of radio-
frequency pulses and slice selection gradients. The refocusing block also includes
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Figure 9 | Schematic spin-echo sequence and its timing variables. The gradient waveforms g+(f) and
g2(t) are executed between the excitation pulse (RF90), the refocusing pulse (RF180), and echo-planar
readout (EPI). The timing variables show the maximal time available for encoding (Tpe and Tpost), the
duration of each gradient waveform (61 and &2), the gradient waveform separation (A), the duration of the
refocusing block including the crushers (T1s0), the total encoding time (Tenc), and the echo time (TE). The
balance gradient (red) is executed at the same time as the first crusher. Note that the Stejskal-Tanner
and g-space trajectory encoding gradients are shown together for visual reference, and are not executed
simultaneously.

crusher gradients. The EPI readout is centered on the echo time (TE), and can
occupy a significant time before and after TE. The diffusion encoding gradient
waveforms (g (¢t) and g, (t), see section 4.1) are inserted between these blocks, and
the timing is therefore primarily determined by the TE and the duration of each
block, as described in Figure 9. Notably, the maximal duration of the encoding after
the refocusing pulse is often reduced by the presence of the readout block, referred
to as “asymmetric sequence timing”. In general, it is beneficial to minimize TE to
reduce loss of signal due to transverse relaxation. However, a shorter TE will incur
a limitation on the maximal b-value, so there is a trade-off between SNR and
encoding strength.

The first implementation of QTE on a clinical MRI system was presented in Paper
II, where it was used to yield isotropic diffusion encoding (STE) to estimate the
pFA in a phantom. Subsequently, it was employed in vivo to investigate healthy
tissue (Paper III) and tumor tissue (Paper V). These studies used magic-angle
spinning of the g-vector (qMAS) (Eriksson et al., 2013) to produce STE. We have
also used the sequence to render LTE, PTE, and STE in a study of patients with
schizophrenia (Westin et al., 2016a). Of course, the QTE sequence can also render
trapezoidal waveforms, such as those proposed by Cory et al. (1990), Wong et al.
(1995), Mori and van Zijl (1995), and Moffat et al. (2004).
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6.1.2 Considerations for waveform design and optimization

In conventional diffusion encoding, the optimization of the gradient waveform is
trivial because the maximal b-value for a given encoding time is achieved by
maximizing the duration, amplitude, and separation of two identical trapezoid
waveforms (Stejskal and Tanner, 1965, Jones et al., 1999). The same is not true for
QTE, where the waveform optimization must take into account the prescribed b-
tensor shape, and in the case of asymmetric waveforms, the timing asymmetry.

In Paper IV, we presented a method that uses numerical optimization to render
waveforms that yield specific b-tensors while respecting limitations imposed by the
maximal gradient amplitude, slew rate, energy consumption, and heating. It also
allows the user to specify an arbitrary timing of the encoding periods, i.e. the

to take advantage of all

waveform can be designed so that 8; =T}, and 8, =T,

pre
available time for encoding (Figure 9). Several factors that influence the design and

validity of gradient waveforms for diffusion encoding are discussed below.

6.1.2.1 Gradient amplitude and slew rate

The performance of the gradient system is a vital consideration for the design of a
waveform. From Egs. 14 and 15, we see that b o< |g|?, meaning that a gradient
system with twice the maximal gradient amplitude can produce four times as strong
diffusion encoding. However, the system performance is also limited by the maximal
gradient slew rate. This is especially noticeable for short encoding times, where the
gradients may never reach their maximal amplitude due to relatively low slew rates
compared to the maximal gradient amplitude. The slew rate limitation is most
pronounced for PTE and STE, since these are rendered by waveforms that exhibit
several transitions between negative and positive gradient amplitudes.

Figure 10 shows the maximal b-values attainable for LTE, PTE, and STE using
various waveform designs at maximal gradient amplitudes of 40 and 80 mT/m. The
numerically optimized waveforms, denoted “Sjolund” (Paper IV), outperform
previous waveform designs.

Of considerable importance is also the risk of causing peripheral nerve stimulation
(PNS) (Ham et al., 1997). PNS can be effectively avoided by limiting the slew rate,
but such an approach may reduce the encoding efficiency. Alternatively, the risk for
PNS can be predicted by a model so that an appropriate waveform may be designed.
For example, this could be achieved with the “SAFE” model suggested by Hebrank
and Gebhardt (2000).
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Figure 10 | Maximal b-values for LTE (black lines), PTE (red lines), and STE (dashed lines) for echo
times between 50 and 160 ms at 40 and 80 mT/m. The optimization norm of each waveform is denoted
in parenthesis at the end of its name where “max” indicates that the waveforms cannot be rotated
arbitrarily without incurring a severe performance penalty (see section 6.1.2.2). The b-values are
calculated assuming an asymmetric sequence timing (Tpost is 12 ms shorter than Tpre) with a constant
gradient-off time of T1s0 = 8 ms, and a maximal slew rate of 100 T/m/s. The most efficient waveforms are
the numerically optimized waveforms by Sjélund et al. (2015) (Paper 1V). For long echo times, the
numerically optimized LTE waveform is only marginally better than the Stejskal-Tanner sequence. The
original waveform designs can be found in the following references: Stejskal and Tanner (1965) (SDE),
Sjolund et al. (2015) (Paper V), Eriksson et al. (2013) (QMAS), Topgaard (2016b), Cory et al. (1990)
(DDE), Moffat et al. (2004), and Wong et al. (1995).

6.1.2.2 Waveform norm and rotations

It is possible to combine multiple gradient axes to produce gradient strengths beyond
the capacity of a single axis. This can be exploited in the design of the waveform

where the gradient trajectory can be limited by either the “max-norm”
<GP < Ghs 9E<GRa Eq. 34
or the “L2-norm”
9% + 95 + 92 < Ghax s Eq. 35

where g, is the maximal gradient amplitude along each axis. These limitations can
be seen as constraining the gradients within a cube with a side of 2¢u.x or a sphere
with a diameter of 2.y, respectively.

The benefit of using the max-norm is that it takes advantage of the combined
strength of multiple gradient axes and can therefore yield a higher encoding
efficiency (Figure 10). The drawback is that the waveform cannot be rotated along
arbitrary directions without violating the gradient amplitude limit. Experiments
that demand arbitrary rotations of the b-matrix should therefore be based on
waveforms that are constrained to the L2-norm, whereas experiments that demand
very few, or no, rotations may benefit from the max-norm. The number of rotations
that is required depends on the underlying tissue (Paper VI), as described in section 6.2.1.
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Figure 11 | The top row shows gradient waveforms in a spin-echo sequence with EPI readout. The
bottom row shows the magnitude of the squared g-vector, which is proportional to the b-value (see
section 4.1), normalized to Stejskal-Tanner encoding to provide a visual cue that reflects their efficiency.
Symmetric waveforms (e.g. Stejskal-Tanner and gqMAS) do not take advantage of all available encoding
time (red lines show interval where gradients are off). Waveforms that return the g-vector to the origin
during the refocusing pulse have low efficiency (de Swiet and Mitra, 1996). Asymetric waveforms can
use all the encoding time available, which yields superior encoding efficiency (Figure 10). Furthermore,
the max-norm employs stronger gradient combinations than the L2-norm, which improves the encoding
efficiency. Note that the Stejskal-Tanner waveform renders LTE, whereas the remaining waveforms
render STE.

6.1.2.3 Energy consumption and heating

The gradients produced by the MRI system are limited by the energy required by
the amplifiers, and the heating of the hardware. Both aspects are factored into the
duty cycle of the system, and should be considered and monitored during the design
and execution of demanding dMRI experiments (Paper IV). The magnetic field
gradient used for diffusion encoding is proportional to the current (I) applied
through a coil. The dissipated power (P) is proportional to the square of the current,
P =TI?R  |g|?, where R is the circuit resistance (Hidalgo-Tobon, 2010). This means
that a doubling of the gradient amplitude will expend four times the energy. The
electrical energy is stored in capacitors, which are continuously refilled by the mains
power. However, if demanding waveforms are used in rapid succession, the capacitors
may be depleted, or fail to recharge between acquisitions. Furthermore, it is possible
to deposit more energy in the system than what can be removed by the cooling
system, thereby causing net heating — which may affect the signal accuracy (Vos et
al., 2016) or cause the system to overheat. Both energy consumption and heating
can be mitigated by extending the encoding time so that lower gradient amplitudes
can be used to yield a given encoding strength, albeit at a penalty to the SNR.
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Flawed timing Flawed timing Figure 12 | The top row shows the signal in a
water phantom using an asymmetrical
waveform for LTE at b = 0.5 ms/um?. When
the timing is perfect, the waveform is
balanced (left). Flawed timing is achieved by
extending the duration of the second
waveform by 0.1 ms (0.3% of the total
encoding time); the waveform is off-balance
and gross image artifacts appear (middle).
When the balance gradient is engaged, it
automatically restores the balance and the
signal for perfect timing is recovered (right).
The bottom row shows the average signal in
a central region of the phantom (red square)
along 64 diffusion encoding directions.
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6.1.2.4 Waveform symmetry and balance

To characterize some of the features associated with arbitrary waveforms, we use
the concepts of waveform symmetry and balance. A waveform is “symmetric” if it
is identical on both sides of the refocusing pulse, i.e. if g; () = g, (t + A), where A
is the time between the onset of the two encoding waveforms (Figure 9). Asymmetric
waveforms do not adhere to this rule and can be designed to occupy all available
time on both sides of the refocusing pulse (Paper IV). Furthermore, asymmetric
waveforms can be designed to encode along different directions before and after the
refocusing pulse, whereas symmetric waveforms must repeat the same trajectory
twice, which is less effective (Figure 11).

The balance of a waveform is determined by the 0" moment vector (p = [j, p, THE)
of the gradient waveform, according to

ty ty

uzv/gl(t)dt—v/gz(t)dt, Eq. 36

21 s

where the integration limits are the beginning and end of each waveform. In order
for the accumulated phase to be zero at the time of the spin-echo, the waveform
must be designed such that |uw| =0 (de Swiet and Mitra, 1996). A set of gradients
that render |p| = 0 is called “balanced”, whereas |u| # 0 is called “off-balance”.
Small errors may be introduced when the waveform is resampled to match the
prescribed duration and gradient system raster time. For symmetric waveforms,
these errors cancel, and have no discernable effect. If the waveform is asymmetric,
seemingly small imperfections may result in significant signal errors. However,
timing and interpolation errors can be effectively mitigated by a balance gradient
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(Figure 9). The balance gradient automatically negates the residual 0** moment of
the encoding gradients and restores the signal properties, as demonstrated in Figure 12.

Generally, asymmetric waveforms are robust to any linear scaling of the gradient
amplitude. However, non-linear distortions of the gradient waveform — for example,
caused by concomitant fields — may result in image artifacts and signal bias
(Bernstein et al., 1998). However, for main magnetic fields above 1.5 T and gradient
amplitudes below 300 mT/m, the effects of concomitant fields are negligible. Thus,
no additional corrections were implemented in this work, although it is possible to
do so in the imaging sequence and post-processing (Meier et al., 2008, Baron et al., 2012).

6.2 Protocol design

The imaging protocol, i.e. the signal sampling scheme, used for diffusional variance
decomposition is similar to a multi-shell DKI acquisition in that it uses multiple
encoding directions and encoding strengths (Poot et al., 2009, Jensen and Helpern,
2010). However, unlike DKI, it also uses b-tensors with varying anisotropy, and the
analysis is based on the powder averaged signal. It therefore has many features in
common with the protocol optimization used in DTT and DKI (Basser and Jones,
2002, Cook et al., 2007, Merisaari and Jambor, 2014), but is different enough to
warrant a separate investigation of the proper design of the sampling protocol.

The initial implementation of QTE and DIVIDE was based on relatively
inefficient waveforms that resulted in long echo times and low spatial resolution.
The data was also over-sampled to allow closer inspection of signal characteristics,
which limited the spatial coverage (Paper II, IIT, and V). In Paper VI, we explored
the technical feasibility of whole-brain QTE and DVIDE at various MRI systems at
clinically feasible times. The considerations pertaining to tissue characteristics and
hardware performance are briefly described below.

6.2.1 Impact of tissue characteristics

The design of the protocol depends on the diffusional characteristics of the observed
tissue. For example, the diffusivity determines the signal attenuation at a given
encoding strength, and will therefore have an impact on the SNR (Jones and Basser,
2004). In Paper VI, we considered how the diffusivity and anisotropy of the tissue
affected the assumption of Gaussian phase dispersion (see section 3.4.1) and the
accuracy of the powder averaged signal. These considerations could be expressed in
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Figure 13 | The miniml number of diffusion encoding directions (nmin) required to yield a rotation invariant
signal powder average (CV < 1%) for LTE and PTE (Paper VI). Each region is labeled with a circle that
shows nmin for combinations of anisotropy (FA) and attenuation (b-MD). High anisotropy and attenuation
both require more encoding directions. PTE requires fewer directions than LTE, and STE requires only
one direction (data not shown).

terms of the maximal encoding strength that was employed, and the required
number of diffusion encoding directions. Assuming that the signal should not be
attenuated below 10% (Topgaard and Soderman, 2003), the diffusivity of the tissue
determined the maximal encoding strength. On the other hand, the tissue anisotropy
determined the required number of diffusion encoding directions to render a
rotationally invariant signal powder average. As described in sections 4.2 and 5.3.1,
the signal powder average is calculated as the average signal across multiple
directions. For a finite number of diffusion encoding directions, the signal average
across all directions depends on the orientation of the object. However, if the loss of
precision due to rotation is negligible compared to the signal uncertainty caused by
noise, the signal may be considered to be rotationally invariant. The minimum
number of encoding directions for a given b-tensor anisotropy and tissue is then
related to the anisotropy (FA) and level of signal attenuation (b-MD) (Paper VI,
Szczepankiewicz et al., 2016b). As expected, increasing tissue anisotropy and
encoding strength increases the demand on directional resolution, which is a well-
known feature in high-angular-resolution dMRI (Frank, 2001, Tournier et al., 2013).
Moreover, the directional resolution depends on the b-tensor anisotropy, where PTE
requires fewer directions than LTE, and STE requires only one signal acquisition
since it yields rotationally invariant signal per definition (Mori and van Zijl, 1995,
Wong et al., 1995, Eriksson et al., 2013).

The practical implication of tailoring protocols to the characteristics of specific
tissues is that different tissues require different protocols. For example, healthy
white matter requires relatively high b-values and a high directional resolution,
whereas weaker encoding and few directions are appropriate when investigating a

glioma tumor (Paper V and VI).
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6.2.2 Impact of static field strength and gradient system

performance

The quality of AMRI data depends on both the main magnetic field strength and
the gradient system performance (Polders et al, 2011, Setsompop et al, 2013). Thus,
the design of a DIVIDE protocol should consider the MRI system performance. As
detailed in Figure 10, higher gradient amplitude will render a given b-value at a
shorter encoding time, which benefits the SNR and the sampling rate. Assuming
high fields and disregarding relaxation, SNR is proportional to the main magnetic
field. However, higher magnetic fields also reduce the transversal relaxation times
(Stanisz et al., 2005, Uludag et al., 2009, Cox and Gowland, 2010), which counteracts
the benefit of increased SNR at sufficiently long echo times. For example, for dAMRI
based on a spin-echo sequence in the brain, a move from a 3 T to a 7 T system is
only motivated if the echo time can be kept below approximately 100 ms
(Szczepankiewicz et al., 2016¢).

Since the performance of gradient systems in the context of QTE is relatively
unexplored, we investigated the feasibility of tensor-valued diffusion encoding with
numerically optimized waveforms in systems with different gradient performance (33
to 80 mT/m) and main magnetic field strengths (1.5 to 7 T) (Paper IV). As
expected, the gradient system performance was crucial to yield short echo times and
high sampling rates. The resulting echo times ranged from 90 to 140 ms, and the
resulting SNR maps for a spatial resolution of 2x2x4 mm?* at b = 2 ms/pm? can be
seen in Figure 14. We estimate that sufficient SNR, i.e. SNR > 3 (Gudbjartsson and
Patz, 1995), is achievable using a 1.5 T scanner with a 33 mT/m gradient system
in the whole brain at a spatial resolution of approximately 2.5x2.5x4 mm?®. For a 7
T system with 60 mT/m gradients, it is possible to achieve echo times below 100
ms, which indicates that DIVIDE based on QTE is also feasible at ultra-high field
strengths (Paper VI, Szczepankiewicz et al., 2016¢).
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A(1.5/33) B(1.5/45)  C(3/45) D(3/80) E(7/60)

Figure 14 | Signal-to-noise ratio at b = 2 ms/um? in a single healthy volunteer scanned with multiple MRI
systems. The red outlines indicate regions where SNR < 3. The labels in parentheses state the main
magnetic field strength and the maximal gradient amplitude in units of T and mT/m, respectively. The
histograms show the voxel-wise SNR distributions within the white outlines. We note that the 7 T system
showed poor signal homogeneity, likely due to RF inhomogeneity (Moser et al., 2012).
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6.3 Study design

From a statistical point of view, the preparation, execution, and evaluation of a
study may take many forms, and there are several publications to provide guidance
on how to do so (Cohen, 1976, Strasak et al., 2007, Vandenbroucke et al., 2007).
Here, we discuss the impact of parameter precision on the statistical power and sample
size of a t-test, based on a hypothetical comparison of two independent samples.

6.3.1 Statistical power

The statistical power of a test describes the probability of correctly rejecting the
null hypothesis. Although the analysis of statistical power is frequently overlooked,
a strong case for its usefulness can be made by considering that it lets us predict the
probability that a given study will yield a statistically significant result (Cohen,
1976). Since the power depends on the sample size, a statistical power analysis may
be used to determine how many subjects should be included in a study to avoid
inconclusive results, and may also facilitate more realistic expectations regarding the
outcome (Cohen, 1976, Lenth, 2001, Maxwell et al., 2008).

In the context of dMRI, considering the statistical power may also improve
interpretation of results. In Paper I, we investigated DKI and DTI parameters, and
their statistical precision, in several white matter structures. Interestingly, the
statistical power was highly heterogeneous across parameters and locations. The
parameter variance was mainly caused by inter-subject differences, and to a lesser
extent by measurement noise. Such information can further improve the design of a
study by determining if time and resources are best spent on longer scans or larger
samples.

Generally, a study and imaging protocol should be designed so that all regions
investigated have sufficient power, but this may lead to unfeasible requirements on
scan time or sample size. It is worth considering that the statistical power can be
improved without increasing the sample size. For example, the design of the study
can strive to maximize the effect size by evaluating only regions or parameters where
the effect is expected to be largest, and attrition can be avoided by ensuring a high
program integrity over the course of the study (Hansen and Collins, 1994).
Furthermore, power may be improved by finding and eliminating confounding
factors. In Paper I, we found an interaction between dMRI parameters and the size
of white matter structures caused by partial volume effects, and we estimated that
its removal could reduce the required sample size by up to 60%. Similar effects have
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been pointed out in DTI, where interactions between the structure geometry and
the imaging raster may reduce the parameter accuracy significantly (Edden and
Jones,; 2011, Vos et al., 2011).

6.3.2 Estimation of required group sizes

In order to facilitate a preliminary statistical power analysis based on the parameters
derived from DIVIDE, values for the group mean and variance are presented in
Table 1. We have also estimated the group sizes necessary to yield a statistical power
of 0.8 at a relative effect size of 5% using a t-test (Paper I) for several dMRI
parameters. The analysis is based on a group of ten healthy volunteers (all male,
mean age + s.d. was 30 £ 4 y, in the interval 24-34 y) as described in Paper IV.
Four ROIs were defined to represent the anterior and posterior corpus callous (ACC
and PCC), anterior crossing region (ACR), and the corticospinal tract (CST). Each
ROI was placed manually in a single axial slice at the level of the lateral ventricles.

Table 1 is intended to provide ballpark figures of the parameter precision and
power for future study design and statistical analysis. Notably, the diffusional
variance parameters require larger sample sizes than FA and pFA. Furthermore, the
pFA showed a high parameter precision, in agreement with previously reported
values (Paper III). Apart from the CST, MK; showed relatively low precision,
especially in regions close to the lateral ventricles — possibly due to partial volume
effects with cerebrospinal fluid.

Table 1 | Parameter values derived using DIVIDE in a group of ten healthy volunteers, and estimated
group sizes (n) required to reach statistical power of 0.8 at a relative effect size of 5% for a t-test
(independent samples, equal variance, two-tailed, significance threshold 0.05). MD is given in units
of um?/ms, and the remaining parameters are unitless.

ACC PCC ACR CST

Mean (s.d.) n Mean (s.d.) n Mean (s.d.) Mean (s.d.)
MD 088 (0.05) 22 0.90 (0.05) 17 0.95 (0.02) 3 0.93 (0.02) 4
MKr  2.67 (0.23) 45 3.21 (0.22) 30 2.07 (0.16) 36 2.81 (0.15) 19
MKi 232 (0.20) 48 273 (0.22) 41 154 (0.10) 27 241 (0.14) 22
MK:  0.34 (0.15) >200 048 (0.15) >200  0.53 (0.08) 140  0.40 (0.03) 46
wFA 097 (0.02) 3 0.99 (0.02) 3 0.88 (0.01) 2 0.98 (0.01) 2
FA 084 (0.03) 10 0.80 (0.05) 24 0.33 (0.03) 71 0.68 (0.03) 10

ACC, anterior corpus callosum; PCC, posterior corpus callosum; ACR, anterior crossing region; CST, corticospinal
tract; n, minimal sample size (per group); MD, mean diffusivity; MK, normalized diffusional variance; FA,

fractional anisotropy; pFA, microscopic fractional anisotropy.
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7 Interpretation and implications

Diffusional variance decomposition has been performed in healthy brain (Paper IIT),
meningioma and glioma tumors (Paper V), schizophrenia patients (Westin et al.,
2016a), and in several phantoms (Paper II, Eriksson et al., 2015, Westin et al.,
2016b). Here, we review the preliminary findings currently available in healthy brain
tissue and tumor tissue, and compare them to similar methods, such as DKI (Jensen
et al., 2005) and techniques based on DDE (Jespersen et al., 2013, Lawrenz and
Finsterbusch, 2015). The interpretation of the parameters and the implications for
the wider dMRI community are discussed.

7.1 Healthy brain

In the healthy brain, a probe of diffusion anisotropy that is independent of the
orientation coherence of tissue is desirable because it may alleviate some of the issues
associated with interpretation of voxel-scale anisotropy (Shemesh et al., 2010, Jones
et al., 2012). Microscopic diffusion anisotropy has been estimated in monkey brain
(Jespersen et al., 2013, 2014a) and human brain (Lawrenz and Finsterbusch, 2013,
Hui and Jensen, 2015, Lawrenz et al., 2015, Lawrenz and Finsterbusch, 2015), based
on double diffusion encoding. These studies have consistently shown that the
diffusion anisotropy on the microscopic scale can be recovered, and that it is high
in the white matter, even in regions of crossing pathways where conventional metrics
of voxel-level anisotropy, such as FA, are low. Furthermore, the presence of diffusion
anisotropy can be probed in tissues that appear isotropic on the voxel scale. For
example, microscopic anisotropy has been detected in gray matter, which supports
the notion that it contains incoherent anisotropic structures (Komlosh et al., 2007,
Shemesh and Cohen, 2011, Jespersen et al., 2013).

In Paper III, we estimated the microscopic anisotropy, based on the DIVIDE
approach, in terms of the pFA. The pFA was high in regions of white matter, and
relatively low in gray matter and tissues that interface with CSF. The contrast
between the pnFA and FA was most notable in regions that are known to contain

65



MFA

Figure 15 | Association between FA, uyFA, and OP. Each point of data corresponds to a voxel in an axial
slice of a healthy brain. The red markers show data taken from a region where yFA > 0.8, which
corresponds well to the white matter (red outline in yFA map). The OP shows a strong positive correlation
to FA, especially in the white matter, indicating that FA mainly reflects the orientation coherence of
anisotropic tissue. On the other hand, the yFA and FA show a weak correlation, where a high pFA
corresponds to a wide range of FA values, whereas a high FA is always associated with high yFA. This
figure is a reproduction of Figure 6 in Paper lll, and is based on data that was acquired using the protocols
suggested in Paper VI.

crossing white matter pathways, where the pnFA was high compared to the FA.
These findings are in agreement with those from previous studies (Jespersen et al.,
2013, Lawrenz and Finsterbusch, 2013, Lawrenz et al., 2015), and indicate that the
different encoding techniques and methods of analysis are sensitive to similar
features of the tissue although the mathematical modeling is somewhat different, as
discussed by Jespersen et al. (2014b), and Hui and Jensen (2015). We also estimated
the OP, which reflects the orientation coherence of the tissue. Note that the OP
map bears a striking resemblance to the FA map (Figure 8), which indicates that
the FA in white matter is primarily modulated by orientation coherence rather than
anisotropy (Paper I and III), which is in agreement with previous results based on
biophysical models (Zhang et al., 2012). This result is shown Figure 15, where a
strong correlation between the FA and the OP exists in the white matter, whereas
pFA is independent of the OP. Our observations of microscopic anisotropy in the
gray matter in Paper III were based on data acquired at a low spatial resolution and
were therefore sensitive to partial volume effects. In Paper VI, a higher resolution
was afforded by the optimized waveforms and shorter echo time, and the pFA in
gray matter regions was estimated to be between 0.5-0.6, although it should be
noted that uFA below approximately 0.5 may be biased due to noise (Paper II).
Although parameters of microscopic diffusion anisotropy have not been
independently validated in healthy tissue, recent results comparing high-resolution
FA and structural anisotropy support the interpretation of pnFA as a marker for
anisotropic tissue structures that is independent of voxel-scale orientation coherence
(Budde and Frank, 2012, Budde and Annese, 2013, Ronen et al., 2014, Khan et al.,
2015).
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To our knowledge, we have presented the first studies that isolate and investigate
the isotropic variance component in vivo (Paper III and V, Westin et al., 2016a).
Westin et al. (2016a) suggested that an elevated Vi in the white matter of
schizophrenia patients agreed with an increasing free water fraction. However, no
independent investigation of what it represents in healthy tissue has been performed.
Regardless, it may aid in the interpretation of data. For example, Kaden et al.
(2015) proposed that the microscopic anisotropy can be derived from what is
effectively the total diffusional variance, but this assumes that all variance is due to
anisotropy and it neglects the presence of the isotropic component — an assumption
that may introduce a significant bias (Paper III and VI).

7.2 Meningiomas and gliomas

Tumors frequently exhibit both macroscopic and microscopic heterogeneity, caused
by factors such as oxygenation, nutrition, metabolism, and interaction with other
tissues (Heppner, 1984, Marusyk and Polyak, 2010). Tumor heterogeneity may also
be caused by mixtures of divergent cell clones, where clonal diversity may have a
strong influence on the malignancy and response to treatment (Shackleton et al.,
2009, Marusyk and Polyak, 2010, Magee et al., 2012).

Methods such as DWI and DTI are useful for mapping the macroscopic
heterogeneity and geometric extent of tumors (Maier et al., 2010, Ryu et al., 2014,
Sternberg et al., 2014, Rozenberg et al., 2016), and also their gross response to
treatment (Chenevert et al., 2000, Moffat et al., 2005). On the microscopic scale the
heterogeneity may be probed in terms of the diffusional variance. Several studies
have shown that the diffusional variance, in terms of the mean kurtosis normalized
to normal-appearing white matter (MK /MKyawn), i superior in differentiating
low- and high-grade gliomas (Raab et al., 2010, Van Cauter et al., 2012, Van Cauter
et al., 2014, Tietze et al., 2015). These findings presumably reflect a higher degree
of tissue heterogeneity in higher-grade tumors. Recently, Hempel et al. (2016)
reported an association between MKy /MKy wy and the molecular profile of
gliomas of variable origin, which suggests that a probe of tumor heterogeneity may
facilitate more specific diagnosis of tumor subtypes.

In Paper V, we performed diffusional variance decomposition in meningiomas and
gliomas. Both tumor types exhibited elevated diffusional variance (MKr > 0),
indicating that both contained heterogeneous tissue. What is remarkable is that the
dominant components in the two tumor types were different. In the meningiomas,
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Figure 16 | Examples of diffusional variance parameters in meningioma and glioma tumors (white line
shows outline of tumor). The total diffusional variance (MKr) is high in both tumor types, indicating
heterogeneous tissue. However, the tumors differ markedly regarding the source of diffusional variance,
where the meningioma and glioma exhibit mostly anisotropic and isotropic diffusional variance,
respectively. This is seen in the column on the far right, where the anisotropic (MKa, blue) and isotropic
variance (MK, red) are superimposed on a high-resolution FLAIR image. The figure was adapted, with
permission, from Paper V by Szczepankiewicz et al. (2016a), published by Elsevier.

the anisotropic diffusional variance was dominant (MK, > MK;), whereas the
opposite was observed in the gliomas (MK; > MK,). Examples of diffusional
variance parameter maps in a meningioma and glioma are shown in Figure 16.

To determine whether the diffusional variance could be interpreted as tissue
heterogeneity, an independent analysis of the same tumor tissue by quantitative
microscopy was performed. The link between diffusional variance and tissue
microstructure was formulated in two hypotheses, which stated that (i) there is a
correlation between anisotropic variance and structure anisotropy, and (ii) there is
a correlation between isotropic variance and the variance in cell density (Paper V).
The tissue anisotropy (Ha) was quantified by “structure tensor analysis” (Bigun,
1987, Knutsson, 1989), which has been used in several studies that show a strong
correlation between diffusion and structure anisotropy (Budde and Frank, 2012,
Budde and Annese, 2013, Khan et al., 2015). The cell density variance (H;) was
quantified by segmenting and counting cell nuclei in histological images (Malpica et
al., 1997, Al-Kofahi et al., 2010). We are not aware of any previous investigations
of cell density variance, but the second hypothesis is made plausible by the
correlation between diffusivity and cell density that has been reported in several
studies (Sugahara et al., 1999, Anderson et al., 2000, Chenevert et al., 2000, Lyng
et al., 2000, Kono et al., 2001, Moffat et al., 2004, Kinoshita et al., 2008, Padhani
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et al., 2009, Ginat et al., 2012, Chen et al., 2013), although there are exceptions.
Examples of quantitative parameter maps derived from histological images are given
in Figure 17.

We found strong correlations between parameters derived from dMRI and
microscopy, which provides evidence for a link between diffusional variance and
structure heterogeneity. Specifically, the anisotropic diffusional variance correlated
with structure tensor anisotropy (MK, vs. Hy, 7= 0.95), and the isotropic diffusional
variance correlated with the cell density variance (MK; vs. Hy, r = 0.83) (Paper V).

We would expect diffusional variance decomposition in tumors to have two
relevant implications. First, probing of more specific components of the diffusional
variance may facilitate a better understanding and interpretation of tissue
heterogeneity and its role in tumor diagnosis and treatment. This also applies to the
interpretation of the anisotropic diffusional variance in terms of the pFA. For
example, the fact that pFA is not affected by orientation coherence of tissue may
be beneficial in determining the presence of anisotropic structures in meningioma
tumors for the purpose of predicting their subtype and toughness (Kashimura et al.,
2007, Tropine et al., 2007, Jolapara et al., 2010, Sanverdi et al., 2012). Secondly,
there may be a purely statistical benefit in separating the two components of
diffusional variance, and in treating one as a nuisance parameter (Paper V), as this

may remove unwanted variance and therefore improve the statistical power (Paper I).
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Figure 17 | Quantitative microscopic analysis of tumor tissue. The top row shows the hematoxylin- and
eosin-stained section (H&E). The magnifications show a 250x250 pm? region of the tissue. The
parameter maps show the fractional anisotropy derived from the structure tensor analysis (FAsT), the
orientation of the tensor field (Ori), and the cell density (p. in units of 10®/mm?). The meningioma is a
grade-I fibroblastic subtype (Riemenschneider et al., 2006, Louis et al., 2007), the cell density is relatively
homogeneous (p. exhibits low spatial variance), and the tissue mainly contains anisotropic cells and cell
structures (high FAst). The orientation coherence varies across the tumor, and some regions are
coherent on the mm length scale (saturated regions in the Ori map). The glioma is a grade-IV
glioblastoma multiforme. It is surrounded by normal-appearing cortical gray matter and contains regions
of necrotic tissue at its core. The tissue exhibits vanishing levels of structure anisotropy and orientation
coherence (low FAst). However, the cell density varies across the tumor, where necrotic tissue can be
seen as regions of low cell density. The figure was adapted, with permission, from Paper V by
Szczepankiewicz et al. (2016a) published by Elsevier.
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8 Conclusions

This thesis describes initial efforts to probe specific components of diffusional
variance, and tissue heterogeneity. The work spanned the development and
implementation of novel techniques for diffusion encoding (QTE), tissue modeling
(DTD), and parameterization (DIVIDE). We studied healthy and tumor tissues in
vivo, and demonstrated that diffusional variance can be decomposed into isotropic
and anisotropic components. In the tumors, parameters from DIVIDE were
compared to similar parameters from quantitative microscopy. Parameters from the
two independent methods showed a strong correlation, which supported the
interpretation of isotropic and anisotropic diffusional variance as probes of variable
cell density and anisotropic structures, respectively. Although other features of the
tissue may affect the diffusional variance, the current results suggest that DIVIDE
enables a more specific characterization of tissue heterogeneity than what is possible
with previous methods.

Our ability to disentangle anisotropic and isotropic diffusional variance was
enabled by the use of b-tensors with variable anisotropy, which require non-
conventional diffusion encoding gradient waveforms. To achieve clinically feasible
scan times at a wide range of MRI systems, we also worked to developed waveforms
with superior efficiency compared to previous designs.

The conclusions of each individual publication were:

I The diffusional variance and its statistical power is heterogeneous between
subjects, across brain regions, and even along specific white matter
structures. Studies should take the region-specific statistical power into
account when designing studies and interpreting statistical tests.

II. Tensor-valued diffusion encoding by g-space trajectory encoding enables
DIVIDE, and is feasible on clinical systems. Diffusional variance in
phantoms was caused by isotropic and anisotropic heterogeneity on the
microscopic scale.

I11. DIVIDE parameters were estimated in healthy volunteers in vivo.
Microscopic diffusion anisotropy was probed in terms of the uFA. The uFA
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is independent of orientation coherence and may provide a more robust
biomarker for structural anisotropy than the conventional FA metric.

IV. Numerical optimization of waveforms for tensor-valued encoding gives
superior encoding efficiency. Optimized waveforms provide a significant
reduction in the echo time and facilitate higher-data quality with shorter
acquisition times.

V. In meningiomas and gliomas, the two variance components estimated by
DIVIDE showed a clear association with specific tissue features derived from
quantitative microscopy. Tensor-valued diffusion encoding at high b-values
improves the interpretation of dMRI in tumors.

VL Whole-brain DIVIDE is possible in a wide range of MRI systems, and at
acquisition times below 8 minutes. Furthermore, the imaging protocol can
be tailored to a specific MRI system and tissue to render data of sufficient

quality.

8.1 Future work

Future efforts will investigate the assumptions of the DTD model in various tissues
in order to establish the impact of time-dependent diffusion and exchange on the
accuracy and interpretation of the parameters (Nilsson et al., 2013b, Fieremans et
al., 2016). Our investigations of exchange have already yielded preliminary results
in healthy brain and tumors (Lampinen et al., 2016), and we expect that the
combination of multiple dMRI sequences for specialized measurements will prove
valuable in exploring the characteristics of both healthy and diseased tissues.

The interpretation of AMRI parameters should also be informed and substantiated
by independent validation. Tools such as microscopy (light, confocal, electron),
micro-X-ray, and tissue clearing may contribute valuable information to the
continued exploration of tissue microstructure (Chung et al, 2013, Khan et al., 2015,
Walton et al., 2015). The challenge remains to investigate large samples at sufficient
resolution, and to create a feasible link between tissue microstructure and the

diffusion process.
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Diffusion kurtosis imaging (DKI) is an emerging technique with the potential to quantify properties of tissue
microstructure that may not be observable using diffusion tensor imaging (DTI). In order to help design DKI
studies and improve interpretation of DKI results, we employed statistical power analysis to characterize
three aspects of variability in four DKI parameters; the mean diffusivity, fractional anisotropy, mean kurtosis,
and radial kurtosis. First, we quantified the variability in terms of the group size required to obtain a statis-
tical power of 0.9. Second, we investigated the relative contribution of imaging and post-processing noise
to the total variance, in order to estimate the benefits of longer scan times versus the inclusion of more sub-
jects. Third, we evaluated the potential benefit of including additional covariates such as the size of the struc-
ture when testing for differences in group means. The analysis was performed in three major white matter
structures of the brain: the superior cingulum, the corticospinal tract, and the mid-sagittal corpus callosum,
extracted using diffusion tensor tractography and DKI data acquired in a healthy cohort. The results showed
heterogeneous variability across and within the white matter structures. Thus, the statistical power varies
depending on parameter and location, which is important to consider if a pathogenesis pattern is inferred
from DKI data. In the data presented, inter-subject differences contributed more than imaging noise to the
total variability, making it more efficient to include more subjects rather than extending the scan-time per
subject. Finally, strong correlations between DKI parameters and the structure size were found for the cingu-
lum and corpus callosum. Structure size should thus be considered when quantifying DKI parameters, either
to control for its potentially confounding effect, or as a means of reducing unexplained variance.

© 2013 Elsevier Inc. All rights reserved.

Introduction

related to properties of the tissue microstructure, for example, the
axonal water fraction and the tortuosity of the extracellular space in

Diffusion kurtosis imaging (DKI) is a technique that has been sug-
gested to show higher sensitivity and specificity than diffusion tensor
imaging (DTI) in detecting and differentiating alterations of tissue mi-
crostructure (Cauter et al., 2012; Cheung et al., 2009; Grossman et al.,
2012; Wang et al., 2011; Wu and Cheung, 2010). Being an extension
of DTI, DKI provides conventional DTI-based parameters, such as the
mean diffusivity (MD) and the fractional anisotropy (FA), and unique
parameters that describe the degree to which the water diffusion is
non-Gaussian. This information is most commonly represented by
the mean diffusional kurtosis (MK) and radial diffusional kurtosis
(RK) (Jensen and Helpern, 2010; Jensen et al., 2005), that can be

* Corresponding author at: Lund University, Department of Medical Radiation Physics,
Barngatan 2, 22185 Lund, Sweden.
E-mail address: filip.szczepankiewicz@med.lu.se (F. Szczepankiewicz).

1053-8119/$ - see front matter © 2013 Elsevier Inc. All rights reserved.
http://dx.doi.org/10.1016/j.neuroimage.2013.02.078

white matter (WM) (Fieremans et al., 2011). In its application to clin-
ical research, DKI has rendered promising results in studies of, for ex-
ample, reactive astrogliosis (Zhuo et al., 2012), age-related diffusional
changes (Falangola et al.,, 2008), and has been reported to outperform
conventional DTI in the detection of Parkinson's disease (Wang et al.,
2011) and in the grading of gliomas (Cauter et al., 2012). DKI has also
been performed outside of the brain, for example, in the spinal cord
(Hori et al., 2012; Szczepankiewicz et al., 2011).

In light of the emerging popularity of DK], it is interesting to eluci-
date the statistical characteristics of the extracted parameters. Using a
statistical power analysis, the variability of any parameter can be
evaluated in terms of, for example, the minimal group size required
to detect a true difference in means (effect size) at a predefined prob-
ability (statistical power) (Cohen, 1976; Lenth, 2001; Maxwell et al.,
2008). It may also inform better interpretation of experimental re-
sults by complementing statistical significance tests with information
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about the probability at which the test successfully rejects a false null
hypothesis (Cohen, 1976).

A prerequisite to perform a power analysis is knowledge of the pa-
rameter variance and relevant effect size. Several studies have been
dedicated to analyzing variability in DTI parameters. Heiervang et al.
(2006) performed a statistical power analysis for several WM struc-
tures and various tracking methods, showing that inter-subject coef-
ficients of variation (CV) for MD and FA were below 8% and 10%,
respectively. Variations in the mean and standard deviation of DTI pa-
rameters have also been demonstrated within WM structures (Colby
et al, 2012; Corouge et al, 2006; Wakana et al, 2007). Wakana
et al. (2007) investigated the reproducibility in FA and structure
size in several WM structures, and found that a 10% difference in
fiber-bundle volume required a group size 10 times larger than that
required to detect a 10% difference in FA, indicating a higher variance
in the size parameter compared to FA. Variability is also introduced by
the hardware and the post-processing of data. Pfefferbaum et al.
(2003) compared within- and between-scanner reliability on two
similar but not identical scanners, and reported a systematic mean
bias across scanners with CVs of 7.5% and 4.5% for MD and FA, respec-
tively. Few studies have analyzed the variability of DKI-specific pa-
rameters, however, data reported by Litt et al. (2012), on the mean
and standard deviations in 21 manually segmented structures, can
be used to calculate CVs for the most frequently used DKI parameters.
The CV, averaged across all structures, was the lowest for MD and MK,
with values of 5% and 8%, respectively, and the highest in FA and RK
with values of 10% and 14%, respectively. These values indicate that
the variability in MK and RK is larger but comparable to that found
for MD and FA. However, more detailed information could improve
study design and aid the interpretation of experimental results.

The aim of this study was, therefore, to evaluate three aspects of
DKI parameter variability: the global and along-tract variability, the
inter- and intra-subject variability, and the amount of variability
explained by the WM structure size. The results were used to esti-
mate the minimal group sizes required to find a physiologically rele-
vant effect size, to quantify the advantage of increasing group size
versus extending scan time per subject, and to estimate whether
the introduction of additional covariates, such as the structure size,
may lower demands on group size. The study was based on three
major WM structures in the brain, defined using tractography-based
segmentation.

Theory
Statistical power and group size

The power of a statistical test (1) represents its probability to cor-
rectly reject the null-hypothesis, i.e., “there is no significant difference
in means between two groups”. For a t-test, 7 can be estimated from
the ¢ statistic and the number of samples in each group, here referred
to as the group size (n), given a predefined significance level («) and
an effect size defined as the absolute (Ap) or relative (Au/u) differ-
ence in group means, respectively. The t statistic used for testing
whether the means of two groups are significantly different is given
by

_ A A )
SE(Au) —\/2V/n’

where SE(Ap) is the standard error of the difference in group mean
values, given by SE(Au) = (2V/n)"/? if the two groups are equal in
size and have equal variance (V) (Vittinghoff et al., 2005).

Statistical power analysis may also be used to predict how a modifi-
cation to an experimental protocol will influence the minimal group
size. Below, we analyzed the influence on group size requirements
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from study-design alterations such as extending the acquisition time
or correcting for hidden covariates.

Parameter variance

Since the statistical power is related to the variance of the param-
eter under investigation, reducing the variance will reduce the re-
quired group size. The measured parameters can be modeled by a
stochastic variable Y, described by the population mean (u), the
group-dependent deviation from the mean, that is the effect size
(An), and a stochastic error term (Eyora), according to

Y =+ -G+ Eqgpa, 2)

where G = [0,1] is a discrete index of group affiliation (G = 0 for
controls and G =1 for the experimental or patient group)
(Vittinghoff et al, 2005). The error term can be described by a
two-level random-effects model, where Eory is the sum of two inde-
pendent error terms Eyotai = Einter + Enoise (Clayden et al,, 2006; Laird
and Ware, 1982). Here, Ejnrer and Ejoise represent the inter-subject var-
iability and the variability introduced by imaging and post-processing
noise, with variances Vipeer and Vioise, respectively. The total variance
is thus the sum of the inter-subject and noise variances, according to

Viotal = Vinter + Vnoise- (3)

Estimating the total variance in a new acquisition protocol (Viotar)
is possible by studying how the noise component is modified,
according to

V. .
Viotal (8) = Vinter + ;"2'“- (4)

Two important factors affecting g are the signal-to-noise ratio per
signal acquisition (SNR), and the acquisition time (T) of the new and
the old protocol: g e (T//T)/? - (SNR’/SNR), assuming that T is pro-
portional to the total number of acquired images. The factor g, and
the new group size (n’) both have an effect on the denominator in
Eq. (1), according to

stten) = e (1-Rpser (1))

n
- 5
where RVjsise = Vhoise/Viotal 1S the relative variance contribution
from noise in the old protocol. Assuming large groups, the new and
old protocol will have equal power if SE(Aw') = SE(Au), and the
new group size will be given by

n'~ n~(1—RVnmse»(l—é)). (6)

Eq. (6) shows that an increase in g has the strongest effect on n’
when RV, ;. is relatively large, that is when most of the total variance
is due to noise. In other words, for a fixed statistical power, an in-
crease in SNR or T can reduce the demand on group size n'. Likewise,
a reduction in total scan time would increase the demand on the
group size.

Parameter covariance

DKI parameters are influenced by properties of the tissue micro-
structure (Fieremans et al., 2011), but may also be affected by other fac-
tors, such as the partial volume effect (PVE) (Cao and Gold, 2008; Vos
et al, 2011), image distortions, subject motion and post-processing,
among many others (Jones and Cercignani, 2010). Some of these effects
may be corrected for by expanding the model in Eq. (2) to include
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additional predictors. The addition of one predictor (x) to Eq. (2)
results in

Y=+ AW -G+ kX + Elgea, @

where k denotes the regression coefficient of the predictor, and E{, is
the new error term (Vittinghoff et al., 2005). Identifying significant pre-
dictors means that their contribution to the variance of the error factor
can be removed, resulting in a modified residual variance, according to

1-R} -
Viotal = Veotal” #ZY[CGX] : % 8)
where R?y; is the coefficient of determination for regression of Y on the
group term G, and R%, [Gx) is the coefficient of determination for regres-
sion of Y on G and the predictor x. The effect on the standard error of the
estimated effect size is

Viow 1 1

Vil 1 R

SE(Ap') = SE(AW)-

9)

SE
Gx

where the term (1 — R%;,) ™" is commonly referred to as the variance
inflation factor, since it inflates the standard error of At in cases where
correlation between G and x exists, and may even outweigh the benefits
of an additional predictor (Vittinghoff et al., 2005). However, if the
groups are matched with respect to x, i.e., the two groups have equal
mean values of x, the value of RZG,( is zero, resulting in no inflation
and a guaranteed reduction in the standard error of the estimated effect
size. Assuming that the compared groups are large (2n — 2 = 2n — 3,
in Eq. (8)) and matched with respect tox (Rgx = 0, in Eq. (9)), the min-
imal group size after accounting for the additional covariate is given by

1—Rj ey
1-Rjg

n’=n

(10)

In analogy with the improvements arising from increased SNR or
extended acquisition times, Eqs. (9) and (10) show that reducing
the standard error of Ay, by accounting for covariates, can be translat-
ed into increased statistical power or reduced demands on group size.

Methods
Data acquisition and post-processing

In order to assess the variability characteristics of DKI parameters,
DKI was performed on 31 healthy volunteers (12 male, 19 female, age
36 + 13 years). The study was approved by the local ethics commit-
tee and informed consent was obtained from all volunteers. Imaging
was performed on a Philips Achieva 3 T MRI scanner, with a maximum
gradient amplitude of 80 mT/m, using an 8-channel head coil. The DKI
protocol consisted of one volume acquired with b =0 s/mm?,
followed by 60 diffusion-weighted volumes in which the diffusion
encoding was applied in 15 non-collinear encoding directions with
b-values of 500, 1000, 2500 and 2750 s/mm?>. The selection of
b-values was based on the protocol optimized by Poot et al. (2010).
The image volume consisted of 35 contiguous axial slices at a spatial
resolution of 2 x 2 x 2 mm>, covering the CG, CC and CST (from the
cerebral peduncle to the centrum semiovale). The echo time (TE)
was 76 ms, repetition time (TR) was 7855 ms, half-scan factor was
0.78, SENSE factor was 2, and bandwidth was 2970 Hz, resulting in a
scan time of 8:15 min. Motion and eddy current distortions were
corrected in ExploreDTI (Leemans et al., 2009) where ElastiX (Klein
et al., 2010) was used to register the images. The images were
inspected for motion, ensuring that no image volume was rotated
more than 2.5° during the acquisition. Parameter maps, including
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MD, FA, MK and RK, were calculated using in-house developed soft-
ware, implemented in Matlab (The Mathworks, Natick, MA, USA). In
this procedure, the diffusion-weighted images were modulated with
the Jacobian determinant (Jones and Cercignani, 2010). In order to
mitigate the potential effects of Gibbs ringing artifacts, all image
volumes were smoothed using an isotropic 3D Gaussian kernel with
a full width at half maximum of 2 mm (Veraart et al., in press). This
kernel size has little effect on sensitivity and specificity (Van Hecke
et al,, 2009), thus, it is not expected to significantly influence the
parameter precision.

Bootstrapping

To estimate the variance component caused by noise, one
oversampled set of data was acquired to facilitate a bootstrap analysis
(Jones and Pierpaoli, 2005). This data was acquired in an extended
imaging session for one of the volunteers, in which the DKI protocol
was repeated in seven subsequent acquisitions with a total scan time
of approximately 65 min. The subject was not repositioned between
acquisitions. By randomly selecting one out of the seven image
volumes for every combination of encoding strength and direction,
200 bootstrapped data sets were created, each with a composition
corresponding to those acquired in the control group. This number of
bootstraps, given the seven original data sets with 60 direction
and b-value combinations in each, is expected to generate a reliable
distribution of parameters (O'Goreman and Jones, 2006), where the
CV of the relative noise contribution is given by CV(RVpeise) = (2/N)"?,
i.e., 10% for N = 200. Individual post-processing and parameter calcula-
tion was performed on all of the simulated sets of data in a way identical
to that performed in the control group. The bootstrapping generated
unique noise realizations, allowing the resulting parameter variance to
be attributed to imaging and post-processing noise only and thereby pro-
vide an estimate of Vyise in Eq. (3).

Structure definition

Three major WM structures were investigated: the superior cingu-
lum bundle (CG), the medial motor corticospinal tract (CST) and the
mid-sagittal corpus callosum (CC). These structures were selected to
represent some of the structures most commonly investigated with
diffusion tensor tractography, which also offer a variety of features,
such as proximity to CSF and gray matter (GM), and varying geomet-
rical configurations. The structures were defined in native space using
manually defined geometrical inclusion criteria (AND-gates, com-
monly referred to as ROIs) as shown in Fig. 1. The structures were
segmented from a whole-brain tractography (diffusion tensor was
fit to b = 0, 500 and 1000 s/mm?), generated in TrackVis (Wang
et al,, 2007), using a deterministic interpolated streamline algorithm.
Track termination was based on a FA threshold of 0.2 and an angle
threshold of 30°.

The CG was delineated using three AND-gates, combined in gate
pairs, and positioned to include the superior CG bundle (Fig. 1A).
Gates were defined in coronal projections and the mid-sagittal CC was
employed as an anatomical reference. The gates were aligned with the
anterior (Ant), central (Cent) and posterior (Post) part of the mid-
sagittal CC body, and landmarks were placed at the center of each
gate. The CST was delineated using two AND-gates (Fig. 1D), defined
in axial projections and placed around the peduncle (Inf) and the medi-
al motor area of the cortex (Sup). Landmarks were defined at each gate
and at the level of the ventricles (Cent). The CC was extracted using two
AND-gates, separated by 12 mm and centered on the mid-sagittal
plane, that excluded the tracts outside of the intersections so that a
truncated mid-sagittal segment was selected (Fig. 1G). The landmarks
were placed at the inferior edges of the genu (Ant) and splenium
(Post), as well as at the boundary between the body and the genu
(PreA) and the splenium (PreP), respectively.
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Fig. 1. The left column shows tractographies of the left hand side CG (A) and CST (D), as well as the mid-sagittal truncation of the CC (G), superimposed on a color FA-map. The
AND-gates, used for structure delineation, are shown as red lines, and the anatomical landmarks are shown as black triangles (note that landmarks that coincide with
AND-gates are not shown, and that the gates defining the CC are not displayed). The middle column (B, E and H) shows the mean track (black line), the point cloud that defines
the tracts in 3D-space (red to blue dots), the landmarks (black triangles), and the selected cross section (dashed line) for display in the right column. Every other interval of the
point cloud is omitted in order to visualize the path of the mean track (note that only points between the outermost landmarks were used in the evaluation and that the figures
are not to scale). The parametric information contained within each sub-interval of the point cloud is projected onto the mean track, thus creating parameter vectors of MD, FA,
MK and RK, that can be normalized across subjects with respect to the anatomical landmarks. The right column (C, F and I) shows cross sections of the point cloud, in a plane
that is perpendicular to the mean track. Each point is the center of a circle with a radius of 0.5 mm. The area of the cross section, created in each interval, was used to quantify
the apparent size (AS) of the structures. In the CG (C) and CST (F) the AS was defined as the radius of a circle with the same area as the structure. In the CC (I) the AS was defined

as the thickness of the point cloud.

The sub-segments of each structure were defined by the intervals
between landmarks, creating two sub-segments in the CG and CST,
and three sub-segments in the CC. Tractography and parameter ex-
traction were performed independently on all of the bootstrapped
data sets.

Parameter evaluation

Diffusion parameters were calculated as a function of position to re-
tain spatial information along the tract, employing an evaluation meth-
od resembling that presented by Colby et al. (2012). The evaluation was
performed in three steps. First, a single mean track was created to repre-
sent the geometrical features of the track bundle. Second, diffusion pa-
rameters were projected onto the mean track to create parameter
vectors. In the final step, the parameter vectors were normalized across
subjects using anatomical landmarks as points of reference. Fig. 1 shows
representative tractographies of the CG, CST and CC (Figs. 1A, D, G),
along with the point cloud that makes up the tracts and constituted
the cross-sections selected along the mean track (Figs. 1B, E, H).
All calculations were performed using in-house developed software,
implemented in Matlab, and details on the three steps are given below.

The first step was to calculate the mean track, which was repre-
sented by a number of consecutive points in 3D-space (m;), with
each point placed at the center of mass of the cross section of the
track bundle. Note that the mean track in the CG and CST is directed

along the WM fibers, while in the CC it runs perpendicular to the
WM fibers (Fig. 1).

In the second step, projection of the diffusion parameters to the
mean track was performed by averaging the parameter values from
all points in the cross section associated with m;. The cross section in-
cluded at most one point per track, with the point selected being the
one closest to a plane with normal n = m; ;. ; — m;, with its origin in
m;. Only points within 1 mm distance from each plane were included
in the cross section, resulting in a cross section thickness of 2 mm.
The calculation of the apparent structure size (AS) was performed
by determining the apparent radius (in the case of the CG and CST)
or thickness (in the case of the CC) of the tract bundle mask at each
cross section. The area of the mask was calculated by representing
each point in the cross-section by a circle with radius 0.5 mm
(Figs. 1C, F, I). Only non-overlapping parts of the circles contributed
to the AS.

In the third step, the individual parameter vectors were normal-
ized in order to align them with respect to the anatomical landmarks.
Each landmark was first associated with the point on the mean track
closest to the landmark, which allowed the calculation of average in-
terval lengths, i.e., the mean path track lengths between two land-
marks. Next, the mean tracks and their associated parameter vectors
were linearly interpolated so that the interval lengths of the individ-
ual mean tracks conformed to the average interval lengths. Further,
the mean tracks were resampled to contain 100 equidistant elements
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Relative effect sizes (Au/u) of various conditions as observed in DTI and DKI parameters, and group sizes investigated (n, reported as size of control group + patient group). The
values of Aw/uare reported in regions where significant differences in group means were found. The coefficient of variation (CV) is the value reported for the control group specified
for each parameter separately. In cases where the variability was not reported it is marked with a dash (-).

Source Condition Region Parameter v [%] A/ [%] n

Wang et al. (2011) PD Caudate, putamen, globus palidus, substantia nigra MK 13 15-30 30 + 30

Grossman et al. (2012) mTBI Thalamus, internal capsule, splenium of the CC, MK 1-2 2-3 14 + 22

centum semiovale FA 2 3

MD 1-4 1-2

Kim et al. (2006) PTSD CG bundle FA 11-18 12-26 21 +21

Zhang et al. (2011) MDD Right uncinate FA 7 7 21 + 21
RD 7 5

Ito et al. (2008) PSP Anterior CC MD 17 15-34 19+7
FA 8 12-17

Bozzali et al. (2012) AD Cingulum MD 6 17 14 + 31
FA 8 12

Stenset et al. (2011) Ml Cingulum, genu CC FA 10-15 7-13 26 + 12
RD 17-29 11-22

Tang et al. (2010) EOS Right anterior cingulum FA - 14 38 + 38

AD Alzheimer's disease, EOS early-onset schizophrenia, MDD major depressive disorder, mTBI mild traumatic brain injury, NAWM normal appearing white matter, PD Parkinson's
disease, PSP progressive supranuclear palsy, PTSD posttraumatic stress disorder, RD radial diffusivity.

per DKI parameter and WM structure, on which the final analysis was
performed. To simplify the presentation of results for bilateral struc-
tures, the CG and CST estimates were evaluated as the average of
both sides for each individual subject.

Statistical analysis

The statistical analysis comprised three aspects, all performed to
improve the design of future DKI studies: first, calculating the group
size required to find a subtle difference in group means, second, an-
swering the question of whether to scan longer per subject or more
subjects by analyzing the relative contribution of noise to the total
variance, and third, analyzing the potential reduction in group size re-
quirement resulting from the addition of relevant covariates.

The group sizes required to obtain a statistical power of m = 0.9 ata
relative effect size of 5% (i.e., absolute effect size was Au = 0.05 - )
were calculated for whole structures and sub-segments. We assumed
that the difference in group mean values was tested using a two-tailed

Student's t-test at a significance level of o = 0.05, assuming that the
control and experimental groups were of equal sizes. Furthermore, the
analysis assumed equal variance in both groups, with a value given by
that observed in the group of healthy volunteers. Even at a moderate de-
parture from the assumption of equal group size and variance, the anal-
ysis is expected to produce robust estimates of the t-statistic and the
statistical power of the study (Cohen, 1976). The effect size was chosen
to represent a subtle but physiologically relevant change in DKI param-
eters, according to a survey of relevant DTI and DKI studies of the brain
(Table 1). In this compilation, the approximate span of relative effect
sizes is between 1 and 30%. However, it should be noted that the relative
effect size can be much higher for more severe tissue alterations such as
tumors and edema (Cauter et al., 2012; Harris et al., 2008; Jensen et al.,
2011). Required group sizes were calculated by iteratively adjusting n
until the desired statistical power was reached.

The total variance, measured in the control group, was separated
into inter-subject variance and imaging noise variance in order to de-
termine the effect of increasing scan time or group size (Eq. (6)). The

Fig. 2. The image depicts transversal (Tra), coronal (Cor), and sagittal (Sag) projections of the DKI parameter maps (MD, FA, MK and RK, respectively). The FA map displays the
highest contrast between WM and GM, followed by RK and MK, in descending order. MD displays a high contrast when comparing CSF to WM and GM, but is low when comparing

WM to GM.
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Fig. 3. The tractographies (top row) show a representative right-hand side CG (green tracts), CST (blue tracts), and a mid-sagittal truncation of the CC (red tracts) together with the
AND-gates (red) used to segment the structures from the whole-brain tractography (not shown for the CC). The figure also shows a transparent representation of the same struc-
tures (blue) containing the mean track (red tract), and the landmarks (black triangles) used to normalize data. The plots show the group mean values (bold black line) of the ap-
parent size (AS, bottom row) and the DKI parameters (MD, FA, MK and RK) as a function of anatomical position along the structures. The parameter variability is visualized by thin
black lines, where the solid lines show two standard deviations from the mean (2V{?), and the dashed lines show two standard deviations from the mean after the contribution
from noise has been removed (2Vi2,, Eq. (3)). The red field visualizes the variability contributed by noise. In the CG, MD displays a high inter-subject variability in the anterior
regions, whereas MK has its highest variability in the central region. Both FA and RK peak at the center, tapering off towards the anterior and posterior endpoints. Parameter var-
iations along the CST are most prominent for the FA, probably due to the crossing-fiber region in the superior segment. The variability of all parameters, except the FA and AS,
is elevated in the inferior parts of the structure. Similarly to the CST, the CC displays significant parameter variation along the structure. In the thinnest region, the isthmus
(black arrows), MD and FA are strongly elevated and reduced, respectively, probably due to the PVE at the WM/CSF interface. The CC also displays a much smaller relative depen-
dence on noise (red area) compared with the CG and CST. It is also notable how the AS and the FA both follow the same trend, which showcases the modulating effect of PVE on
diffusion parameters due to tract morphology.


image of Fig.�3

F. Szc: iewicz et al. /
noise component (Vyise) Was estimated from the bootstrapped data,
by assuming that the variance in the simulated data was due to noise.
To obtain Vineer, the noise component was subtracted from the total
variance according to Eq. (3).

DKI parameter correlation with the apparent structure size
was assessed using Pearson's correlation coefficient (r). The effects
of correlation on the statistical power were calculated according to
Eg. (9), assuming that the two groups were matched with respect to AS,
i.e,, that there was no inflation due to predictor covariance (R%g4s = 0).

Results

Fig. 2 shows axial projections of the DKI parameter maps in one rep-
resentative subject. Visually, the MK and RK maps are similar to the FA
maps, with the highest values found in the WM. MK and RK maps are
similar, since MK is partly determined by RK just as RD is partly deter-
mined by MD. The numerical values of the MK, RK, and FA maps are
the lowest in the ventricles, as expected, due to the nearly unrestricted
water diffusion in the ventricular cerebrospinal fluid (CSF).

Fig. 3 shows the DKI parameters and AS, and their variability, as a
function of anatomical position along each WM structure. The variabil-
ity is represented by two components: the blue area shows two stan-
dard deviations from the mean of the inter-subject variability and the
blue and red areas together show the total variability. The evaluation
of parameters along structures allowed within-structure details to be
resolved. For example, FA was reduced in the superior parts of the CST
where the tract intersects with the CC. In the CC, MD was elevated
and FA was reduced at the thinnest part (isthmus), probably due to
stronger PVE with CSF at this location. This mode of visualization also
supplies insight into the parameter covariance; MK generally showed
inverse correlation with MD, whereas the variation of RK exhibited sim-
ilar patterns to FA and MK. The influence of noise and inter-subject var-
iability was also dependent on position. For example, DKI parameters
were more affected by noise and inter-subject variability in the inferior
parts of the CST than in its superior parts (Fig. 3, center column). Table 2
presents these results in a condensed format, showing average param-
eter values with coefficients of variation in the sub-segments, compared
with values from whole tract averages. Table 2 also shows the relative
variability induced by imaging and post-processing noise, as calculated
from the bootstrapped noise simulations. In most of the structures and
parameters, less than 30% of the total variance was attributed to the in-
fluence of noise. The magnitude of the noise component was heteroge-
neous along the structures, indicated by a varying thickness of the red
area in Fig. 3. The value of RV,,sise Was found to be at its highest in the
inferior segment of the CST, where it contributed with as much as 54%
of the total variance in MD and approximately 35% of the variance in
other DKI parameters (Fig. 3 and Table 2). The lowest relative noise con-
tribution was found in the CC.

Table 2
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Table 3

Calculated group sizes (n) for DKI parameters (MD, FA, MK and RK) and apparent
structure size (AS), required in order to generate a statistical power of m = 0.9 at an
effect size of 5% and a significance level of & = 0.05. The group sizes show the number
of subjects needed in each group and were estimated for whole structures as well as
sub-structures. The values of n mainly reflects the total parameter variability, meaning
that a low Vi, makes it easier to detect the proposed 5% change, making the required
group size comparatively small.

MD FA MK RK AS
CG Ant 21 39 21 63 183
Post 18 51 18 59 147
Whole 14 34 17 47 148
CST Inf 17 17 15 55 109
Sup 13 38 1 30 108
Whole 13 17 1 37 106
cc Ant 32 28 65 199 100
Cent 36 18 68 181 122
Post 38 13 22 146 101
Whole 26 14 48 137 85

Table 3 shows the group size requirements in whole structures and
in structure sub-segments, as calculated from the parameter variance.
The most precise parameters, requiring the smallest group sizes, were
MD (n = 10-40), followed by FA (n = 10-50). The kurtosis and struc-
ture size parameters generally demanded larger group sizes, where MK
was the most precise (n = 10-70). The parameters RK and AS tended
to require more than twice the number of subjects compared to any
of the other parameters (n = 30-200, and n = 80-180, respectively).
The worst case was found in the anterior CC where 200 subjects were
required for detecting subtle group-wise differences in RK. Note that
RK, in this case, correlated strongly with MK (r = 0.93), suggesting
that RK may not add substantially to the information already provided
by the more precise MK. Evaluating whole structures, without dividing
them into sub-segments, generally resulted in a lower group size
requirement, although some combinations of structure segments and
parameters exhibited behavior contrary to this generalization, for ex-
ample, the MK in the posterior sub-segment of the CC. This indicates
that sub-structures may exhibit smaller inter-subject variability com-
pared to whole structures, despite having a smaller volume, thus in-
creasing the statistical power when evaluated as a sub-structure.

Correlations between the investigated DKI parameters and the ap-
parent structure size are shown in Table 4. Significant correlations be-
tween AS and several DKI parameters were found in the CG and
CC. The most prominent correlation was found for FA in the CG (r =
0.80, p <1077, for whole structure, Fig. 4) and for MD in the CC
(r = —0.53, p < 1073, for posterior sub-segment). Adding the AS as a
covariate could reduce the group size requirement by 30-60% in the

DKI parameter values in the group of healthy volunteers (n = 31), calculated in the cingulum (CG), corticospinal tract (CST) and corpus callosum (CC). The mean value (u) is
presented along with the coefficient of variation (CV in %) and the relative noise contribution to variance (RV,oise in %). Average whole-structure CVs were 4.2, 4.7, 4.9 and 8.8%
for MD, FA, MK and RK, respectively. The most prominent contributor to variance was generally the inter-subject variability (reflected by a low RVyoise).

MD [pum?/ms) FA MK RK
M v RVhoise u v RVhoise Iz v RVroise 13 v RVioise
cG Ant 0.84 46 20 0.56 6.6 8 0.98 47 20 147 84 25
Post 0.84 42 47 057 76 5 1.02 42 28 153 82 25
Whole 0.84 37 2 056 6.1 6 1.00 41 22 1.50 72 28
csT Inf 0.85 42 54 0.64 41 35 115 38 36 1.72 79 35
Sup 0.82 36 24 050 6.4 16 110 3.1 9 146 5.7 8
Whole 0.83 36 42 057 41 33 113 32 25 1.60 64 25
cc Ant 1.01 59 12 0.69 55 6 0.94 86 5 1.59 152 6
Cent 1.09 63 5 0.67 42 5 0.98 88 5 1.75 145 4
Post 0.93 65 17 0.76 36 19 117 48 35 227 13.0 14
Whole 1.04 53 8 0.69 36 8 1.00 74 5 1.80 126 4
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Table 4

Pearson's correlation coefficient (r) describing the association of DKI parameters (MD,
FA, MK and RK) with the apparent structure size (AS). As expected, AS correlated with
DKI parameters in the CG and CC which means that structure size may account for
some of the measured variability. No significant correlation was found in the CST, as
was expected due to the high AS dependence on AND-gate definition. No correction
for multiple comparisons was done; however, no more than 5 significant correlations
are expected on the 5% level for 40 independent comparisons.

MD FA MK RK

cG Ant —023 057+ 033 0.17
Post —-031 0.69* 037" 0.48*
Whole —032 0.80¢ 0.40" 045"

csT Inf —012 0.06 —0.10 0.01
Sup —0.11 0.17 0.02 029
Whole —012 0.17 —0.07 0.13

cc Ant —048* 0.26 0.11 —0.14
Cent —0.44" 0.42° 018 0.15
Post —0.58 —0.12 —024 —0.44"
Whole 053" 032 0.05 —0.09

T p<005.

+ p<001.

CG and 20-30% in the CC (Eq. (10)). No correlations between DKI pa-
rameters and AS were found in the CST.

Discussion

In this study, we investigated the group sizes required to find subtle
differences in group means of DKI parameters in three WM structures
with a statistical power of 0.9. The results, with respect to group sizes
required, not only showed a large heterogeneity between the various
DKI parameters and between the three WM structures investigated,
but also heterogeneity between different sub-segments within the
structures (Table 3). A similar heterogeneity in group size requirement
has been found for DTI by Heiervang et al. (2006) when comparing the
CG, CST and CC. The heterogeneity in variability implies that, for a fixed
relative effect size, the statistical power varies between structures and
their sub-segments, as well as between parameters. For example, in
the data presented, finding a difference in MK between two groups is
more likely in the posterior CC than in its anterior part even if the rela-
tive effect size in these sub-structures is equal. Knowledge of this spatial
and parameter-specific variation is expected to benefit studies aiming
at early diagnosis, and it is critical when a pathogenesis pattern is in-
ferred from the observation of significant alterations in one part of the
brain before another. In other words, the conclusion that a disease did
not have its origin in a given part of the brain must be accompanied

0.65
0.60
= 055
0.50
° r= 0.80, p = 4.98e-8
0.45
20 25 3.0 35 4.0
AS [mm]

Fig. 4. Correlation between the mean FA and mean AS in the CG, for the 31 healthy sub-
jects. The regression line (black line) shows that a CG bundle with a high AS is likely to
exhibit a high FA. Note that the correlation coefficient value of r = 0.8 indicates that
64% of the variance in FA can be explained by its association to AS. If AS is known,
this variance contribution can be removed (Eq. (10)).
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by the knowledge that an effect was likely to have been discovered if,
in fact, it was there. Thus, awareness of statistical power is crucial
both for study design and for interpretation of results from DTI and
DKI studies. Knowledge of these characteristics allows studies to be
designed in a way that ensures sufficient power in all structures inves-
tigated, since the structure with the lowest statistical power defines the
lower limit of the required group size. Such a procedure could result in
some structures becoming overpowered, a potential downside for a
study (Ferguson, 2009), hence all statistically significant group-wise
differences should be scrutinized with respect to the effect size, consid-
ering its practical or physiological relevance using similar studies as a
guideline (Table 1).

The analysis of the variations in variability along the structures
could also be used to reduce group size demands, by sampling only
those parts of a structure where the variability is expected to be
low, assuming, of course, that homogeneous whole-structure alter-
ations are expected. This conclusion is somewhat contra-intuitive,
since inclusion of larger volumes normally reduces the standard
error of the mean. It should also be pointed out that the segment
exhibiting minimal variability might vary depending on the evaluated
parameter. An example of high group-wise variability can be seen in
the superior part of the CST, where the group size for FA is three
times larger than compared to the inferior part, which is likely due
to the presence of crossing fibers in this region (Jeurissen et al.,
2013; Vos et al.,, 2012). By contrast, group size demands for RK are a
factor of two smaller in the superior part of CST. Thus, some WM
structures could benefit from being subsampled, avoiding regions
where variability is known to be high, resulting in favorable reduc-
tions in group size demands.

Two other strategies may also increase the power of a study or re-
duce the group size demands; first, to discern whether to prioritize
longer scan times or to include more subjects when designing the
study, and second, to incorporate hidden covariates in the data analy-
sis (Vos et al.,, 2011). The first strategy was investigated by determin-
ing the portion of variability that could be attributed to effects other
than the true differences between subjects, i.e., variability introduced
by imaging and post-processing noise. This investigation was
performed under the assumption that the variance of the noise com-
ponent can be reduced by increasing the scan time dedicated to each
subject (Eq. (5)). In most structures, imaging and post-processing
noise contributed with 5 to 25% of the total variance. In segments
with RVyeise <25%, doubling the scan time for each subject would re-
sult in group size reductions of only 10%. In segments with higher
values of RVise, Such as the posterior CG, inferior CST and posterior
CC, the corresponding reduction is 20%. The values of RV;,4ise reported
herein are lower than those reported for a similar selection of WM
structures by Clayden et al. (2009) for DTI performed at 1.5 T. In that
study, the noise component was generally dominant for both MD
and FA, indicating that scan time extension could provide a viable
power improvement at that field strength. By contrast, our study sug-
gests that the gain in statistical power resulting from measuring twice
as long per subject, for the DKI protocol employed here, is comparable
with increasing the group size by no more than 5-20%. Therefore, it
could be more profitable to invest resources in the inclusion of more
patients rather than extending the individual scan time, provided
that it is practically feasible.

The second strategy to increase the statistical power described in
this report is to include hidden covariates in the analysis. The potential
efficacy of this strategy was investigated by using the structure size as
a covariate, which showed that correcting for correlations with AS
could lower group size requirements by up to 60% for FA in the CG,
and 30% for MD in the CC. We expected the correlation between AS
and DKI parameters to be the highest for structures and parameters
showing a high contrast to the surrounding tissue, as the probable
mechanism responsible for the correlation is the variable amounts of
partial volume effects induced by variations in structure size (Vos
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et al,, 2011). Further, we expected this mechanism to be stronger for
small structures, in which surrounding tissue comprises a larger par-
tial volume fraction. In the data presented, the CG demonstrated
these effects in accordance with our predictions in that FA, which
exhibited the highest contrast between the WM of the CG and the sur-
rounding GM (Fig. 1, coronal projections), had the strongest correla-
tion to the size of the structure, followed by RK and MK. Further, MD
did not correlate significantly with AS, again explained by the low con-
trast between the WM of the CG and the GM surrounding it. In the CC,
MD was strongly correlated to AS, probably due to the large interface
with the CSF-filled lateral ventricles. As expected, correlations with
size were absent in the CST, since its AS is highly dependent on the in-
clusion gate geometry rather than the structure size itself (Wakana
et al,, 2007). Although the strength and direction of correlation with
volume may vary across the brain (Fjell et al., 2008), the presence of
an association implies that any measured difference in diffusion pa-
rameters may be due to either alterations in tissue microstructure or
in the amount of PVE. Disentangling these effects requires a correction
for size, as described by Vos et al. (2011). For example, our results in-
dicate that a 4% difference in FA may be induced by a radius difference
of 10% in the CG, even if the microstructure is otherwise equal. There-
fore, the search and correction for hidden covariates such as structure
size, has the potential not only to increase the power of a given study,
but also to allow for better interpretations of the results (Bendlin et al.,
2010; Cao and Gold, 2008; Vos et al., 2011). Similarly the effects of age
can be easily included by expanding the currently used methods.
However, since the effects of aging are well documented elsewhere
(Lebel et al,, 2008; Lobel et al., 2009; Sullivan and Pfefferbaum,
2006), age was only considered as a possible confounder in the associ-
ation between diffusion parameters and the structure size, and was
found to have no significant correlation (o = 0.05) with AS in any
WM structure or sub-structure.

Finally, investigating group-wise AS differences would require
much larger group sizes than for the DKI parameters, as it exhibits a
large inter-subject variation (CV = 10-15% in all evaluated struc-
tures). This result is in agreement with multiple studies of the vol-
umes of the healthy brain and individual structures, in which the
CVs have been reported to be in the range of 10-20% (Choo et al.,
2010; Flashman et al., 1997; Kristo et al., 2012; Pitel et al., 2010;
Teipel et al.,, 2003). This indicates that a 5% effect in AS, as used in
this study, may be regarded to be small (Cohen, 1976) compared to
the effect in diffusion parameters. The group size requirements in
DKI as compared to DTI are expected to be higher, since diffusional
kurtosis can only be probed at relatively high b-values with higher
signal attenuation. Higher b-values also demands longer echo times.
Taking this into account, DKI may still be preferable to DTI in tissue
where the DTI model is invalid, for example, in regions with complex
fiber organization. An example of this may be found in Alzheimer's
disease, where the FA unexpectedly increases in areas of crossing fi-
bers, probably due to the removal of one fiber population (Douaud
et al, 2011). Notably, the MK maps are smooth in regions where the
FA shows the characteristic reduction due to fiber crossings (Fig. 2).

A limiting factor in the study is the bootstrapping procedure used
to estimate the influence from noise since it is not exactly equivalent
to repeated measurements. Although it is capable of assessing the
contribution of specific sources of error (Jones and Pierpaoli, 2005),
we believe that the reported magnitude of the noise component is
slightly overestimated. This conclusion is supported by the observa-
tion that the variability between the seven repeated scans (data not
shown), used as the base for bootstrapping, was generally lower
than that found in the bootstrapped data and that it cannot be entire-
ly explained by the expected precision in the estimation of the contri-
bution from bootstrapping noise. For example, the seven repeated
scans exhibited less of the elevated variance otherwise found in the
inferior CST and posterior CG. The overestimation of variance in the
bootstrapped parameter maps could be due to the large temporal
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spacing between images, resulting in exaggerated movement com-
pared to a normal acquisition. However, the conclusion derived
from this evaluation, i.e., that increased group sizes improve the sta-
tistical power more than extended scan times, is still valid.

Conclusion

The variability in DKI parameters varies across the brain, and was
seen to vary even within single WM structures. This implies that the
statistical power is dependent on location, which could be a serious
confound in studies aiming at early diagnosis of disease. Such studies
typically focus on finding the region from which the alteration of ce-
rebral microstructure originates. Lack of attention to the risk of being
underpowered in some of the evaluated regions may lead to an incor-
rect interpretation of the results, i.e., the absence of significance may
be interpreted as the absence of true effect. Although this study was
based on the DKI model it should be noted that, since DKI includes
the DTI model, these conclusions are also valid for conventional DTI.

An increase in statistical power can be achieved by extending the
scan time per subject, although this was shown to be less potent than
spending that time on scanning more subjects. Another strategy that
may enhance the statistical power is to correct for hidden covariates,
such as the size of the structure. In WM structures where the DKI
parameters correlated significantly with the size of the structure,
such a correction could reduce the group size requirements to ap-
proximately half of their initial size. In order to disentangle effects
of variable PVE and alterations of underlying microstructure on
group-wise differences in DTI and DKI parameters, correction for
structure size should be performed in group comparisons, at least in
the corpus callosum and cingulum.
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Diffusion tensor imaging (DTI) is the method of choice for non-invasive investigations of
the structure of human brain white matter (WM). The results are conventionally reported
as maps of the fractional anisotropy (FA), which is a parameter related to microstructural
features such as axon density, diameter, and myelination. The interpretation of FA in terms
of microstructure becomes ambiguous when there is a distribution of axon orientations
within the image voxel. In this paper, we propose a procedure for resolving this ambiguity
by determining a new parameter, the microscopic fractional anisotropy (iwFA), which
corresponds to the FA without the confounding influence of orientation dispersion. In
addition, we suggest a method for measuring the orientational order parameter (OP) for
the anisotropic objects. The experimental protocol is capitalizing on a recently developed
diffusion nuclear magnetic resonance (NMR) pulse sequence based on magic-angle
spinning of the g-vector. Proof-of-principle experiments are carried out on microimaging
and clinical MRI equipment using lyotropic liquid crystals and plant tissues as model
materials with high wFA and low FA on account of orientation dispersion. We expect
the presented method to be especially fruitful in combination with DTI and high angular

resolution acquisition protocols for neuroimaging studies of gray and white matter.
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INTRODUCTION

Molecular self-diffusion measured with nuclear magnetic reso-
nance (NMR) [I, 2] can be used to non-invasively probe the
microstructure of porous materials [3-5] and tissues [6]. The
apparent self-diffusion coefficient, as measured in a pulsed gra-
dient spin echo (PGSE) experiment, reflects the average dif-
fusivity, which is a sum of contributions from different water
compartments in a complex system. The diffusion is influ-
enced by several properties of the medium, e.g., pore size and
shape [7, 8], pore size distribution, pore interconnectivity [9,
10], permeability of cell membranes [11], and anisotropy [12].
The anisotropy of the tissue morphology renders the water
self-diffusion anisotropic, a feature that is the basis for non-
invasive mapping of muscle and nerve fiber orientations by
diffusion tensor imaging (DTI) [13, 14]. DTI is commonly
used to study the white matter (WM) of the brain, where the
nerve fibers have a dominant direction on macroscopic length
scales. Because of the limited spatial resolution in DTI, a major-
ity of the voxels in WM contain fiber bundles with different
orientations, thus making the interpretation of the DTI data
ambiguous [15]. Due to the significance of accurate quan-
tification of the level of anisotropy in the brain, techniques
for detecting fiber orientation dispersion are being developed
[16,17].

The degree of the macroscopic diffusion anisotropy is often
quantified by the dimensionless fractional anisotropy (FA) [12].
The FA parameter is sensitive to alterations in several tis-
sue properties, e.g., axonal diameter, axonal packing density,
and degree of myelination. Changes in these properties may
be associated with normal brain development, learning, and
healthy ageing, but also with disorders such as Alzheimer’s dis-
ease, autism, schizophrenia, mild cognitive impairment, mul-
tiple sclerosis, amyotrophic lateral sclerosis, epilepsy, Tourette’s
syndrome, Parkinson’s disease, and Huntington’s disease [16,
18, 19]. Because fiber orientation dispersion and several other
tissue properties are inherently entangled in the echo atten-
uation of the PGSE experiment, changes in FA are not spe-
cific to any particular tissue characteristics [16]. This fact is
known to confound the use of FA as a diagnostic parameter
in regions of dispersing or crossing WM fibers [17], and also
detracts from the usability of FA in macroscopically isotropic
tissues such as the gray matter (GM) of the nervous system
[20].

Despite several experimental approaches attempting to assess
the microscopic diffusion anisotropy in the nervous system [21],
disentangling underlying tissue properties from the effects of
orientation dispersion remains challenging and has inspired the
development of analytical models extending beyond the standard
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DTI approach [22, 23]. For materials consisting of randomly ori-
ented anisotropic microcrystallites, e.g., lyotropic liquid crystals,
the presence of microscopic anisotropy can be inferred from the
characteristic functional form of the PGSE signal attenuation [24,
25]. This approach becomes ambiguous for more complex mate-
rials where several mechanisms could give the same signal atten-
uation. More recently, the microscopic anisotropy is detected in
double-PGSE experiments by diffusion encoding in two separate
time periods [26], giving characteristic signal modulations for
data obtained with collinear and orthogonal displacement encod-
ing [27-29] or when systematically varying the angle between the
directions of displacement encoding [26, 30, 31]. A double-PGSE
scheme to quantify microscopic anisotropy in terms of compart-
ment eccentricity, independent of the macroscopic anisotropy,
has recently been suggested [32]. A two-dimensional correlation
approach [33] gives the currently most complete separation of the
underlying diffusion components, albeit at the expense of being
far too time consuming for clinical use.

We have recently shown that microscopic anisotropy can be
efficiently detected with an acquisition protocol including single-
shot isotropic diffusion weighting (DW) using magic-angle spin-
ning of the g-vector (g-MAS) [34]. Comparisons between the
q-MAS and other single-shot DW approaches [35, 36] can be
found in [37]. Here we implement a numerically optimized ver-
sion of the g-MAS pulse sequence [37] on a high-performance
microimaging system, limited to specimens with maximum
10 mm diameter, and on a standard whole-body clinical scanner.
The efficiency of the g-MAS sequence is demonstrated using two
materials with pronounced water diffusion anisotropy: lyotropic
liquid crystals [24, 25, 27, 34, 38-40] and pureed asparagus
[41-44]. For contrast, a yeast cells suspension is used, exhibiting
two isotropic diffusion components [34, 45-47].

We introduce a new parameter, the microscopic frac-
tional anisotropy (WFA), for quantification of the microscopic
anisotropy, and suggest a method to estimate the value of pFA
by analysis of a set of diffusion MRI data acquired with both
isotropic and conventional DW. The new WFA and the standard
FA parameters have the same dependence on the size, shape, and
density of the underlying anisotropic compartments, but differ
in their sensitivity to the distribution of compartment orienta-
tions in the image voxel. The information from FA and wFA can
be combined to quantify the orientation dispersion. In the liter-
ature, there are previous definitions of an orientation dispersion
index based on a specific model of the orientation distribution
function [23, 48, 49]. We quantify orientation dispersion with the
order parameter (OP), a well-established measure of the orienta-
tional order in the field of liquid crystals [50]. A wide range of
experimental techniques have been used to estimate OP for liquid
crystalline systems, e.g., NMR spectroscopy, fluorescence polar-
ization, and X-ray scattering. We derive an expression that relates
OP to FA and wFA. The analysis presented here allows disentan-
gling the two contributions to FA, i.e., the microscopic anisotropy
and the orientational order of the micro-domains.

Figure 1 illustrates idealized scenarios of microstructural orga-
nization and the corresponding wFA, OP, and FA parameters. For
a purely isotropic system, FA and wFA are both zero regardless
of compartment size polydispersity. For anisotropic systems on

Tissue
geometry

uFA
from microscopic
anisotropy imaging

uFA=1

OP
from microscopic
anisotropy imaging

OP=1

FA FA=1 |[FAa=212

from DTI

Diffusion = @ @
tensor @3}

FIGURE 1 | Idealized tissue g with corresponding

parameters. Consecutive rows show values of the microscopic fractional
anisotropy, |LFA; orientational order parameter, OP; fractional anisotropy,
FA; and diffusion tensors. Decreasing values of OP from left to right in
columns 1-3 leads to a reduction of FA while WFA remains constant. For
isotropic structures (column 4), both FA and wFA vanish.

the other hand, WFA reflects anisotropy of the underlying micro-
scopic structures but not their organization on the voxel level.
For identical micro-domains with identical A FA values, a reduced
FA is expected for increased orientation dispersion reflected by
a reduced OP. Both FA and pFA are reduced in the presence of
isotropic structures. Because of its insensitivity to orientation dis-
persion, WFA could potentially be used as a relevant biomarker
in clinical applications. It can provide additional information
about the microstructure in tissue where conventional anisotropy
measures are confounded by the voxel-scale tissue organization,
thus improving the diagnostic specificity. Further, nFA and OP
may generate novel diagnostic information in tissue that appears
isotropic on a macroscopic scale but has sub-voxel anisotropic
components, such as that found in cortical GM [20].

THEORY

DIFFUSION DISPERSION

In complex systems like tissue, the MRI signal attenuation often
reflects multiple diffusion processes, including restricted, hin-
dered, and free diffusion. Restricted diffusion may give rise to
both isotropic and anisotropic contributions. Although restricted
diffusion is fundamentally a non-Gaussian process, at a low DW
and at the experimental times typical for diffusion NMR/MRI,
it can be characterized by the apparent diffusion coefficient, D,
along the applied gradient direction g. For a multi-component
system, the echo attenuation intensity is given by the sum over all
the different contributions,

Sy =) Soie™"s, o)
i

where Sy, is the relaxation weighted intensity of component i.
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Equation (1) can be expressed as the Laplace transform of the
probability distribution of apparent diffusivities, P(D) [25, 51,
52]. For a macroscopically anisotropic system, the distribution
P(D) depends on the diffusion encoding direction, as indicated
by the subscript g in Equation (1). The arithmetic average of
the signal intensity over all directions, also known as the powder
average, mimics a uniform orientation dispersion of anisotropic
micro-domains and thus, yields P(D) independent of the orien-
tation dispersion. Provided that P(D) is normalized to unity, the
distribution is well described by the mean value,

_ o]
D= / DP (D) dD (2)
0
and by the central moments
o T\ M
Hom =/ (D-D)" P(D)dD. 3)
0

While the mean diffusivity, D, gives the initial slope of the echo
attenuation, the second central moment, 5, represents the initial
deviation from mono-exponential attenuation, corresponding to
the second term in the cumulant expansion [53] of the normal-
ized signal intensity, E = S(b)/Sy, according to

InE(b) = —Db + %bz _ )

The second central moment, 5, is often expressed in terms of the
kurtosis coefficient K as up = EZK/S [42]. For Gaussian diffu-
sion in each component, as assumed in Equation (1), the value of
42 corresponds to the variance of apparent diffusion coefficients.
For brevity, we refer to u, as the variance. In the case of a two-
component isotropic system, e.g., intra and extracellular diffusion
in a yeast cell suspensions [34], the value of u, increases with the
difference between the two diffusivities and is maximized when
the two contributions are represented with equal probabilities.

MICROSCOPIC FRACTIONAL ANISOTROPY (jFA)

The anisotropy of a medium is reflected by the diffusion tensor,
D = RAR™!, where A is the diagonal representation of D in the
principal axis system given by the eigenvalues X1, X2, and X3 and
R is the Euler rotation matrix. In DTI, the diffusion tensor can
be constructed based on measurements of signal intensity along
several non-collinear gradient directions, g, using the expression

Sg = Spexp [7b§~D~§T]. ()

The anisotropy on a voxel level is quantified in terms of FA
and expressed as an invariant of the three independent diffusion
tensor eigenvalue [12],

3
FA=,/Z
2

(4 =D)"+ (2= D)’ + (5 - D)’
A3+

. (6)

where the mean diffusivity is given by

A+ +hs
—_—

D= )
The diffusion tensor eigenvalues can be combined in several ways to
represent different invariant measures characterizing the diffusion
tensor shape. To quantify the degree to which the diffusion tensor
reflects the planar geometry, we use the planar measure C,, [54],

_h—hs

Cp .

. 8)

assuming a descending order of the eigenvalues, A > Xy > A3.
For randomly oriented anisotropic domains represented by a

single set of diffusion tensor eigenvalues, corresponding to the

powder average, the variance of the observed P(D) is given by [55]

4
M= [()\1 =03+ 2 =) (o — }\3)]~ 9
For axially symmetric diffusion tensors, FA is given by
D, —D.
pa— 1D1=Dil (10)

) 2’
/D2 + 2%

where D) is the axial diffusivity and D is the radial diffusiv-
ity. For macroscopically isotropic systems, with axially symmet-
ric anisotropic micro-domains, the signal attenuation and the
corresponding P(D) can be expressed in a compact form (see
Equations 34 and 35 in [34]).

The mean diffusivity and the variance are given by the axial
and radial diffusivities as

D=
Ho = % (D” 7DL)24

= _ Dy+2Dy
3

(11)

For a diffusion tensor with oblate shape, where D) < D, the
upper limit of the variance is given by (2 max = 52/5, while for
a prolate shape, where D| > D, fl2 max = 452/5. For randomly
oriented axially symmetric micro-domains, the FA in Equation
(10) can be expressed in terms of D and 1, using the relations in
Equation (11) as

e P12 ] -l
V2 5 [ia ’

where the ratio i = u /52 represents the scaled variance.
Isotropic DW can be achieved with g-MAS if the water
molecules stay within an anisotropic micro-domain throughout
the duration of the diffusion encoding [34]. In a system consist-
ing of a single type of micro-domain, the variance 5, observed
in the powder-averaged DW experiment, is a consequence of
domain anisotropy and independent of orientation dispersion.
In such a case, the isotropic DW yields ;Lizs" = 0. Since the dif-

iso

ference Ay = po—p3

(12)

is expected to vanish when all diffusion
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contributions are isotropic, and it is maximized for systems where
the deviation from mono-exponential echo decay is purely due to
microscopic anisotropy, the difference Ap, can be used to quan-
tify microscopic anisotropy. In case of macroscopically isotropic
systems, or equivalently, for an isotropically averaged intensity,
the mean diffusivity is expected to be identical for both isotropic
and powder-averaged DW data. This can be implemented as an
advantageous constraint in data analysis.
Substituting the & in Equation (12) with its “bias-corrected”
counterpart, here named the difference in scaled variance,
_ =yt

Al = ———. (13)
D

suggests a definition for the microscopic fractional anisotropy,
WFA, according to

FA—\F 1421 2 (14)
L 5 Al :

Equation (14) is the key equation to quantify microscopic
anisotropy, since Al is the measurable difference in curva-
ture between powder-averaged and isotropic signal-vs.-b data,
while pFA is the desired microstructural parameter. The relation
between Aji, and FA is shown in Figure 2A.

The values of WFA are equal to the FA when diffusion is
locally purely anisotropic and determined by coherently ori-
ented axially symmetric diffusion tensors. For two-dimensional
diffusion between parallel planes, WFA = FA = /T/2 and for
one-dimensional diffusion within narrow tubes, WFA = FA = 1.

ORDER PARAMETER (OP)
The OP is well-established for characterization of the orienta-
tional order in liquid crystals [50]. Here we use the OP to quan-
tify the orientation dispersion of anisotropic micro-domains.
Consider a typical macroscopic voxel consisting of an ensemble
of anisotropic micro-domains characterized by axially symmetric
diffusion tensors with axial and radial diffusivities, D and D,
respectively, and varying orientation of the domain’s symmetry
axis d. Further, assume that the distribution of sub-voxel domain
orientations is also axially symmetric around the voxel symmetry
axis u, where u - d = cos 6.

The diffusivity along the voxel symmetry axis is given by the
contributions from all the micro-domains with different polar
angles 0. Each micro-domain contributes

D (0) :DHc0529+DL sin® 6. (15)
Note the similarity with the expression describing the chemical

shift anisotropy (see Equation 23 in [56]). The above expression
can be rewritten as

D(e):ﬁ-ﬁ-%(DH—Dl)Pz(COSG), (16)

where P, (x) = (3x>~1)/2 is the second Legendre polynomial. The
axial and radial diffusivities observed on a voxel level are given by
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FIGURE 2 | Random and sy

0.4 0.6

ic errors in estimating the

microscopic fractional anisotropy. (A) Relation between microscopic
fractional anisotropy (FA) and the difference in variance,

Aflp = (Mz - #‘25") /BZ, calculated with Equation (14).

(B) Powder-averaged signal attenuation, S(b)/Sp, for an axially symmetric
anisotropic system corresponding to different FA values (solid lines with
circles), calculated based on Equation 35 in [34] using the relations in

(Continued)
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FIGURE 2 | Continued

Equations (11) and (14). The dashed line corresponds to the isotropic DW
with u5° = 0. (C) Relation between true FA values and their estimation
from fitting Equation (25) to data generated in the same way as the data
shown in panel (B). Shown are the mean values (solid lines) and standard
deviations (error bars) resulting from 1000 fitting iterations with synthetic
noise corresponding to different SNRs [66]. (D) Relative systematic

(8,, dashed line) and random errors (g, solid lines) calculated from data
shown in panel (C). In panel (B), the red, green, and blue colors correspond
to different wFA values, while in panels (C,D), the colors correspond to
different SNR levels.

the ensemble averages

_ 2
(D)) =D+ 3 (Dy = DL) (P2 (cos 0)),

(D1) =D+ % (Dy—Dy) P, (cos ;) (P, (cos0))
:5—%(DH — D1) (P2 (cos6)). (17)
The OP (see [50]) is defined by
OP = (P, (cos0)). (18)

As we see from Equation (17), the OP can be determined by the
relation between the micro-domain diffusivities and the ensemble
average diffusivities,

(D) = (Do)
Dy—Dy

OP = (19)

For randomly oriented domains, the OP = 0, while for completely
aligned domains, the OP = 1. The OP defined here is similar
to the one calculated from motionally averaged chemical shift
anisotropy or dipolar powder patterns in [50].

The definition of OP in Equation (19) is suitable for purely
anisotropic systems with axial symmetry, for which u5° = 0, and
it can be determined from DW experiments performed in several
non-collinear directions using multiple b-values. The ensemble
average diffusivities, (D) and (D_), are the diffusion tensor’s
eigenvalues, while the difference of the micro-domain diffusivi-
ties, D)) — D_, is related to the variance 1, in Equation (11) and
can be determined by analyzing the powder-averaged signal atten-
uation (4). If the FA is converted into the corresponding scaled
variance according to Equation (12),

-1
2)

4/ 3
~FA _ (7
H2 _5<FA2

the OP in Equation (19) can be rewritten as OP =

(20)

JE
However, the FA is not only reduced due to orientation dispersion
but also due to isotropic contributions, characterized by uizs“ > 0.
To account for the isotropic contributions in the calculation of
the OP, the difference in variance should be used, suggesting the

definition

Ajly 3FAT2 -2

Equation (21) provides the link between the FA and wFA and
allows quantifying the orientation dispersion of anisotropic struc-
tures. Since the ratio FA / WFA < 1, the OP is always in the range
0-1. The macroscopic parameter, FA, can be interpreted in terms
of two underlying mechanism, i.e., the anisotropy of micro-
domains, given by wFA, and the domain organization, given by
the OP. Inverting Equation (21) gives

2 —1/2
FA = OP |:|LFA’2 +3 (op? - 1)} . (22)

The above equation quantifies the relation between the anisotropy
of microscopic structures and their macroscopic organization.
For large FA, both the OP and the pFA need to be large, while
a reduction of either OP or wFA gives reduced FA (see Figure 1).

ESTIMATING MICROSCOPIC FRACTIONAL ANISOTROPY

In the case of high signal-to-noise and a well-sampled echo
attenuation signal, the variance u, could be estimated by regress-
ing Equation (4) onto the isotropic and powder-averaged DW
data. However, it can be shown that the convergence of the
cumulant expansion is very slow in the case of randomly ori-
ented anisotropic domains, for which the echo intensity can be
expressed in a simple analytical form (see Equation 35 in [34]).
The problem of analyzing the echo intensity data can instead be
considered from the perspective of finding a suitable approxi-
mation to the P(D) or its first two moments, see Equations (2)
and (3). A convenient functional form to approximate P(D) for
complex systems with both isotropic and anisotropic components
should have a simple analytical Laplace transform and it should
be able to capture a wide range of diffusion distributions with
only a few parameters. The gamma distribution function,

DI

P(D)=D*"!'——
) I

(23)

proves to be an efficient and physically plausible model for
describing complex polydisperse systems such as polymer solu-
tions [57]. The mean and the dispersion value of the gamma
distribution are given by the so-called shape parameter o and the
scale parameter B, where D = o - f and p, = a - B2, respectively.
The Laplace transform of the gamma distribution takes a simple
analytical form,

E®)=(1+bP)"°, (24)
which can expressed as
D
S(b) = So (1 + b%) " (25)

for data-fitting purposes.
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Figure2 summarizes the key aspects of the microscopic
anisotropy analysis, which are discussed in more detail through-
out the Results and Discussion section. The functional form of
Equation (14) is shown in Figure 2A. The expected signal atten-
uation for an axially symmetric anisotropic system with varying
WFA values is depicted in Figure 2B, illustrating that only rather
large WFA values give rise to a detectable deviation from mono-
exponential decay. The systematic and random errors of pFA
estimation resulting from fitting Equation (25) to the synthetic
data in Figure 2B are presented in Figures 2C,D.

MATERIALS AND METHODS
LIQUID CRYSTAL/YEAST PHANTOM
A liquid crystalline sample was prepared by mixing the non-
ionic surfactant triethylene glycol monodecyl ether C;oE3; (Nikko
Chemical Co., Tokyo, Japan) with water containing 95 wt% D,0O
(Sigma Aldrich, Steinheim, Germany) and 5 wt% H,O (MilliQ
purified) in an NMR tube with 5mm outer diameter, giving 40
wt% surfactant concentration and 0.5 ml sample volume. A water
bath was used to heat the sample to 50°C where it separates
into two phases: nearly pure water and a concentrated surfactant
solution with reverse micelles [58], both phases having low vis-
cosity. After removing the tube from the water bath and exposing
it to room temperature air, it was held horizontally and rotated
manually about its long axis until, after approximately 2 min, the
sample turned viscous. The temperature decrease leads to a phase
transition into the lamellar liquid crystalline phase [58], while the
rotation aligns the lamellae with respect to the inner surface of the
tube [59]. The preferential orientation of the lamellae extends less
than a millimeter from the glass surface, thus leaving the interior
of the sample randomly oriented (see Figure 3). The sample was
equilibrated at room temperature (21°C) for 24 h with the tube
in the vertical direction.

Fresh baker’s yeast was purchased at a local supermarket. A cell
suspension was prepared by shaking equal volumes of the yeast
with tap water in a glass tube. The suspension was allowed to

f\ A yeast suspension
/ disordered
1 liquid crystal
/
ordered
\ liquid crystal
\
\
y‘ \
—>x > X

FIGURE 3 | lllustration of the liquid crystal/yeast MRI phantom. A
5mm NMR tube, containing 40 wt% of the surfactant C1Ez in water, is
inserted into a 10 mm NMR tube with yeast cells in water. The black
horizontal line in the left schematic indicates the slice of the 2D MR image.
The top view of the phantom is depicted on the right. The anisotropic
liquid crystal domains are mostly randomly oriented, while a narrow layer of
aligned domains is formed near the tube walls.

sediment overnight at room temperature. The clear supernatant
was discarded and 1 ml of the loosely packed cell sediment was
transferred to a 10 mm NMR tube using a syringe with a 1 mm
diameter needle.

The 5mm NMR tube with the liquid crystal was inserted into
the 10mm NMR tube with the yeast sediment, creating an MRI
phantom with an inner cylindrical compartment with water dif-
fusion anisotropy and an outer cylindrical shell having a broad
distribution of isotropic water diffusivities (see Figure 3). Before
the MRI measurements, the sample was equilibrated for 2h at
25°C within the magnet of the microimaging equipment.

PUREED ASPARAGUS PHANTOM

Fresh asparagus (Asparagus officinalis), obtained from a local
supermarket, was prepared in a plastic container that consisted of
two cylindrical compartments with a diameter of approximately
8 cm. The first compartment contained water and intact aspara-
gus stems cut to an appropriate length. The second compartment
was filled with water and asparagus which was processed in a
kitchen blender, resulting in a grainy puree with particle sizes well
below one imaging voxel. The pureed asparagus was compressed
to the bottom of the container in order to decrease the free water
component in the puree. Measurements were performed at room
temperature on the whole-body MR scanner.

MICROIMAGING
The liquid crystal/yeast phantom was measured on an 11.7 T
Bruker AVII-500 spectrometer equipped with a Bruker MIC-5
microimaging probe having a maximum gradient strength of
3 Tm~! and a 10mm saddle coil radio frequency (RF) insert.
Images were acquired with a TopSpin 2.1 implementation of the
pulse sequence shown in Figure 4 using a single-shot RARE [60]
signal read-out with 9 x 9 mm field-of-view, 64 x 32 acquisition
matrix (read x phase), 10 mm slice thickness, and 65 ms duration
of the echo train. The spin-echo DW block with total duration
of 45ms included two identical gradient waveforms bracketing
the 180° RF pulse. Isotropic DW was achieved with the opti-
mized g-MAS gradient modulation scheme [37]. Directional DW
employed a gradient waveform giving the same time-dependence
of the magnitude of the g-vector as the g-MAS modulation.
The g-MAS gradient waveform was executed with duration t =
20ms and amplitude G = 0.405 Tm™!, yielding a b-value of
5200 s/mm? according to the equation b = NCy*G>1®, where y =
2.675.10% radT~'s~! is the 'H gyromagnetic ratio, C = 0.0278 is
a constant specific for the optimized g-MAS modulation [37], and
N =2 is the number of repetitions of the g-MAS modulation.
Images were acquired for 16 b-values and 15 non-collinear gradi-
ent directions, as well as 15 repetitions of the isotropic DW, giving
a total data set of 480 images. The b-values were incremented by
linear steps in the gradient amplitude, while the gradient direc-
tions were chosen according to the electrostatic repulsion scheme
[61, 62]. Each image was recorded as the sum of four transients
with phase cycling of the RF pulses and the receiver [63]. A 1s
recycle delay gave a total experiment time of 30 min.

Image processing was performed with in-house Matlab code.
Before Fourier transformation, the acquired data was zero-filled
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FIGURE 4 | Schematic of the diffusion MRI pulse sequence with
isotropic or directional diffusion weighting. The 90 and 180° RF pulses
produce a spin echo, which is acquired with a single-shot RARE sequence
at the high field spectrometer or EPI sequence at the clinical scanner.
Identical DW blocks are inserted on each side of the 180° pulse. Isotropic
DW is achieved with a numerically optimized g-MAS gradient modulation
scheme [37] as shown with the green (Gx), blue (Gy), and red (G;) lines.
The black line indicates the directional gradient waveform that yields the
same magnitude of dephasing [34] as the g-MAS modulation.

180°
g-MAS DW

RARE
or EPI

to 128 x 128 points [64] and multiplied with a 2D Gaussian
function giving 0.2 mm x 0.2 mm image smoothing.

WHOLE-BODY SCANNER

Experiments on the pureed asparagus phantom were performed
on a whole-body Philips Achieva 3 T scanner equipped with an
eight-channel head coil. The gradient system delivered a maxi-
mum gradient strength of 80 mTm ™! at the maximal slew rate
of 100 mTm~'s~!. DW images were recorded with an echo pla-
nar read-out [65] using an echo time of 160 ms, half-scan factor
of 0.8, SENSE factor of 2, and a slice thickness of 10 mm. The
field of view was 288 x 288 mm with an acquisition matrix of
96 x 96, resulting in a spatial resolution of 3 x 3 x 10 mm>.
Isotropic and directional DW were achieved during T = 62.9 ms,
before and after the 180° RF pulse, using the same waveform
as in the microimagning experiment. Images were acquired for
16 b-values, between 50 and 2800 s/mm?. The directional DW
was performed in 15 non-collinear gradient directions spread out
according to the repulsion scheme [61, 62]. The isotropic encod-
ing was repeated 15 times for each b-value in order to generate an
equal amount of acquisitions with the isotropic and directional
DW. The repetition time was 2 s, resulting in acquisition times of
8:06 min for both the directional and isotropic data.

One high resolution T,-weighted volume was acquired to visu-
alize the different components of the phantom, and reconstructed
at a spatial resolution of 0.45 x 0.45 x 8.00 mm?>.

The standard scanner reconstruction software was used to con-
vert the raw data into two series of 240 images each, which were
exported to Matlab for further analysis.

DATA ANALYSIS
Maps of the eigenvalues and eigenvectors of the diffusion tensor,
as well as the D and FA values were obtained by non-linear least
squares fitting of directional DW data using Equation (5) with Sy,
1, A2, A3 and three Euler angles as adjustable parameters.

The images with directional DW (16 b-values and 15 direc-
tions) were converted to a powder-averaged series of images (16
b-values) by arithmetic averaging over the gradient directions.

The multiple acquisitions of images with isotropic DW (16 b-
values and 15 repetitions) were averaged to a single series (16
b-values). Equation (25) was regressed onto the isotropic and
powder-averaged DW data, using S, D, w,, and Mizso as fit
parameters. Sy and D were constrained to be identical for both
datasets, while p, and /L?O correspond to the powder-averaged

150

and isotropic data, respectively. The values of u, and u5° were

constrained to be in the physically reasonable range from 0 to D
The standard deviations of the fit parameters were estimated by a
Monte Carlo error analysis [66]. Finally, the wFA and OP indexes
were calculated with Equations (14) and (21).

RESULTS AND DISCUSSION

Phantoms, constructed to exhibit varied degree of microscopic
and macroscopic anisotropy, were probed by directional and
isotropic DW as well as with DTI. Results are presented and
discussed in three sections; the microimaging experiments are fol-
lowed by the experiments on a whole-body scanner and finally the
significance of the novel microstructural measures is discussed.
The microimaging section discusses the liquid crystal/yeast phan-
tom and its micro-/macro-structural features, which are com-
pared to the results of the wFA and DTI analysis. The difference
between diffusion variance in directional and isotropic DW is
thoroughly discussed in relation to the microstructural properties
of the phantom. The meaning of the newly introduced parameters
wFA and OP is demonstrated and the limitations of the g-MAS
DW experiment and its analysis are discussed. The following sec-
tion presents the results on the asparagus phantom obtained at
a whole-body scanner. In the third section, the potential of WFA
and OP as novel biomarkers and the key aspects of the g-MAS
DW implementation in a clinical setting are considered.

MICROIMAGING
Experimental results for the liquid crystal/yeast phantom are
shown in Figure 5 as parametric images and histograms. We reca-
pitulate that the concentric phantom is designed to have an outer
compartment with a broad distribution of isotropic diffusivities
and an inner compartment with microscopic diffusion anisotropy
as well as varying degrees of voxel-scale anisotropy on account of
the alignment of the underlying anisotropic objects with respect
to the glass wall separating the two compartments (see Figure 3).
The map of the mean diffusivity D in Figure 5A shows clear
differences between the surfactant/water mixture and the yeast
suspension, with values of 0.51 and 1.5 zm?/ms, respectively, at
the maxima of the narrow distributions in the histogram. A ref-
erence experiment with pure H,O (data not shown) gives D =
2.3 um?/ms, in good agreement with the literature value [67]. A
wide range of microscopic mechanisms could cause the observed
reduction of D from the value for pure H,O: from confinement
of the water in more or less impermeable micrometer-scale pores
[68] to the presence of colloidal obstacles at high concentrations
[69]. The values of D are by themselves not sufficient to make any
detailed inferences on microstructure.

Diffusion tensor
The FA map in Figure 5B shows that the water diffusion is essen-
tially isotropic in the yeast suspension (FA < 0.05). A closer look
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FIGURE 5 | Parameter maps and histograms for the liquid crystal/yeast
phantom. The panels show (A) mean diffusivity D, (B) fractional anisotropy
FA, (C) planar index Cp, (D) scaled variance fiz, (E) scaled isotropic variance
75°, and (F) the difference in scaled variance Afi,. The red crosses,
numbered with roman numerals in panel (A), point out pixels for which the
acquired signal is shown in detail in Figure 6. The colors in the C, map
indicate the direction of the vector corresponding to the minimum
eigenvalue of the diffusion tensor (red: x, green: y, blue: 2). Pixels with
signal below a threshold value are shown in black in the parameter maps
and excluded from the calculation of the histograms.

at the FA histogram reveals that the values for the yeast have
an approximately Gaussian distribution with mean value 0.04
and standard deviation 0.02. The positive bias at low values of
FA originates from the fact that any deviation from the equality
A1 = Ay = k3 gives a positive value of FA according to Equation
(6). In the surfactant/water mixture, the values of FA cover the
range from 0 to 0.6, with the highest values concentrated in a
0.5mm wide band along the outer edge of the compartment.
Information about the shape and orientation of the diffusion ten-
sor can be obtained from the planar index, Cy, color-coded with
the direction of the eigenvector v3, corresponding to the mini-
mum eigenvalue A3. In Figure 5C, values of C,, above 0.7 can be
observed at the rim of the interior compartment, indicating an
essentially planar diffusion tensor. The radial orientation of v
verifies that the lamellar planes have the same orientation as the
adjacent glass surface. A perfectly oriented lamellar liquid crys-
tal, with Dy << D, would give FA = \/T/2~ 0.71and C;, = 1.
The values observed experimentally, FA & 0.6 and C, = 0.7, are
smaller than the ideal ones, indicating that there is a distribu-
tion of lamellar domain orientations within the voxels and/or
that Dy is not negligible in comparison to D] . The values of FA
and C, are by themselves not sufficient to distinguish between
the two cases. The interior of the tube with the surfactant/water
mixture contains extensive regions where FA and C, are close
to zero. From the conventional DTI parameters, one could be
tempted to draw the conclusion that these regions contain an
isotropic phase, e.g., a sponge phase or cubic liquid crystalline
phase, rather than the lamellar liquid crystalline phase that is

expected from the sample composition and the equilibrium phase
diagram [58].

Diffusion variance in directional and isotropic DW
Figure 5D shows the scaled variance of the distribution of appar-
ent diffusivities P(D), fi; = 2 /52, for the powder-averaged data
acquired with directional DW. We reiterate that [t; is a measure
of the width of the P(D) and the curvature of logS(b), and is
closely related to the diffusional kurtosis [43]. Non-zero values
of fI can result from diffusion anisotropy and/or the presence
of more than one microscopic environment for the water. As
shown in Figure 2A, diffusion anisotropy can by itself give a
maximum [i, value of 0.8. Both the liquid crystal and the yeast
suspension display fi values being substantially different from
zero. The histogram in Figure 5D features two overlapping dis-
tributions with maxima at 0.35 and 0.23 for the surfactant/water
mixture and the yeast suspension, respectively. Since FA for the
yeast is zero within experimental noise, it seems safe to assume
that the non-zero values of [i, originate from the presence of
multiple microenvironments. In the case of a yeast suspension,
these microenvironments correspond to the intra- and extracel-
lular spaces [70]. Conversely, comparison between Figures 5B,D
shows that, for the surfactant/water mixture, high values of 7i,
occur for regions with both high and low values of FA, thus mak-
ing the interpretation of /1, in terms of either diffusion anisotropy
or multiple environments highly ambiguous. The crucial infor-
mation needed for discriminating between the two cases can
be found in Figure 5E, displaying the scaled variance for data
acquired with isotropic DW, ,IZ‘Z“’ = uizs" /52. This parameter is
insensitive to diffusion anisotropy and is non-zero only if there
are multiple environments with distinct isotropic diffusivities.
While the surfactant/water mixture has values close to zero, the
values for the yeast suspension are, within experimental noise,
identical in Figures 5D,E, confirming the presence of a distri-
bution of environments with different isotropic diffusivity. On
account of the limited spatial resolution, the voxels at the border
between the surfactant/water mixture and the yeast suspension
contain signal from both compartments, leading to exceptionally
high values of [lizs" which can be observed as a thin bright circle
in Figure 5E.

As shown in Figure 5F, taking the difference Afl; = (u2 —

uizso)/BZ isolates the effect of diffusion anisotropy. Non-zero
values of Afi, are expected when the microscopic structure is
anisotropic on the length scale of the molecular displacements
during the diffusion time, typically tens of micrometers. If dur-
ing the diffusion encoding, molecules would have enough time to
migrate between anisotropic domains with different orientations,
this would affect the diffusion variance in both isotropic and
directional DW. In the limit of long diffusion times, the variance
observed in a directional DW vanishes [38], while in isotropic
DW the variance is expected to increase due to incoherent aver-
aging across microdomains. The dependence of the g-MAS DW
on diffusion time can be viewed in analogy to the effects of the
MAS in solid-state NMR spectroscopy. The broadening of P(D)
in isotropic DW corresponds to the broadening of the sidebands
at low frequencies of sample MAS when the rates of spinning
and reorientation are similar [71]. The AfX, values for the yeast
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suspension are close to zero, consistent with isotropic diffusion.
Detailed inspection of the histogram in Figure 5F reveals that
the yeast data can be described with an approximately Gaussian
distribution with mean 0.03 and standard deviation 0.03, thus
spanning both positive and negative values. The data for the sur-
factant/water mixture is centered at Aft; = 0.25 and, as for the
yeast, has a standard deviation of 0.03. Assuming that the true
value is homogeneous in both the liquid crystal and the yeast
compartments, the observed standard deviation of 0.03 can be
interpreted as the precision in the estimation of Afi, at the cur-
rent experimental settings. The observation of Afi, values well
above zero for the surfactant/water mixture is a strong indica-
tion that the water resides in an anisotropic microenvironment, in
agreement with the presence of a lamellar liquid crystalline phase.
In contrast to FA, the values of Aji; do not depend on the details
of the orientation distribution of the anisotropic objects within
the voxel, and is consequently better suited for detecting diffusion
anisotropy.

Taken together, the parameters shown in Figure 5 give a rather
complete description of the nature of the water environments
within each voxel. Whereas the yeast suspension contains multi-
ple water environments (;'Zizs" > 0) that are isotropic (Afl; = 0),
the surfactant/water mixture consists of a single type of environ-
ment (ﬁizs" = 0) with diffusion anisotropy on the microscopic
scale (Afl; > 0) and varying degrees of orientation coherence on
the voxel scale, from random orientations (FA = 0) to preferential
alignment with the lamellae following the curvature of the glass
surface (FA > 0, radial orientation of v3).

L (04

The information about microscopic diffusion anisotropy lies
in the difference between S(b) data acquired with isotropic or
powder-averaged directional DW. We believe that it is good prac-
tice to inspect the raw data to make sure that the fitted parameters
are consistent with the features that can be observed visually.
Figure 2B illustrates that very small deviations from a mono-
exponential form of S(b) correspond to relatively large wFA val-
ues, potentially leading to erroneous conclusion when noisy data
is used to estimate WFA. Data for four representative voxels can
be found in Figure 6. Plotting the data as a function of bD rather
than b emphasizes the deviation from mono-exponential decay
and facilitates the comparison of data from voxels having differ-
ent values of D [72]. The data for voxels i and ii originate from
lamellar liquid crystalline phases that are coherently oriented
(FA = 0.54) and randomly oriented (FA = 0.08), respectively. The
mono-exponential decay of the isotropic data shows that there is a
single type of water environment within the voxel, while the pro-
nounced multi-exponential decay of the powder-averaged data
proves that this environment is anisotropic. The similarity of the
data for the voxels i and ii verifies that there is no influence from
the voxel-scale orientation distribution of the anisotropic objects.
Completely different behavior can be observed in the data from
the yeast suspension in voxel iii. In this case both the isotropic
and the powder-averaged data feature pronounced and identi-
cal signal attenuation, consistent with the presence of multiple
isotropic water environments. Voxel iv is located at the border
between the liquid crystal and yeast suspension compartments
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FIGURE 6 | Normalized signal S(b)/Sp vs. normalized diffusion
weighting bD for selected pixels in Figure 5. The roman numerals of the
panels correspond to the pixel labels in Figure 5A. Powderaveraged
directional and isotropic data is shown with open blue and solid red circles,
respectively. The solid lines indicate fits of Equation (25) to the data using
So, D, j1z, and 5° as adjustable parameters. The dashed lines show the
single-exponential decay S/Sy = exp(-bD). The inserts illustrate the
microstructure, with water occupying the white space between the black
barriers: (i) single-orientation anisotropic, (i) randomly oriented anisotropic
domains, (iii) water inside and between spherical compartments, and (iv)
mixed case with spherical compartments and anisotropic domains. The
panels are labeled with the characteristic relations between pz and 115°.

and shows signs of both multiple environments (the isotropic
data) and diffusion anisotropy (pronounced multi-exponentiality
for the powder-averaged data). For now, we refrain from try-
ing to disentangle the contributions from multiple environments
with varying degrees of anisotropy, but we conjecture that our
approach with isotropic DW could add sufficient information
to make such deconvolution feasible in a manner analogous to
the separation of isotropic and anisotropic contributions to the
chemical shift in solid-state NMR spectroscopy [73].

The parameter A is in itself an adequate measure of diffu-
sion anisotropy. The values of A, are related to the eigenvalues
of the diffusion tensor through Equation (11), covering the range
from 0, for isotropic diffusion, to 0.4 when D) << D and 0.8
if D)) >> D,. The FA index has been adopted as the standard
measure for voxel-scale diffusion anisotropy, and it is thus desir-
able to convert Afl; to a parameter that is directly comparable
with FA. As described in the theory section, we define the micro-
scopic fractional anisotropy, iWFA, as the value of FA that would
be observed if all the anisotropic objects had the same orienta-
tion throughout the voxel. The value of WFA can be calculated
from Al using Equation (14), which is also shown as a graph
in Figure 2A. A comparison of FA and wFA data for the lig-
uid crystal/yeast phantom is shown in Figure 7. Because of the
highly non-linear relation between wFA and Az, even moder-
ate fit errors in Afl, get greatly amplified in the conversion to
WFA when the values of AJX; are smaller than approximately 0.1
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FIGURE 7 | Diffusion anisotropy and orientation dispersion in the
liquid crystal. The analysis is performed on the data from Figure 6 fulfilling
the conditions D < 1um?%/ms and Afi, > 0.15, thus excluding pixels
dominated by signal from the yeast suspension. (A) Parametric map with
brightness given by the fractional anisotropy (FA) and color-coding according
10 Dxx/M1 (red), Dyy/hq (green), and D2/ (blue), where Dy, Dyy, and D,
are elements of the laboratory-frame diffusion tensor and x4 is its largest
eigenvalue. (B) As in panel (A), but with brightness given by the
microscopic fractional anisotropy (FA) calculated from Afi; in Figure 5F
using Equation (14). Bright pixels with weak color saturation are observed
when uFA >> FA. (C) Scatter plot showing the correlation between pLFA
and FA. The solid and dashed lines indicate LFA = FA and pFA = \/1/2,
respectively, the latter being expected for a liquid crystal with ideal lamellar
geometry. (D) Parametric map and histogram of the order parameter (OP)
calculated with Equation (21). The color-scale is given by the bar above the
histogram. Pixels not included in the analysis are shown in black.

(see Figures 2C,D). Consequently, we select the pixels for which
the conversion can be reliably performed by applying a thresh-
old value of 0.15. With this threshold, only the pixels from the
liquid crystal are included in the analysis. The histograms in
Figures 7A,B show that FA covers the range from 0 to 0.6 while
the values of WFA are centered at 0.76 with a standard deviation
of 0.03. No correlation between WFA and FA can be discerned in
the scatter plot in Figure 7C, indicating that the observed spread
in WFA can be attributed to the precision of the experiment rather
than any true inhomogeneity of the liquid crystal sample. Even
when taking into account the spread of the data, the experimental
values are consistently located above the line wFA = 0.71 which
is the theoretical maximum for oblate diffusion tensors. This dis-
crepancy originates from our procedure for estimating the values
of (1, from the experimental data using Equation (25) as a fitting
function. A positive bias of WFA, visible in Figures 2C,D, arises
due to the interplay between the functional form of Equation (25)
and the rather extended range of b-values used for the fit. When
the gamma distribution is used to approximate the diffusion dis-
persion due to the orientation dispersion in purely anisotropic
systems, the attenuation data can be described accurately by the
function in Equation (25) only for a limited range of b-values. In
the case of anisotropy with axial symmetry, for which the echo
attenuation can be calculated analytically (see Equation 35 in
[34]) and the exact values for D and p, are given by Eq. (11),
the function in Eq (25) increasingly underestimates the signal

intensity at bD > 1. Thus, the 5 value tends to be overestimated
when Equation (25) is regressed onto the dataset with too high b-
values resulting in an overestimation of the jLFA. The bias could
be reduced by limiting the range of b-values, but unfortunately
at the expense of a severe loss in precision of the fitted parame-
ters. Finding the optimal fitting function and b-values could be
decisive for the success of transferring our approach to in vivo
measurements. Still, we choose to postpone further investigations
of this subject.

In the FA and pwFA parameter maps in Figures 7A,B, the RGB
levels are based on the three diagonal elements of the diffusion
tensor in the laboratory frame of reference. The alignment of the
lamellar planes at the glass surface gives rise to an intensely col-
ored band at the outer edge of the liquid crystal compartment in
both the FA and wFA maps. In stark contrast to the FA map, the
brightness of the WFA map is constant on account of the nearly
uniform values of WFA. Weakly colored bright pixels can be found
in the interior of the compartment where there is no preferential
orientation of the lamellar microcrystallites. The corresponding
pixels in the FA map are nearly black because of the absence of
voxel-scale anisotropy.

Order parameter

While the WFA parameter contains information about the micro-
scopic diffusion anisotropy, the value of FA additionally includes
the effect of voxel-scale alignment of the underlying anisotropic
objects. Consequently, it seems logical to use the values of FA and
WFA to define a parameter quantifying the orientational order or,
alternatively, disorder. In the field of liquid crystals, the orienta-
tional ordering is conventionally described with an OP, defined as
an ensemble average in Equation (18). In cases of lower than uni-
axial symmetry, the scalar OP is generalized to an order matrix.
Complete alignment of the anisotropic objects gives OP = 1,
while random orientations correspond to OP = 0. Equations (19)
and (21) describe how OP can be calculated from the measured
diffusion tensor eigenvalues and the variances of the diffusion dis-
tribution, respectively. The eigenvalues and variances correspond
to the information contained in the FA and wFA parameters,
respectively. The resulting OP map for the liquid crystal is shown
in Figure 7D. In line with the previous results, a highly ordered
region can be found next to the glass surface, while the inte-
rior of the liquid crystal displays low order. Since the values of
WFA are nearly constant, and there is a monotonous, albeit non-
linear, relation between FA and OP, as described by Equations
(21) and (22), the corresponding histograms in Figures 7A,D
have similar shapes. The benefit of using OP, rather than some
more directly calculated measure such as the ratio FA/WLFA, is
that it has a simple geometrical definition through Equation
(18), and that it is a well-established parameter in other fields of
science.

WHOLE-BODY SCANNER

Measurements of WFA were also successfully implemented on
a clinical system. The highly efficient single-shot isotropic
DW protocol, based on the optimized g-MAS gradient mod-
ulation [37], allows to achieve high DW even at a stan-
dard clinical scanner with significant gradient amplitude and
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energy constrains. It is worth noting that, although the clini-
cal scanner was equipped with gradients capable of 80 mT/m
on axis, the maximum b-value of 2800 ms/mm? for a total
diffusion encoding time of 125.8 ms was mainly restricted by
the power available to the gradient amplifiers. The results for
the whole-body scanner imaging experiments are shown in
Figure 8 as parametric maps, histograms and signal curves.
The measurements were performed on a phantom consisting
of one compartment that contained coherent micro domains
(intact asparagus stems) and another compartment that con-
tained small domains with high orientation dispersion (pureed
asparagus).

The FA map for the intact asparagus phantom indicates a
high degree of voxel scale anisotropy, as seen in Figure 8B.
However, when the coherent geometry of the asparagus stem
is distorted, as in the pureeing process, the anisotropy on the
voxel scale is strongly suppressed (see Figure 8G). By contrast,
the microscopic anisotropy is visible in the WFA both before
and after the pureeing process, as seen in Figures 8C,H. The
effects on FA and pFA were quantified using two ROIs placed
in specific regions of the phantom in order to reduce the influ-
ence from the free water. The first ROI was placed over several
intact asparagus stems and the second included the central parts
of the asparagus puree. Notice that several stems of asparagus
exhibited hyperintensity in the T, map, and were also found to
have lower values of FA and wFA, suggesting that the micro-
architecture of these stems was compromised, possibly due to
mechanical damage or natural degradation. In order to avoid
such damaged tissue, these stems were excluded from the ROIs.
The mean parameter value in the two ROIs was FAjpaer = 0.50
and FApyree = 0.06, and WFAjpace = 0.75 and wFApyree = 0.50,
respectively. The FA value of intact asparagus is in agreement
with other experiments that have employed similar diffusion
times [41]. The distributions of parameter values are presented
in histograms in Figures 8D,I. The histogram visualizes the high
contrast between the FA and the wFA in the pureed tissue,
demonstrating how the WFA is still sensitive to the anisotropic
diffusion at the scale of each asparagus fragment even if the dif-
fusion is approximately isotropic on the voxel scale. The fact
that the wFA is decreased in the pureed tissue can be attributed
to the loss of anisotropy in the tissue microstructure and the
relatively large water component introduced in the pureeing
process.

The fitted lines for the representative voxels, resulting
from regression of Equation (25), are shown in
Figures 8E,J. The fit parameters in the intact asparagus
were D = 1.55£0.05um?/ms, u5° = 0.60 + 0.12 um*/ms?
(Mist/Bz ~0.25) and wp = 1.24 £ 0.18 um*/ms’ (;LZ/BZ ~
0.52) resulting in a wFA value of 0.77 & 0.03. The corresponding
values in the pureed asparagus were D = 1.96 % 0.02 um?/ms,
iSO = 0.17 £ 0.06 um*/ms? (u5°/D° A 0.04) and 15 = 0.64 %
0.06 m*/ms? (Mz/ﬁz A 0.17) result in a WFA value of 0.60 +
0.02. The standard deviations were estimated by a Monte
Carlo error analysis [66]. The high apparent diffusivity in the
pureed asparagus tissue further supports the notion that the
calculation of WFA in the pureed tissue was affected by a free
water component.
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FIGURE 8 | Results of the whole-body scanner experiment on water in
intact and pureed asparagus. The left column (A-E) shows the resulting
images in the intact asparagus, and the right column (F=J) shows
corresponding images for the pureed asparagus. The top row shows high
resolution Tp-weighted images. The second and third rows show FA and pnFA
maps, respectively. A high FA is only observed in the intact asparagus while
ILFA can be observed in both intact and pureed asparagus. The histograms
show the distribution of FA and FA in the ROIs (blue outline superimposed
on FA and wFA maps). The bottom row shows normalized signal intensity vs.
diffusion weighting, S(b)/Sp, for representative voxels found in the ROls
(signal from isotropic DW: empty blue circles; powder-averaged directional
DW: filled black circles). The bottom left plot (E) includes the signal from a
region consisting of unobstructed water measured by directional (crosses)
and isotropic DW (circles). The fitted regression lines, according to Equation
(25), correspond to pFA values of 0.77 and 0.47 in the intact and pureed
asparagus, respectively.

Parts of the phantom with intact asparagus consist purely
of unobstructed water and thus serve as a reference to validate
that in these regions the isotropic and directional DW indeed
yield identical signal attenuation. The signal from one such
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region with unobstructed water (ROI not shown), is depicted
by circles and crosses in Figure 8E. The data coincide and show
mono-exponential attenuation, thus verifying that the isotropic
and directional experiments give the same DW for an isotropic
liquid.

SIGNIFICANCE AND IMPLEMENTATION OF MICROSCOPIC
ANISOTROPY BIOMARKERS

Biophysical modeling of WM is a field that has attracted much
activity lately [74], and the need to disentangle orientation dis-
persion from dispersion in compartment size is now obvious
[23, 75, 76]. Isotropic g-MAS DW could be an important tool
to help disentangle the two phenomena. We suggest that the
implementation of the isotropic DW in combination with the
standard high b-value directional DW may generate new valuable
biomarkers, such as the wFA and OP, that would allow identify-
ing more specific mechanisms in cases where confounders would
otherwise lower the specificity of parameters such as FA. This
could be particularly helpful in selective WM atrophy in cross-
ing geometries where the removal of one fiber population would
cause the FA to increase, creating an opposite effect size as com-
pared to unidirectional geometries [17]. Unlike the FA, the pFA
is not restricted to macroscopically anisotropic tissue and it is
thus suited for diagnosing also macroscopically isotropic tissue
such as GM, where it could detect changes in the anisotropic
diffusion, a feature that is useful in the mapping of GM deteri-
oration. The WFA could also assist in the pre-surgical planning
of tumor removal by differentiating different types of tissue
consistency [77].

The application of the method for in vivo quantification of
microscopic anisotropy should be straight forward, but was out-
side the scope of this paper. Previous studies employing non-
conventional diffusion encoding have produced promising results
in the human brain despite the long echo times required by
the signal preparation [78-80]. For accurate wFA quantifica-
tion, especially in tissue close to cerebrospinal fluid, such as
the cortical GM, the partial volume effect needs to be con-
sidered. Ignoring this problem is known to bias the results of
conventional DTT and non-conventional diffusion MRI such as
filter-exchange imaging [78, 81]. The most straightforward means
of mitigating the partial volume effect would be to include an
isotropic component with high-diffusivity and zero anisotropy in
addition to Equation (25) for the tissue signal. Once a suitable
signal model is constructed, the experiment design can be opti-
mized to minimize the influence of noise on parameter estimates
[82]. Finally, the noise-induced variance should be compared
to the biological variance in wFA, to aid the design of clinical
studies [83].

CONCLUSION

We demonstrated that the microscopic anisotropy can be quan-
tified based on the comparison between isotropic and powder-
averaged directional DW data. Proof-of-principle experiments
were carried out on selected phantoms at a high-field spectrom-
eter as well as on a standard clinical scanner. The spin-echo
implementation of the optimized single-shot g-MAS DW pro-
vides efficient diffusion encoding. On the clinical scanner, g-MAS

DW using echo-time of 160 ms yields b-values comparable to DKI
experiments.

While adding the isotropic DW experiment to the standard
DTI requires only minor additional experimental time, it adds
valuable information to the powder-averaged directional DW
data. In addition to FA, available from the DTI, the experi-
ment with isotropic DW allows disentangling the contributions
of microscopic anisotropy and orientation dispersion of micro-
domains, which can be quantified by the herein introduced pFA
and OP parameters. The |LFA is not affected by the orientation
dispersion of microscopic structures and it corresponds to the val-
ues of FA in the absence of orientation dispersion. Since the pWFA
is not sensitive to the macroscopic organization of anisotropic
structures, like crossing fibers of the WM, the pwFA could provide
a valuable new biomarker to characterize tissue.
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The anisotropy of water diffusion in brain tissue is affected by both disease and development. This change can be
detected using diffusion MRI and is often quantified by the fractional anisotropy (FA) derived from diffusion ten-
sor imaging (DTI). Although FA is sensitive to anisotropic cell structures, such as axons, it is also sensitive to their
orientation dispersion. This is a major limitation to the use of FA as a biomarker for “tissue integrity”, especially in
regions of complex microarchitecture. In this work, we seek to circumvent this limitation by disentangling the
effects of microscopic diffusion anisotropy from the orientation dispersion.
The microscopic fractional anisotropy (UFA) and the order parameter (OP) were calculated from the contrast be-
tween signal prepared with directional and isotropic diffusion encoding, where the latter was achieved by magic
angle spinning of the g-vector (QMAS). These parameters were quantified in healthy volunteers and in two pa-
tients; one patient with meningioma and one with glioblastoma. Finally, we used simulations to elucidate the re-
lation between FA and pIFA in various micro-architectures.
Generally, uFA was high in the white matter and low in the gray matter. In the white matter, the largest differ-
ences between LFA and FA were found in crossing white matter and in interfaces between large white matter
tracts, where UFA was high while FA was low. Both tumor types exhibited a low FA, in contrast to the pFA
which was high in the meningioma and low in the glioblastoma, indicating that the meningioma contained dis-
ordered anisotropic structures, while the glioblastoma did not. This interpretation was confirmed by histological
examination.
We conclude that FA from DTI reflects both the amount of diffusion anisotropy and orientation dispersion. We
suggest that the PFA and OP may complement FA by independently quantifying the microscopic anisotropy
and the level of orientation coherence.

© 2014 The Authors. Published by Elsevier Inc. This is an open access article under the CC BY-NC-ND license

(http://creativecommons.org/licenses/by-nc-nd/3.0/).

Keywords:

Diffusion weighted imaging
Microscopic anisotropy

Microscopic fractional anisotropy
Order parameter

Magic angle spinning of the g-vector

Introduction frequently expressed in terms of the mean diffusivity (MD) and the

fractional anisotropy (FA), respectively. The diffusion anisotropy

The most established technique for non-invasive investigations
of the microstructure of the central nervous system is diffusion ten-
sor imaging (DTI) (Basser et al., 1994). DTI provides a means of esti-
mating the rate of diffusion and the diffusional anisotropy in tissue,

* Corresponding author at: Department of Medical Radiation Physics, Clinical Sciences,
Lund, Lund University, SE-22185 Lund, Sweden. Fax: +46 46 178540.
E-mail address: filip.szc: icz@med.lu.se (F. Szc iewicz).

http://dx.doi.org/10.1016/j.neuroimage.2014.09.057

has been shown to correlate with the progression of a wide variety
of conditions (Kubicki et al., 2002). For example, reduced FA is ob-
served during aging (Hsu et al., 2010; Sullivan and Pfefferbaum,
2006), and in neurodegenerative diseases such as dementia
(Englund et al., 2004; Santillo et al., 2013), Parkinson's disease
(Surova et al., 2013), Alzheimer's disease (Sjobeck et al., 2010), and
multiple sclerosis (Rovaris et al., 2005). By contrast, the value of FA
tends to increase during white matter (WM) maturation (Lebel

1053-8119/© 2014 The Authors. Published by Elsevier Inc. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/3.0/).
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et al., 2008; Lobel et al., 2009) and after specific forms of training,
such as juggling (Scholz et al., 2009).

While FA is clearly sensitive to microstructural alterations, such as
demyelination, it also reflects a wide variety of non-specific and possi-
bly confounding effects. One of the most prominent confounders of FA
is the partial volume effect (PVE). Partial volume effects are especially
relevant for diffusion-MRI (dMRI) where voxel volumes are typically
on the scale of ~10 mm?, resulting in a high probability for the MR signal
to originate from water residing in different types of tissue. This in-
cludes voxels that are located at the interface between nerve bundles
with different orientation, and at the interface between brain tissue
and cerebrospinal fluid (CSF). Thus, the signal from individual voxels
frequently reflects an average of different diffusion profiles. This invari-
ably leads to less pronounced diffusion directionality, i.e., lower FA
(Oouchi et al., 2007; Westin et al., 2002). Consequently, FA correlates
with structure size since smaller structures include a larger fraction of
voxels that interface with surrounding tissue than larger structures
(Szczepankiewicz et al., 2013; Vos et al., 2011). Another aspect of PVE
is the presence of crossing, kissing, fanning, and other irregular WM ge-
ometries within a voxel, which reduce the FA by inducing a higher de-
gree of orientation dispersion (Alexander et al., 2001; Nilsson et al.,
2012). Thus, the utility of FA as a biomarker in regions of complex
WM architecture is impeded because it entangles multiple effects into
a single value. Although frequently overlooked, this is not an idle theo-
retical issue but has practical consequences. For example, elevated
values of FA have been found in crossing fibers in patients with
Alzheimer's disease (Douaud et al., 2011; Teipel et al,, 2014). This seem-
ingly counter-intuitive result is explained by the selective damage to
one of the fiber populations in the region (Douaud et al., 2011), resulting
in reduced orientation dispersion and thus elevated FA. It is also worth
noting that FA is an intrinsically poor biomarker in gray matter (GM)
due to the high orientation dispersion of neurites in the cortex
(Shemesh and Cohen, 2011). Thus, reliable use of FA may be confined
to regions of highly coherent WM (De Santis et al., 2013), which is esti-
mated to account for less than 10% of the total white matter of the
human brain (Vos et al., 2012). This has prompted the search for
methods that accurately model microscopic changes in complex neural
tissue.

It has been shown that the effects of orientation and restriction can
be disentangled by extending the conventional single pulsed-field-
gradient (sPFG) experiment (Stejskal and Tanner, 1965) to include dou-
ble, or multiple, pulsed-field-gradients (dPFG and mPFG, respectively)
(Mitra, 1995). In dPFG experiments information can be derived from
the dependence of the signal amplitude on the angle between two suc-
cessive encoding blocks. Several methods have been proposed for the
quantification of microscopic anisotropy from such data. To this end,
Lawrenz and Finsterbusch (2013) used a fourth-order tensor parame-
terization suggested by Lawrenz et al. (2010) to map the microscopic
diffusion anisotropy in human white matter in vivo. Jespersen et al.
(2013) developed a rotationally invariant dPFG encoding scheme and
mapped the microscopic anisotropy in an excised monkey brain in
terms of the fractional eccentricity.

Recently, Lasic et al. (2014) formulated a framework for the quanti-
fication of microscopic diffusion anisotropy and orientation dispersion
in terms of the microscopic fractional anisotropy (UFA) and order pa-
rameter (OP), respectively. These parameters were derived from the
contrast between the signal acquired in diffusion weighting (DW) ex-
periments that used conventional diffusion encoding as well as isotropic
encoding based on magic angle spinning of the g-vector (qMAS)
(Eriksson et al., 2013). Briefly, magic angle spinning is an established
NMR spectroscopy method where a sample is rotated around its own
axis at a specific angle relative to the By-field to minimize the influence
of chemical shift anisotropy on the observed NMR spectrum. In qMAS,
harmonic gradient modulation is used to create a g-vector that per-
forms a precession at the magic angle in order to exert equal diffusion
encoding in all spatial directions while the sample remains stationary.

Although isotropic encoding can be achieved by combining multiple
trapezoidal encoding blocks (Butts et al., 1997; Wong et al., 1995), the
qMAS technique offers a time efficient gradient modulation scheme
(Topgaard, 2013). The qMAS-encoded signal attenuation becomes inde-
pendent of contributions from anisotropic diffusion, and is sensitive
only to the rate of isotropic diffusion (Eriksson et al., 2013). As a
proof-of-principle, Lasic et al. (2014) implemented the qMAS technique
on a NMR spectrometer and a clinical scanner, showing that microscop-
ic anisotropy could be detected in phantoms that contained ordered and
disordered anisotropic micro-domains.

In this work we performed the first in vivo experiments using qMAS
diffusion encoding, and we parameterize the microscopic anisotropy of
the human brain based on the framework presented by Lasic et al.
(2014). We also demonstrated the feasibility of quantifying microscopic
anisotropy in a clinical setting by using it to infer information on tissue
structure in two types of brain tumors. Finally, we compared the results
to simulated data to elucidate how the measures of anisotropy respond
to various changes in micro-architecture, and expanded on the possibil-
ities to use this novel method in clinical research to access information
that is unavailable when using conventional methods.

Theory

In conventional DTI, the diffusion on the voxel scale is assumed to be
Gaussian and is described by a rank-2 tensor (D) (Basser et al., 1994).
The same description can be employed at a sub-voxel scale; meaning
that each coherent segment of the underlying microgeometry can be
considered as a domain in which the diffusion is Gaussian and de-
scribed by a domain diffusion tensor (Dy). The voxel scale tensor
can be described as the average of all domain tensors, according to
Eq. (1)

D = (Dy), M

where D = Dy only when the voxel contains identical domains that
are perfectly aligned. In all other cases D will depend on the distribu-
tion of domain tensor eigenvalues, and their orientation (Fig. 1).
Here, we denote objects pertaining to microscopic domains by a sub-
script ‘k’. Consider three common parameterizations of D: the mean
diffusivity (MD), the variance of the diffusion tensor eigenvalues
(Vy\), and the fractional anisotropy (FA), defined in Egs. (2), (3),
and (4) respectively (Basser and Pierpaoli, 1996)

MD = #(D) = TréD) , (2

Vy = g(D) = Var(Eig(D)), ©)
1

3 MD2\ 2 4

FA = A(MD,V;) = E'(”TJ )

Note that #(Dy), ¢(Dy) and £(MDy, V) vield the correspond-
ing parameters for a single domain, denoted MDy, V, x and FAy, re-
spectively. From Eq. (1) to Eq. (4), it is clear that the FA represents
the amount of microscopic anisotropy that persists to the voxel
scale and is determined by the coherence of the domain orientations
(Westin et al., 2002). To circumvent this dependency, Lasic et al.
(2014) suggested a method to measure the microscopic anisotropy
in terms of the microscopic fractional anisotropy (uFA). Conceptual-
ly, in a system of identical and parallel domains the diffusion
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Fig. 1. Schematic examples showing the effects of tensor averaging. The top row shows individual domain tensors (D) in the voxel volume, and the bottom row shows the corresponding
voxel tensors (D) in tissue containing coherent, bending, random and isotropic domains. In this example, the domains in panels A, B and C have FA, = 0.8, while FA, = 0.0 in panel D.
Effects of averaging across multiple orientations are seen in the shape of the voxel scale tensors. Note that FA cannot distinguish between randomly oriented anisotropic domains

(C) and isotropic domains (D) since it is zero in both cases.

anisotropy of each domain will persists to the voxel scale, rendering
FA = PFA = FA (Fig. 1A). By contrast, randomly oriented domains
exhibit isotropic voxel scale diffusion, rendering FA = 0, however,
the microscopic anisotropy is unaffected by the orientation disper-
sion and thus pFA = FA, (Fig. 1C).

It should be clear that individual domains cannot be probed directly
using conventional DTI. Instead, the microscopic anisotropy can be in-
ferred from the amount by which the diffusion weighted signal deviates
from monoexponential attenuation, commonly referred to as the diffu-
sional kurtosis (Jensen et al., 2005). However, kurtosis is not specific to
microscopic anisotropy since it is also sensitive to the presence of mul-
tiple diffusion coefficients. Further, Mitra (1995) showed that these two
effects cannot be distinguished in a conventional sPFG experiment, but
that it could be done using dPFG experiments. Here, we separate the
two effects by using the contrast between conventional and isotropic
diffusion encoding (LasiC et al., 2014). The concept is understood by
considering the MR signal (S) as a function of the magnitude of diffusion
encoding (b), and the distribution of diffusion coefficients (P), according
to Eq. (5)

Sn(b) =S, / P(DN) - e~"PdD, (5)
0

where P(D|N) reads as the probability distribution of diffusion coeffi-
cients when employing the encoding tensor N, and D = N : D, where *’
denotes the double inner product. The encoding tensor is introduced
to facilitate the analysis of both conventional and isotropic encoding
(Westin et al., 2014). Conventional diffusion encoding is anisotropic,
i.e, the diffusion sensitizing gradient is employed in one specific direc-
tion n, where n = [ny ny n,]" and |n| = 1. The corresponding encoding
tensor is defined as N = nn" (3 x 3 matrix with a single non-zero eigen-
value), and the b-matrix is given by B = b - N (Basser et al,, 1994).

For low to moderately high b-values, the signal described in
Eq. (5) mainly depends on the expected value and the variance of
the distribution of diffusion coefficients. The expected value, or
first moment, of P is reflected in the initial slope of the signal atten-
uation, and is equal to the apparent diffusion coefficient in the

direction defined by N, according to ADC = E[P(D|N)]. The variance,
or second central moment, of P is reflected in the departure of the signal
attenuation from monoexponentiality, and is related to the apparent
diffusional kurtosis (K) mapped in DKI, such that Var(P(D|N)) =
K - ADC?/3 (Jensen et al., 2005).

The dependence of the distribution of diffusion coefficients on N is
essential to understanding the calculation of the microscopic anisotro-
py. We highlight this dependence by considering an ideal system that
contains an ensemble of anisotropic domains that are randomly orient-
ed and axially symmetric, i.e., the system is rotationally invariant and all
domain tensors are defined by two eigenvalues. This system is aniso-
tropic on the microscopic scale, but isotropic on the voxel scale, hence
FA = 0. However, the microscopic anisotropy can be recovered from
the variance of the distribution of diffusion coefficients reflected in the
departure from monoexponential signal attenuation. In the ideal sys-
tem, the average variance of the domain tensor eigenvalues ((Vyx)) is
related to the variance of the distribution of diffusion coefficients (V,)
according to Eq. (6)(Lasic et al., 2014)

(V) =2v,, ®

where V, = Var(P(DIN)). The subscript ‘a” indicates that the variance is
induced only by the presence of anisotropy. The microscopic fractional
anisotropy is defined by substituting Vy in Eq. (4) with the right hand
side of Eq. (6), according to Eq. (7)(Lasic et al., 2014; Topgaard and
Lasi€, 2013)

5 3 MD2
WFA = ﬁ(MD,EVa) = {1+

™

5
7V

The definition in Eq. (7) was originally suggested by Topgaard and
Lasi¢ (2013), but an analogous parameter, the fractional eccentricity
(FE), was independently developed by Jespersen et al. (2013). Note
that the pFA and FE differ only by a constant factor such that pFA =
\/3/2 - FE (Jespersen et al., 2014a,b; Lasit et al., 2014).
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Applying Eq. (7) to an ideal system is able to perfectly describe the
FA as an analog to FA that is not sensitive to the effects of orientation
dispersion (Fig. 1). However, assumptions made in the ideal system
may not be valid in biological tissue. In such cases, the UFA can still be
quantified by relaxing the demands of the ideal system and compensat-
ing for the introduced error. Here we consider departure from rotation
invariance, and the presence of multiple sources of variance.

Rotation invariance can be achieved by constructing the powder av-
erage of the signal and is required in systems that exhibit residual an-
isotropy (FA > 0). The powder average is the arithmetic average of the
signal across multiple rotations of the diffusion encoding gradients,
and will render a signal that is insensitive to rotations of the object.
Here we denote the powder averaged signal and distribution function
as S and P, respectively. Note that the expected value of the powder av-
eraged distribution yields the mean diffusivity, i.e., (P(D|N)) = MD.

Variance in the distribution of diffusion coefficients can be a conse-
quence of both anisotropy and presence of multiple isotropic compo-
nents. This is relevant for the evaluation of Eq. (7) where only the
variance arising due to the presence of microscopic anisotropy is consid-
ered. Thus, in cases where all domains cannot be assumed to have equal
isotropic diffusivity, i.e., the domains have different MDy, the contribu-
tion to total variance (V;) from isotropic components (V;) must be quan-
tified and removed, according to Eq. (8)

V,=V,=V;. 8)

To calculate V, according to Eq. (8) we must find an independent
means of measuring V, and V;. We know from DKI that V; can be quan-
tified by performing a conventional diffusion experiment, according to
V¢ = Var(P(D|N)). Since P is affected not only by the underlying micro-
environment, but also by the shape of the encoding tensor, V; can be
quantified by employing isotropic diffusion encoding that is designed
to exert equal encoding strength in all spatial directions in a single prep-
aration of the signal. We define the isotropic encoding tensor (I, 3 x 3
matrix) as one-third of the identity matrix so that all its eigenvalues
are equal, and Tr(I) = 1. This mode of encoding is insensitive to the do-
main orientations, and if the diffusion is approximately Gaussian, it is
rotationally invariant and independent of microscopic anisotropy.
Note that when isotropic encoding is used, P and P are interchangeable
since I has no defined direction. For isotropic encoding the signal in
Eq. (5) is a function of P(D|I) which denotes the distribution of domain
mean diffusivities since I: D, = MDy. The remaining variance is due to
heterogeneous domain mean diffusivities, and is defined as V; =

P(DI1)
MD
£ I
3
2
g
2
2
'
0 1 2 -1
D [pmzlms]

R(D)

AD [pmzlms]

Var(P(DII)). In summary, anisotropic and isotropic diffusion encoding
at sufficiently high b-values can be used to quantify V; and V;, respective-
ly. The pFA can then be calculated according to Eqgs. (7) and (8).

Finally, we note that the interpretation of V, in Eq. (8) is valid if the
two probability distribution functions are related in terms of a convolu-
tion, according to P(D|N) = R(D)®P(DJI) (see Fig. 2), where R(D) is the
anisotropy response function and V, = Var(R(D)), according to proba-
bility theory and the arithmetic of random variables. Thus, the analysis
assumes that the variance of the anisotropy response function is equal
for all domains. This assumption may be invalid, for example, in mix-
tures of WM and CSF where the anisotropy response functions are ex-
pected to be markedly different. The effects of such unfavorable
conditions on the validity of uFA calculations are investigated in the
Simulation experiments.

Methods
Imaging protocols

Data was acquired using a Philips Achieva 3T system, equipped with
80 mT/m gradients with a maximum slew rate of 100 mT/m/ms on axis,
and an eight channel head coil.

The in vivo experiment was designed to evaluate the validity of
the PFA model and was therefore acquired using a high b-value sam-
pling rate, employing ten equidistant b-values between 100 and
2800 s/mm?. Thereby, the sequence was limited to five image slices.
Each set of data (one set per subject) contained images prep