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Diffusion MR imaging acquisition and analytics for
microstructural delineation in pre-clinical models of TBI
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1UCLA Brain Injury Research Centre, Department of Neurosurgery, University of California at Los
Angeles, Los Angeles, CA 90095

2UCLA Intellectual Development and Disabilities Research Center, David Geffen School of
Medicine, University of California at Los Angeles, Los Angeles, CA 90095

Abstract

Significant progress has been made toward improving both the acquisition of clinical diffusion
weighted imaging (DWI) data and its analysis in the uninjured brain, through various techniques
including a large number of model-based solutions that have been proposed to fit for multiple
tissue compartments, and multiple fibers per voxel. While some of these techniques have been
applied to clinical traumatic brain injury (TBI) research, the majority of these technological
enhancements have yet to be fully implemented in the pre-clinical arena of TBI animal model-
based research. In this review we describe the requirement for pre-clinical, MRI-based efforts to
provide systematic confirmation of the applicability of some of these models as indicators of tissue
pathology within the injured brain. We review how current DWI techniques are currently being
used in animal TBI models, and describe how both acquisition and analytic techniques could be
extended to leverage the progress made in clinical work. Finally, we highlight remaining gaps

in the pre-clinical pipeline from data acquisition to final analysis that currently have no real,
pre-clinical-based correlate.

Keywords
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Introduction

The field of magnetic resonance (MR) imaging has had an enormous impact in a large
number of clinically-related central nervous system disorders, and traumatic brain injury
(TBI) is no exception. Clinical research related publications involving TBI number over a
thousand since 1993 and are increasing year after year. Given that white matter pathology
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is a hallmark of brain injury, it is no surprise that diffusion weighted imaging (DWI) has
gained wide acceptance as the MR sequence to use for assessing the degree and extent of
fiber tract pathology and microstructural disturbance. At least 440 clinical publications make
use of some form of DWI as a dependent variable in studies since 1993. Clearly, imaging
has become a cornerstone for TBI clinical research and as such, preclinical work has led the
field in these endeavors, with the first DWI application in the stroke injured cat (Moseley
et al. 1990). However, with the advent of parallel imaging capabilities through advances

in computation power and improvements in radiofrequency coil design, together with the
movement of clinical studies to high field systems such as 3 tesla and now increasingly

to 7 telsa MRI scanners, increasingly complex data can now be obtained from clinical
research subjects. In terms of scale of data acquisition and MR hardware, one could argue
that the preclinical field may be in danger of becoming less relevant. However, given the
multifactorial approaches that preclinical experimental designs can encompass within the
same animal in addition to imaging, the potential achievements obtainable through the
very richness of the data, can very easily outpace even the most radically-designed clinical
study. Indeed, the increasing commonality of small animal, high field systems at 11Tesla
and above, as well as the availability of benchtop MRI systems that require minimal local
infrastructure, indicate that we can expect even more from preclinical imaging in the future
to help advance the field. This is especially true for the development of new diffusion
models that require additional ex vivo techniques such as histology, to confirm the tissue
structure that the models predict.

In this brief review we will discuss the need for the continued development of MRI
acquisition methods for preclinical imaging in TBI research, and in particular for DWI to
match the level of refined analytics currently possible in clinical research data. We layout an
idealized pipeline for robust DWI data acquisition, and a typical approach that may provide
a systematic analysis of group level changes unbiased by brain region. We highlight areas
of research that require improvement in hardware or sequence design in order to offer the
potential for access to the most innovative parameters with which to interpret underlying
TBI pathology. This review is by no means either an introductory text on DWI or an
exhaustive analysis of published work- for that the reader is directed elsewhere to the many
excellent reviews on those topics.

Preclinical DWI imaging for identification of tissue pathology after TBI- a

brief history

Preclinical studies that have utilized DWI in some form to detect TBI-related pathology
number 145 publications since 1994. The early studies were largely performed on the rat
after either controlled cortical impact (CCI) or fluid percussion injury (FPI), and used
diffusion weighted imaging to derive the apparent diffusion coefficient (ADC) of water and
the trace of the diffusion tensor, a directionally-averaged DWI computed from the major
gradient vectors as early probes of tissue microstructure (Hanstock et al. 1994; Ito et al.
1996; Alsop et al. 1996). These first studies identified regions of decreased ADC after
injury that occurred in areas distinct from regions of increased T2, indicative of vasogenic
edema. With the advent of faster hardware and new sequence designs that enabled the use
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of echo planar imaging (EPI), experiments were able to proceed with the acquisition of
dense image arrays that encoded many more diffusion vector matrices in a smaller amount
of time. Present day studies are typically able to capitalize on the extra directionally-encoded
diffusion information by fitting the data to a tensor model to derive the tensor indices:
fractional anisotropy (FA), axial, radial and mean diffusivity (AD, RD, MD). A mouse

CCl injury was one of the first studies to take advantage of that (Macdonald et al. 2007),

in which it was shown that the DTI scalar indices reliably detected abnormalities in the
corpus callosum when compared to classical B-amyloid precursor protein histology. This
was followed-up by publications using the blast injury model (Rubovitch et al. 2011) and
repeat injury model (Bennett, Donald, and Brody 2012), and then more recently the FPI
model (Wright et al. 2017). The diffusion kurtosis model (Jensen et al. 2005), an extension
of the tensor fit of DWI data, models the non-Gaussian diffusion presumed to occur due to
the presence of tissue microstructural barriers. This has shown to be especially sensitive to
gliosis after TBI clinically (Stokum et al. 2015) and after CCl injury in the rat (Zhuo et al.
2012). However, numerous other types of pathology can result in changes in kurtosis, so that
the parameters derived from the fit are not solely a marker of gliosis.

Image Acquisition

Until relatively recently the vast majority of preclinical DWI studies used 2-dimensional,
EPI mode to acquire the data in one or multiple shots to cross image k-space. This is

most often paired with the acquisition of data using one ‘b shell’, or gradient-induced,
diffusion-weighting, and around 30 directionally encoded diffusion directions organized in
a collinear fashion around a sphere in order to accurately determine the primary diffusion
vector within each imaging voxel. Using standard room temperature radiofrequency coils,
these types of data can take around 30mins to acquire in the rat for 30 vectors, and 50mins
in the mouse due to the need to acquire a greater number of averages to obtain enough
signal-to-noise (SNR) to accurately fit these data.

Image parameters can be varied depending on the questions being asked with the data.

For example, the diffusion weighting imposed by the gradient field - the b value, has

been modelled to show that it can be increased significantly to eventually null the signal
arising from the faster diffusion protons in the extra-axonal compartment (Assaf et al. 2004).
This ability to obtain images sensitized to water diffusion within single compartments was
estimated by fitting the fast decaying signal that occurs as b values increase, resulting

in signal that is likely to be specific to the intra vs extra-axonal compartments (Veraart,
Fieremans, and Novikov 2019). Similarly, the diffusion time (A), the time occurring between
the application of the diffusion-encoding gradients, provides a means with which to probe
microstructure based on the distance between barriers that hinder water diffusion. Longer
diffusion times probe larger spaces, with images bearing increased weighting toward free
diffusion, and possibly to exchange between compartments. Much smaller diffusion times
are of interest to provide sensitivity for obtaining signals arising from small structures such
as single axons. However, the very small size of axons in rodents, on the order of 0.5um
prevents currently implemented protocols and modelling schemes from providing this degree
of precision (Pyatigorskaya et al. 2014).
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The matrix size and the field of view of the 2-dimensional image plane, together with the
slice thickness will of course influence the amount of signal in each voxel. Any change in
image sequence parameters that result in smaller voxels will lower SNR per voxel. This will
negatively influence the estimation of the amount of signal-loss due to diffusion weighting,
and will also reduce the accuracy with which the primary diffusion direction within each
voxel is determined. On the other hand, if the question being posed is one of microstructural
changes, then small voxels may be required to probe tissue at higher spatial dimensions,

in which case signal averaging is required, which necessarily prolongs the imaging time. If
the question involves specific circuit analysis using tractographic interrogation of the brain
based on the primary diffusion vector in each voxel, then larger voxels will provide the most
accurate estimate of this, as long as each voxel is less than the size of the tracts of interest.

Finally, the number of shots used within the EPI sequence is entirely pertinent to the quality
of the data. Not only will more shots employed to cross k-space enable the use of lower echo
times, resulting in improved SNR if bandwidth is held constant, but the image distortions are
reduced which makes post-processing of data much easier, especially when considering the
accuracy for subsequent co-registration of data to a brain template. Of course, a caveat of
this method is the imaging time is extended by a factor of the number of shots. However, at
least in our hands we have successfully replaced some data averaging (nex=8) with four-shot
EPI (nex=2) and obtained good quality data with fewer geometric distortions to the brain,
even in areas close to the ear canals (Fig. 1).

One further improvement to reduce the impact of the static BO field interacting with small
local susceptibility fields due to the brain structure (presence of the ear canals, large dural
sinus etc.), and due to residual head movement, is to acquire either the BO field map or
images in which the phase direction is encoded with gradients of opposite polarity in order
to calculate the phase distortion inherent to the brain for offline correction of all DWI data.
Numerous schemes are available, with FSLtool’s TOPUP being the most widely implement
(Andersson, Skare, and Ashburner 2003; Smith et al. 2004). We have applied this to data
acquired with the phased-encoding left-to right and observed an improvement in the fitted
fiber-orientation data (Fig. 2). This correction has also been shown to be useful in spinal
cord imaging of the rat (Motovylyak et al. 2018).

The acquisition of data with isotropic voxel resolution is considered the optimal protocol for
obtaining data unbiased by anisotropic spatial resolution. Unfortunately, the signal averaging
required to achieve this in 2-dimensional imaging mode would result in unfeasibility long
scan times /n vivo, at least to acquire data with acceptable voxels dimensions with which

to interpret structure. Three-dimensional data acquisition schemes can be used in this regard
by reducing the imaging field-of-view through use of outer volume suppression to prevent
signal aliasing, resulting in scan times under 1hr for both rats and mice with the standard

30 diffusion vectors. One additional benefit of using 3D data acquisition is that the read-out
direction can be set to the longest axis of the brain — the anteroposterior direction which

not only restricts the time expensive phase-encoding to the shorter medial-lateral and dorsal-
ventral axis, but it allows much more brain to be covered in the same time as 2D imaging
accomplishes (Fig. 3).

J Neurosci Res. Author manuscript; available in PMC 2023 May 01.
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Despite use of proper head stabilization, acquisition of data gated to the time between
respirations can improve the quality of the data, with the limitation that scan times are
significantly lengthened. This is especially true in the mouse where residual subcortical
movement correlated to breathing may occur, despite there being no overall head movement.
However, this is often not desirable, especially when a neuroprotective intervention is being
studied after brain injury because most anesthetics, especially isoflurane, likely the most
widely-used agent in rodent research, provide significant neuroprotective effects (Statler et
al. 2006). In our own research we elect not to use gated acquisitions in order to obtain the
shortest possible scan times.

Image Analysis

The approach to the analysis of DWI data is not only complicated by the increasingly
complex array of sequences and computable indices that are available for probing tissue
micro-architecture, but by the nature of brain injury, which itself is not only heterogeneous
with regard to spatial variation within animal and within injured groups of animals or
patients, but also in regard to the different types of pathology that underpin the MR signal.
For example, hematomas are a common occurrence after brain injury and can be probed by
susceptibility-weighted approaches that are sensitive to the signal inhomogeneity produced
by paramagnetic deoxyhemoglobin (Immonen et al. 2009). However, the presence of iron
may confound the DWI signal since it may result in increased FA and lowered MD values
in the brain (Rulseh et al. 2013), and this will alter the interpretation of microstructure, and
possibly even tractography data.

A region-of-interest (ROI) approach to analysis is a simple, useful, and often very sensitive
method to use for image interrogation. This is true if prior or parallel knowledge from other
techniques exists that faithfully restricts the field of interest without spatial bias. This has
been used to great effect in neurotrauma research, and one might argue that this is the

most sensitive technique to detect group differences due to the often large variability in
injury severity and spatial extent of the injury. However, often there is no prior knowledge,
and no other data acquired in parallel on the same brain to provide a systematic, unbiased
basis for selection of ROIs. Group-wise analysis of data has become far more widespread

in recent years with the advent of more robust methods to co-register rodent data into the
same 3-dimensional space. By artificially expanding the image dimensions in the image
header by a factor of 10 or more, the majority of tools optimized for the human brain can
then provide a reasonable level of precision for co-registration of both rat and mice brains.
However, the very first step of any analysis pipeline that will permit good image registration
is the delineation of brain from extracranial tissues- i.e. brain extraction. Perhaps the most
widely used method to achieve this is the FSL brain extraction tool (BET) (S. M. Smith
2002). A rodent version of BET does exist which uses a stretched sphere or rugby ball shape
to begin the brain segmentation (Wood, Lythgoe, and Williams 2013), as well as the AFNI
suite program “3dSkullstrip” used with the flag “-rat” (Cox 1996), an iterative approach
from a masked template image using FSL BET (Crum et al. 2013), and the Rapid Automatic
Tissue Segmentation (RATS) (Oguz et al. 2014), among other programs. While many of
these programs work well for the naive rodent brain, injury imposes a serious confound

to the segmentation algorithms in use, so that more often than not manual intervention is
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required. This is one area which requires progress to enable faster data analysis. In our own
work, we have found that a combined rigid, affine and non-linear registration to a template
rodent head without prior brain extraction of either target or moving image, produces
acceptable brain masks in all cases, regardless of the severity of injury. While this approach
is computationally expensive and time-intensive, it does completely automate the procedure.

The next step in the analysis of the raw diffusion data begins with denoising in order

to correct for the non-Gaussian nature of the image noise which can bias the diffusion
measurements (Jones and Basser 2004). We use the method of local estimation of noise by
principle component analysis and random matrix theory (Meraart, Fieremans, and Novikov
2016). Also important is to correct for ringing artifact that arise due to sudden boundary
transitions in an image resulting in edge artifacts (Fig 4). We use the Unring code written

to deal with this (Kellner et al. 2016). The spatial alignment parameters derived from image
alignment for correction of movement between volumes are required to correct the diffusion
vectors used in the subsequent calculation of microstructural indices. Various schemes exist
for this within the major software distributions used to fit the data. Similarly, correction

of slice to slice errors within a volume is also warranted, as is the quality control of

the whole data set and replacement of slices containing artifacts using non-parametrically-
derived predictions, for example using FSL’s Eddy tool (Andersson and Sotiropoulos 2016;
Andersson et al. 2017; Andersson et al. 2016). As discussed earlier, if a field map or reverse
phase b0 data have been acquired, the data can then be corrected for susceptibility-induced
distortions at this point.

Numerous methods exist for delineation of group-wise-based microstructural deficits after
TBI, and FSL’s Tract Based Spatial Statistics (TBSS) software (Smith et al. 2006) is
routinely used in clinical research. It was shown to be useful for not only delineating
longitudinal changes in microstructure as indicated by changes in tensor indices after rat
CCl injury in adult rats, but also in showing regions that were hitherto unknown to be
involved in brain injury in this model (Harris et al. 2016). This data-driven, systems-level
pipeline approach to analysis (Fig. 4) can be highly beneficial to a study since the method
is unbiased to the operator. The confinement of the analysis to the center of the skeleton
of the white matter throughout the brain provides a relatively, statistically robust way to
conduct group comparisons by virtue of the relatively fewer multiple voxel comparisons
made when compared to a whole brain grey+white matter analysis. Despite this however,
it should be noted that the highly heterogenous nature of white matter injury after TBI
means that only the most conserved areas of injury among rodents within the group will be
detected by group-wise statistics. In addition, only those tracts that can be reliably aligned
will be included in the maps, while areas of gross damage that occurs in severe TBI will
lead to tract movement so that some tracts will not contribute. To some extent, this type

of analysis is aided by using covariates of interest to weight the analysis, for example

by injury severity. We have used T2-weighted data to compute tensor-based deformation-
based Jacobian metrics of brain atrophy and expansion and found that this enhances the
understanding of group-wise functional MRI statistics (Verley et al. 2018). As an alternative
or an additional approach, ROI-based methods may be required to fully characterize the
effects of injury and intervention.

J Neurosci Res. Author manuscript; available in PMC 2023 May 01.
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Clinical data pipelines generally produce brain images segmented by grey and white matter
and CSF. This information has been interleaved with tractography analysis to produce an
algorithm that constrains the path of fiber tract to the underlying anatomy using a set of
rules based on known anatomy — so called anatomically constrained tractography (Smith

et al. 2012). When paired with spherical-deconvolution-informed filtering of tractograms
(SIFT) to retrospectively prune fiber tracks globally in order to improve the fit between
fiber tracks and the underlying DWI data to achieve more biologically plausible data (Smith
et al. 2015b; Smith et al. 2015a). These techniques have been created specifically for the
human brain, yet they remain to be tested in rodent brains and in trauma. The requirement
of these techniques is obtaining tissue segmented brain images for input together with the
DWI data. Part of the problem in the rodent is obtaining the necessary accurate segmentation
of the brain which is difficult given the much lower amount of white matter compared

to human. With the increasing availability of tissue priors for rodents— i.e. probabilistic
images of tissue segmented from a series of rodent brains, the ability to automatically

and accurately segment T2-weighted images of the naive rodent brain is now relatively
straightforward. However, at least in our laboratory, segmentation of images from TBI
models is rather more complex and requires significant manual intervention. Clinically the
problem of segmentation and the automated delineation of brain lesions is being approached
using machine learning algorithms (Kamnitsas et al. 2017), and this is certainly an area that
needs to be applied to pre-clinical data to improve tractographical analysis. We have begun
to use these types of tractography analyses in the rodent in our work to derive fiber density
and connectivity data (Fig. 5 & 6). A variation of these connectivity techniques has been
applied to interpret the fluid percussion- injured rat brain (Wright et al. 2017), where the
computation of the apparent fiber density between regions was informed by the underlying
connectivity in a fixel-based analysis (Raffelt et al. 2012; Raffelt et al. 2015).

Modelling diffusivity

The diffusion image voxel is of course the signal-weighted average that arises from
multiple cell types and structures that exist all over the brain. In order to provide a more
accurate delineation of tissue microstructure, numerous model-based approaches have been
proposed to delineate compartments within the brain by virtue of the different diffusional
characteristics of proton spins. This has led to the ability to estimate the volume fraction

of compartments, a measure of neurite density (Sune N. Jespersen et al. 2007; Sune N
Jespersen et al. 2010), and axonal caliber (Assaf et al. 2008), so that when combined

with T1, short-T2 or other contrast methods useful for approximating myelin content, the
g-ratio of fiber-tracks can be derived (Campbell et al. 2018). In addition, models have
generally assumed a single fiber orientation per voxel, such as the single tensor fit of

the DWI signal, but 2 fiber models are now more commonplace in an attempt to address
the problem of fiber-tracking in regions of crossing fibers (Tournier et al. 2008). While

the subject of modelling diffusion signal has been extensively and recently reviewed, for
example (Jelescu and Budde 2017; Novikov, Kiselev, and Jespersen 2018), we include a
brief summary here limited to models that have been directly applied to TBI data. Not

only are many of these biologically meaningful variables derived by modelling the diffusion
signals controversial when computed from healthy brain data, but their derivation for use as
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indicators of pathology in brain trauma should be carefully considered in the absence of any
means for histologic assessment of ground truth.

One of the most widely used techniques for modelling the DWI signal is the 3-
compartmental based model of neurite orientation dispersion and density imaging (NODDI)
(Zhang et al. 2012). This technique has been applied to mild TBI where increased
intracellular volume fraction and reduced orientation dependent dispersion index were found
indicating greater neurite density and coherence of neurite orientation within white matter
(Churchill et al. 2017). However, application to more general cases of TBI, including more
severe injury, should be approached with caution since the large variation in structure and
water content may violate many of the assumptions of the technique, which are specific to
the normal brain. For example, NODDI is based on an implicit and pre-defined diffusivity
within each compartment, so deviations from this assumption can manifest as changes in
derived parameters if they are violated. In addition, the technique assumes a constant parallel
diffusivity over the entire brain, and the majority of preclinical and clinical TBI studies

have shown that not only is this to be altered spatially within the brain, but that it varies
with time post-injury. Given the complex pathology that occurs after TBI for example, the
propensity for axonal sprouting after injury (Harris et al. 2013) and the contribution of

the gliotic fibers to the principle eigen vector in pericontusonal areas (Budde et al. 2011),
cautious application of the technique should be used, ideally in preclinical models together
with more gold-standard histological approaches. However, it should be noted that fitting a
2-compartment model (Jespersen et al. 2007) to ex vivo DWI data of the CCl-injured rat
showed that MRI-derived neurite density was correlated to a histologically-derived neurite
density (Wang et al. 2013). In addition, another ex vivorodent study use the model free
approach of Q-space imaging to derive an entropy parameter reflective of tissue organization
to show that it was superior to FA for detecting reorganization (Fozouni et al. 2013). Finally,
compartmental modelling combined with estimating water exchange rates has also been
shown to be sensitive to compartment-specific diffusivity changes in the ex vivo brain after
TBI (Davoodi-Bojd et al. 2014).

acquisition time versus structural information

For all the promise of the diffusion modelling techniques to derive meaningful parameters
of complex tissue architecture, data for all these schemes do take a considerable amount

of time to acquire and therefore are unlikely to be feasible for all experiments. To this end
the double, or multiple-diffusion-encoded (DDE, MDE) techniques have been proposed, an
alternative to diffusion modeling of signal arising from single or multiple pairs of diffusion-
encoding gradients. This technique uses two or multiple sets of diffusion encoding field
gradients placed serially within the sequence resulting in a more sensitive probe of tissue
compartments, including compartment eccentricity, a deviation from spherical shape (Sune
Ngrhgj Jespersen et al. 2013a) or microscopic anisotropy as it is also known (Lawrenz,
Koch, and Finsterbusch 2010; Shemesh et al. 2016). Unlike FA derived from fitting

DTI data, the method proposes to reduce the confound that complex tissue architecture
introduces to FA measurements, through reducing the effects of orientation dispersion of
diffusion signal in each imaging voxel. A simulation study nicely showed that the DDE
technique is highly applicable to the diseased CNS, since DDE-derived indices performed
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better than DTI indices for complex and coherently arranged fibers, and to fibers simulated
to have a beaded structure consistent with injury (Skinner et al. 2015). The technique has
also been applied to the brain (Sune Ngrhgj Jespersen et al. 2013b), and has recently been
shown to be useful for detecting increases in apparent mean diameter of axons in the optic
tract after brain injury in the mouse (Komlosh et al. 2018), and for predicting functional and
histological outcome after spinal cord injury in rodents (Skinner et al. 2018).

Edema is an early and significant phenomenon after TBI and this can complicate not only
the modelling of the diffusion signal and tract based analysis (Pasternak et al. 2009), but
presumably the accuracy and usefulness of the tensor indices to indicate microstructure
after TBI. Modelling the free water from the diffusion signal associated with microstructure
has been shown to be more predictive of injury severity than conventional DTI measures,
specifically at chronic time-points using 4-b shell acquisition scheme (Motovylyak et al.
2018). Optimization of the free water elimination technique in the brain has shown that only
2-b shells are required (Hoy et al. 2014) so that it could be usefully applied after TBI.

Considerable progress has been made in clinical application of diffusion imaging at both
acquisition and analytic levels. However, the majority of studies have been applied to the
normal brain, and there remains considerable progress to be made to understand how best
to model the spatially and longitudinally varying pathology that occurs in the traumatically-
injured brain. Simulation studies of diffusion parameters and pathology in traumatic injured
CNS reiterate the very complex, multi-compartmental structure of the brain that influences
all DWI-derived parameters (Skinner et al. 2015; Chanpimol et al. 2017)and prompt further
evaluations for determining the diagnostic and predictive accuracy of such markers, such

as after spinal cord injury (Skinner et al. 2018). Pre-clinical models of TBI are ideally
suited to determining the suitability of model-based and model-free solutions for deriving
parameters of tissue microstructure from the diffusion signal from within the complex tissue
pathology that occurs in this disease. While the ability to obtain multiple acute and chronic,
longitudinal datasets from each animal is a significant advantage over clinical work, it is
the unrivaled ability to obtain parallel data together with end-point, detailed histology that
is the most important benefit of preclinical research for interpreting /n vivo markers of
pathology. To leverage this advantage, the preclinical MRI field must continue to apply the
technologically advances made in DWI data analytics in order to help guide the use of new
biomarkers for the delineation of pathology in the injured brain.
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Significance Statement

Magnetic resonance diffusion imaging of the brain has become a primary tool with
which to identify regions of pathology, chiefly axonal injury that occurs subsequent

to a traumatic brain injury (TBI). While there has been significant progress made in
clinical-based research work in the normal brain that is now beginning to be applied to
clinical TBI research, there remain gaps in how pre-clinical research is conducted. We
highlight areas of pre-clinical research that use diffusion imaging that require further
progress to be able to fully validate the continuing advancements made in the clinical
field.
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Fig. 1.
Effect of the number of echo planar shots to cross k space on image shape in 2-dimensional

DWI data. [A] A single versus [B] 4 shots were used to compute fractional anisotropy maps
from a naive rat brain. Nex=8 and 2 respectively, all other acquisition parameters were kept
constant. Imaging time and DWI SNR was ~13mins/44:1 and 28mins / 74:1 in 1- vs 4-shot
respectively.
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Fig. 2.

Efgfect of phase distortion correction on fitted fiber-orientation directions (FODS) in
representative DWI data of a naive, adult rat brain comparing uncorrected [A, C and insets
A’, C’, D’] versus phase-corrected images [B, D, and insets B*,C”,D”]. Images colors
indicate directional-encoded information of the primary diffusion vector or FOD, computed
from the tensor and represented by X (red), Y (green) and Z (blue) primary movement of
protons. There is greater primary vector water directionality after phase correction [A vs B
and inset A’ vs B’] as indicated by larger, single FOD lobes in corpus callosum, anterior
commissure, and in mixed grey/white matter regions (white arrows). Similar findings occur
in the more posterior corticospinal tracts and adjacent grey/white matter [C vs D, and
insets C’ vs C”, and D’ vs D”]. Data were fitted using spherical constrained deconvolution
implemented in MRtrix3 (J. D. Tournier et al. 2004).
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Fig. 3.
Axial, sagittal and coronal fractional anisotropy images computed from DWI data acquired

by [A] two- and [B] three-dimensional protocols from the naive adult rat (single shell of 30
directions for both, but b=1000 and 2800 S/mm2, respectively) and 4 bOs. Although both
data were acquired in ~30 mins, a greater antero-posterior brain coverage results from 3D
acquisition and with high spatial resolution (2D= 234x234x750um compared to 250um3
isotropic for 3D).
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Systems level approach to determining differences in connectivity in the rodent brain after
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of diffusion tensor indices fractional anisotropy (FA), axial, radial and mean diffusivity (AD,
RD, MD), tensor mode (MO), fiber track density (FTD).
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Fig. 5.
In vivo mouse diffusion imaging. Spin echo, DWI 3D isotropic data from a single, adult,

naive mouse were acquired using 0 and 3000s/mm2 B values and were fit by constrained
spherical deconvolution [A], processed by spherical-deconvolution-informed filtering of
tractograms [B], used for computation of tract-density images [C], and processed for
homotopic sensory-motor cortex connectivity using seed-based analysis [D]. Colors in [A
and B] are red, green, blue=x, y, z direction of fiber tracts, respectively.
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Direction

Fig. 6.

Ingvivo rat brain structural connectivity in a [A,B] naive and [C,D] injured rat at 4wks post-
injury showing fiber-tract direction [A,C] and number [B,D] overlaid on a map of fractional
anisotropy. Spin echo, DWI 2D data were acquired from a [A,B] single, adult naive and
[C,D] an injured rat injured by controlled cortical impact and studied at 4 wks post-injury.
Data were acquired using 0 and 1000s/mm2 B values and were fit by constrained spherical
deconvolution, registered to a rat brain atlas containing 148 parcellated regions, in order to
compute the rodent structural connectome. Data are shown as grey nodes (brain regions,

no units) and edges where the color [A,C] indirects direction of the tract and [B,D] the
number of fiber tracts between regions (color scale 1-80). Data show obvious decreases in
connectivity in the primary, cortical injury region and at the level of the thalamus (hatched
circle area).
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