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ABSTRACT:

We present a pipeline to quantify biomechanical environment of the brain using solely MRI-
derived data in order to elucidate the role of biomechanical factors in neurodegenerative disorders.
Neurological disorders, like Alzheimer’s and Parkinson’s diseases, are associated with physical
changes, including the accumulation of amyloid-f and tau proteins, damage to the cerebral
vasculature, hypertension, atrophy of the cortical gray matter, and lesions of the periventricular
white matter. Alterations in the external mechanical environment of cells can trigger pathological
processes, and it is known that AD causes reduced stiffness in the brain tissue during degeneration.
However, there appears to be a significant lag time between microscale changes and macroscale
obstruction of neurological function in the brain. Here, we present a pipeline to quantify the whole
brain biomechanical environment to bridge the gap in understanding how underlying brain changes
affect macroscale brain biomechanics. This pipeline enables image-based quantification of
subject-specific displacement field of the whole brain to subject-specific strain, strain rate, and
stress across 133 labeled functional brain regions. We have focused our development efforts on
utilizing solely MRI-derived data to facilitate clinical applicability of our approach and have
emphasized automation in all aspects of our methods to reduce operator dependance. Our pipeline
has the potential to improve early detection of neurological disorders and facilitate the
identification of disease before widespread, irreversible damage has occurred.
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1. INTRODUCTION

Neurological disorders, like Alzheimer’s Disease (AD) and Parkinson’s Disease, affect the
nervous system and can cause a range of cognitive issues, including impaired memory, decreased
cognition, confusion, language deterioration, and emotional apathy. These neurological symptoms
have been associated with a number of physical changes including the accumulation of amyloid-3
and tau proteins, damage to the cerebral vasculature, atrophy of the cortical gray matter, decreased
global brain volume, and lesions of the periventricular white matter[1]. These neurological
disorders manifest as slow, progressive diseases with underlying brain changes occurring decades
before the onset of symptoms in the case of AD[2]. The prevalence of neurodegenerative diseases
is high, with Alzheimer's disease alone affecting 6.7 million Americans over the age of 65 in 2023
and projected to rise to 13.8 million by 2060[2]. Therefore, understanding the nature and
progression of neurological disorders is essential for developing effective treatments and
interventions to improve patient outcomes.

The amyloid cascade hypothesis[3] proposes that neurodegenerative diseases, including AD, are
caused by the accumulation of amyloid-beta peptides in the brain; however, this hypothesis has
been challenged by recent research and found limited support in patient outcomes[4—6].
Alternatively, the vascular dysfunction hypothesis for the development of AD [7,8], posits that
vascular dysfunction plays a central role in neurodegeneration. Hypertension has been shown to
compromise the structural and functional integrity of the cerebral microcirculation, promoting
microvascular rarefaction, cerebromicrovascular endothelial dysfunction, and neurovascular
uncoupling[9—11]. These alterations impair cerebral perfusion and promote neuroinflammation
and exacerbation of amyloid pathologies. Therefore, hypertension is a leading modifiable risk
factor for developing neurodegenerative conditions[12,13].

Periventricular white matter lesions have been closely associated with both mid-life
hypertension[14—16] and AD[17,18]. These lesions, also termed white matter hyperintensities
(WMH) for their hyperintense appearance on T2-weighted MRI, represent visible damage to the
brain and have been shown to be highly associated with preclinical AD[19]. WMH have been
associated with vascular dementia and are clinically used as a surrogate identifier of small vessel
disease[17]. The exact process by which macroscale WMH develop are not fully understood but
have been related to damage at the microscale including degeneration of the microvasculature,
axonal loss, demyelination, gliosis, loss of ependymal cells, increased pulse wave speed, and
arterial stiffness[20-23].

The mechanical properties of cells, and forces acting on them, are critical for regulating cellular
functions and behaviors — including division, programmed death, and regeneration or
pathogenesis[24]. The cells that comprise the ultra-soft human brain tissue are exposed to a variety
of physical forces during maturation and aging that can alter their underlying composition and
dynamics[13]. AD reduces the stiffness of brain tissue during degeneration[25,26], and may
contribute to cognitive impairment due to the negative impact on the regeneration of synaptic
contacts[24,27,28]. Chandran et al. 2019[29] and others have theorized that altered tissue
mechanics can contribute to calcium dysregulations and thus alter the electrophysiological
properties of neurons[24,30,31]. It has even been observed that specific alterations in the
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mechanical properties precede anatomical changes at the macroscale— specifically the
viscoelasticity of the brain tissue decreases by ~0.75% per year while brain volume decreases at a
rate of ~0.23% per year[24,32]. Thus, understanding the communication between these spatial
scales could be crucial in improving early detection of the disease.

MRI is frequently used to assess brain structure and health by observing tissue abnormalities via
T1-weighted sequences or fluid edema, inflammation, demyelination, and WMH via T2-weighted
sequences. Although structural MRI is useful in providing static snapshots of the brain, there are
other sequences that allow for capturing a dynamic view of the brain over a given time period. One
such sequence is cine MRI which has been used to assess the flow of blood or cerebrospinal fluid.
This sequence was recently extended with a cine MRI post-processing method capable of
amplifying in-vivo brain motion by up to 25x, termed amplified MRI (aMRI)[33,34]. The primary
output of the aMRI pipeline is a displacement field that has three orthogonal displacement
directions stored at each voxel and resolved over multiple cardiac phases. This time-resolved
displacement field enables quantification of biomechanical quantities that may have predictive
value for neurodegeneration.

There are no known methods to reverse brain degeneration and the exact mechanisms of AD
progression are still not fully understood. Here we present a pipeline to elucidate how microscale
deficits affect macroscale brain biomechanics. This pipeline enables image-based quantification
of whole brain displacement fields to calculate subject-specific strain, strain rate, and stress across
labeled functional brain regions, thus allowing for the specification of local tissue properties. We
have focused on utilizing solely MRI-derived data to facilitate clinical applicability and have
emphasized automation in all aspects of our methods to reduce user dependence and increase
reproducibility.

2. METHODS

The overall goal of this work is to develop an automated method for subject-specific quantification
of whole brain biomechanics from MRI-derived data. The methodology described in the below
subsections is incorporated into the automated pre-processing mode of the pipeline developed in
this paper. Although flexibility is provided for users to manually conduct these steps, it is
recommended to utilize this automated pre-processing mode. Additional details and
documentation regarding the computational pipeline are available with source code at:
https://github.itap.purdue.edu/PurdueCFML/AMRI2Stress.

2.1 Subject selection
Data was obtained from 7 subjects (3 male, 4 female) aged 50-60. There is no available health
history information for these subjects.

2.2 MRI Protocol

We utilized cardiac-gated fast imaging employing steady-state acquisition (cine-FIESTA) with
1.2x1.2x1.2 mm resolution, and TR/TE 2.9/1 ms to obtain dynamic information about the
movement of the brain over the cardiac cycle. All scans were acquired using a 3T (Skyra, Siemens
Healthcare AG, Germany) MR imaging system with a 32-channel head coil at Icahn School of
Medicine at Mount Sinai, as similarly described in Abderezaei et al. 2022[35]. Structural T1
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images were acquired using MP-RAGE with 1x1x1 mm resolution and TR/TE: 2300/2.6 ms for
use in automatic segmentation and image registration.

2.3 Image Pre-processing

The aMRI technique developed by Terem et al. 2021 [33] was used to enhance cine-FIESTA
images to improve the accuracy of displacement field measurements. This method yields
temporally resolved T2-weighted images and amplified displacement field comprising between
16-31 time points over the cardiac cycle, depending on amplification parameters[33]. The
displacement values are stored for 3 orthogonal directions at each voxel and represent
displacements from the reference configuration (t=0) which is assumed to be at diastole[33]. In
this initial pipeline development work we are downscaling the amplified displacement values to
approximate values of brain motion described in literature, with the maximum displacement in the
brain over all orientations and time-points downscaled to 187 pm[36].

2.4 Image transformation matrices

Following the amplification process, the displacement and T2-weighted images are placed on a
grid that differs from that of the original images, which therefore requires a series of registration
steps. The T2-weighted scan is registered to the T1-weighted scans using a 6-parameter rigid body
registration with an “incorrectly oriented” searching function and a normalized mutual information
cost function in FSL FLIRT[37] (available at: https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/FLIRT) to
acquire the transformation for each grid. This transformation from post-amplification grid to
original image grid is then inverted using the Invert FLIRT Transform available in FSL FLIRT
XFM[37] to generate a transformation matrix. This inverses the grid transformation applied by the
3D aMRI pre-processing method by converting the 3D aMRI profiles to the subject-space using
the subject’s T2-weighted scan. More details on the image transformations can be found in
Supplementary material C.

2.5 Automatic segmentation

Image bias correction and automated brain extraction are conducted automatically using FSL
BET][38] (available at: https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/BET). Automated tissue classification
is performed using FSL FAST (available at: https://fsl.fmrib.ox.ac.uk/fsl/fsIlwiki/FAST) with the
following parameters: Markov random field (MRF) of 0.1, 7 bias field removal steps, and 3 labels:
1 = cerebrospinal fluid (CSF), 2 = gray matter (GM), and 3 = white matter (WM). The 3-label
segmentation is then transformed onto the grid of the displacement field by applying the FSL
FLIRT Transform matrix via the FSL FLIRT ApplyXFM command and reslicing to the
displacement field dimensions. Additionally, the automatic generation of 133-label tissue
classification has been added using the spatially localized atlas network tiles (SLANT) framework
described by Huo et al. 2019 (available at: https://github.com/MASILab/SLANTbrainSeg)[39].
The 133-label SLANT segmentation is also registered to the displacement field grid using the
previously obtained image transformation matrix and is used to parse the resulting stress and strain
distributions into quantifiable functional regions of the brain. These functional regions can be
easily expanded in this pipeline to allow for the specification of 133 label specific tissue properties
but was not utilized in the present study. More details on the segmentations can be found in
Supplementary material C.
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Figure 1: Simplified pre-processing pipeline schematic. T1-weighted scans are automatically bias corrected, skull stripped, and
classified by 3-tissue label segmentation using FSL. Transformations between displacement field image space and T1-weighted
image space are obtained using mutual information between the T1 and generated T2 images. Tissue segmentations are registered
to the displacement field grid using FSL. The displacement field is trimmed by the size of the segmentations and classified into
each label, then downscaled to published values for maximum brain displacement over the cardiac cycle[36].

2.6 Finite Strain Theory

All computations are performed on the subject-specific displacement field grid. The images, which
include extraneous data outside of the brain tissue volume, are trimmed by the total brain mask
from FSL FAST. There are two temporal modes available which allow the user to specify whether
to quantify the entire time-history or only 1 time-point, using either the greatest 90" percentile
displacement or 90" percentile strain to automatically select the time-point of interest for
evaluation of results.

Here we use the 3-label tissue segmentation to split the displacement field into each tissue region
(GM, WM, and CSF) for the specification of unique material properties to each domain. The
Green-Lagrange strain and Cauchy-Green stress tensors as well as optional estimates of von-Mises
strains and stresses are computed for each tissue type, using finite strain theory under the Eulerian
formulation. Specifically, we utilize the isotropic, compressible Mooney-Rivlin hyperelastic
constitutive law [40,41] for both white matter and gray matter:
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W=§(1}—3)+K<’%‘1—§lnu)> (1)

where W is the isotropic, compressible Mooney-Rivlin estimation of strain energy density
formulated according to Giordano et al. 2017[42], G and K are the shear and bulk modulus
respectively, J is the determinant of the deformation gradient, and I; is the first invariant of the
isochoric Cauchy-Green strain tensor.

The material constants used for the current study are provided below in Table 1. The cerebrospinal
fluid domain has been neglected while focusing on the regions of white matter lesion formation in
the brain tissue.

Table 1: Isotropic Mooney-Rivlin Constitutive Law Parameters

Tissue Class G (kPa) K (kPa)
White Matter 0.624[43,44] | 5.00E4[42,45,46]
Gray Matter 1.10[47] 5.00E4[42,45,46]
Cerebrospinal 0.50 2.1E6[45,46]
Fluid

The mathematical framework from displacement field to stress is described briefly below and in
full detail in Supplementary material A. Firstly, the deformation gradient is computed as a
function of the subject-specific displacement fields (U), shown in Equation 2:

Fl=I1-vU 2)

The Green-Lagrangian strain tensor can be expressed as a function of the deformation gradient
(F) and the identity matrix, shown in Equation 3:

E=FTF -1 3)

The Cauchy stress tensor can be computed using the specified material model given by the strain
energy density of the given constitutive law (W), in addition to /, and F as shown in Equation 4.

o=-—"F" “4)

2.7 Post-processing

Several tissue-specific variables are computed automatically by the present pipeline, including
tensor representations or von-Mises estimations of displacement, strain, and stress for the white
and gray matter. Variables can be output as visualization toolkit (.vtk) or NIFTI (.nii) compatible
files for external visualization. Violin plots are generated to quantify the distributions of these
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variables over any specified region of interest, including those determined by the 133-label brain
segmentation as shown in Figure 4.

3. RESULTS

3.1 Biomechanical metrics distributions across subjects
Displacement, strain, and stress fields were computed over the cardiac cycle for each subject. The
maximum displacement over the cardiac cycle was fixed to 187 pum across subjects [36]. The
calculated von-Mises strain distributions demonstrated peak values of 1.28 + 0.65 % and show
clear spatial variations, with the highest strains generally concentrated in the periventricular white
matter (Figure 2) and lower strains around the cortical surface.

Intersubject variability in von-Mises Strain Profiles

Coronal Sagittal

-

Von-Mises Strain (mm/mm)

0
Figure 2: Axial slices of spatial distributions in von-Mises strain across subjects in the present cohort of healthy, middle-aged
volunteers. Peak values were threshold to 4% for inter-subject comparison.

Von-Mises estimates of the stress showed more localized high value regions (Figure 3). Peak
stress values are observed adjacent to the lateral ventricular walls and extending towards the outer
cortical surface. Subjects 2-5 demonstrated isolated regions of elevated von-Mises Stress along the
body of the lateral ventricles with only minor regions elsewhere in the tissue. Subject 1
demonstrated more sporadically distributed pockets of elevated von-Mises stress. When
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comparing against the strain fields from Figure 2, it appears that this subject had a qualitatively
different biomechanical environment than other subjects. The von Mises stress averaged across
the cohort of subjects was determined to be 5.27 + 6.63 kPa.

Intersubject variability in von-Mises Stress Profiles

Von-Mises Stress (kPa)

0
Figure 3: Axial slices of spatial distributions in von-Mises stress across subjects in the present cohort of healthy, middle-aged
volunteers. Peak values were threshold to 40kPa for inter-subject comparison.

3.2 Biomechanical metrics distributions across tissue regions

The 133-label segmentation provided by SLANT (Huo et al. 2019) allowed the mapping of
subject-specific biomechanical quantities to the functional regions of the brain. Thus, this pipeline
is capable of restricting analysis to the region of the brain where functional impairments are
observed to occur. In the case of vascular dementia, these include the 12 areas of the caudate, white
matter, hippocampus, pallidum, putamen, and thalamus proper shown in Figure 5. Violin plots of
strain and stress distributions are generated to visualize the variability across a given region, set of
regions, or set of subjects. For example, the left and right hippocampus exhibited group averaged
strains of 1.151+0.573% and 1.116+0.544% respectively. Subject-specific and group averaged
strains and stress values can be found in Supplementary material B.
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Figure 4: SLANT violin plots per location in 2 sample subjects showing the variations in distributions across individuals.

4. DISCUSSION

The biomechanics of the human brain under cardiac-driven loading has not been extensively
characterized and could hold vital information about underlying degenerative mechanisms. It is
evident that the maintenance of a healthy biomechanical environment in the brain is vital for
homeostasis and brain functioning[24]. Analyses of clinical data have correlated physical signs of
altered brain biomechanics to neurodegeneration, including white matter lesion presence[17],
alterations in tissue stiffness[26], and pulse wave speed[48,49]. Researchers have highlighted the
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need to expand the focus of studies of neurodegeneration on the mechanical processes
underpinning pathology in the brain[24,27]. This research presents our efforts to enable the
quantification of subject-specific biomechanical environment of the human brain under cardiac-
driven loading directly from MRI data.

We quantified strain, strain rate, and stress fields in a set of healthy volunteers using the
downscaled displacement fields reconstructed by aMRI. We computed average strains to be on the
order of 0.01276+0.00637 mm/mm globally in the brain across subjects (see Supplemental
material B). It is evident from the strain fields shown in Figure 2 there is an appreciable inter-
subject variability. Furthermore, each of the computed biomechanical quantities provided unique
information as visible from the variations in spatial distributions obtained for each subject (Figure
2), namely in the periventricular regions. Given that the aMRI processing method quantified whole
brain motion, the present pipeline include the movements of the cerebrospinal fluid-filled
ventricles. However, the contrast within the CSF system may be insufficient for accurate
estimation of displacement and thus we have excluded it from the current analysis. Future studies
could investigate the ability of this method to resolve fluid motion in comparison to concurrently
acquired flow imaging data.

The current pipeline utilized a simple 3-tissue model of the brain based on Mooney-Rivlin
isotropic material characterization. The segmentation of 133 functional regions using the SLANT
protocol developed by Huo et al. 2019 was added to this pipeline to enable neurological correlates
of each brain region. This enables relating biomechanical variables to WMH formation and other
functional impairments characteristic for each of these regions. The sample quantification shown
in Figure 4 highlights a set of functional brain regions that have been associated with
neurodegeneration including the caudate, hippocampus, pallidum, putamen, and others. The
evaluation of 133 functional regions also enables fine tuning the specification of material
properties. This degree of resolution may provide detailed information to understand the
underlying degenerative mechanisms, macroscale biomechanics, and potential neurological
outcomes.

All functionality of the present pipeline is based solely on MRI data to facilitate the clinical
application of these methods. Importantly, our finite strain theory implementation based on MRI-
derived displacement fields eliminates the modeling assumptions, simplifications, and
computational requirements associated with numerical modeling of brain biomechanics. However,
there are a few limitations that could be addressed in future studies. The data available at the time
of the study did not include diffusion-weighted MRI data, which could have provided structural
information about the orientation and distribution of white matter fiber bundles in the brain. This
information would enable the use of an anisotropic material model, such as the hyper-viscoelastic
fiber reinforced model described in Giordano et al. 2017[42,46] or the offset stretch model in Galle
etal. 2010[50]. Additionally, an extended material model accounting for white matter fibers would
allow for the characterization of axonal strain, which is a known parameter of interest in brain
biomechanics[51,52]. It is important to note that the specification of material properties for human
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brain tissue requires careful consideration of inter-subject variability, as researchers including Hall
2021 have observed large variation in parameters[24].

While the biomechanical variables are computed from subject-specific image data, the current
implementation of downscaling the amplified displacement field using literature values for
maximum brain displacement may reduce the fidelity of the model. To address this limitation,
algorithms are being developed to automatically scale displacements to in-vivo values on a subject-
specific basis. This work has focused on inputs from aMRI datasets but it is important to note that
the pipeline can be generalized for any displacement field input of similar dimensions including
magnetic resonance elastography to measure intrinsic brain motion[53]. The use of aMRI and
magnetic resonance elastography derived data represent two viable pathways for investigating the
biomechanical properties of the human brain.
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