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Abstract

Healthy brain aging involves changes in both brain structure and function, including alterations
in cellular composition and microstructure across brain regions. Unlike diffusion-weighted
MRI (dMRI), diffusion-weighted MR spectroscopy (dMRS) can assess cell-type specific
microstructural changes, providing indirect information on both cell composition and
microstructure through the quantification and interpretation of metabolites’ diffusion
properties. This work investigates age-related changes in the higher-order diffusion properties
of three major intracellular metabolites (N-Acetyl-aspartate, Creatine and Choline) beyond the
classical apparent diffusion coefficient in cerebral and cerebellar grey matter of healthy human
brain. Twenty-five subjects were recruited and scanned using a diffusion-weighted semi-
LASER sequence in two brain regions-of-interest (ROI) at 3T: posterior-cingulate (PCC) and
cerebellar cortices. Metabolites’ diffusion was characterized by quantifying metrics from both
Gaussian and non-Gaussian signal representations and biophysical models. All studied
metabolites exhibited lower apparent diffusivities and higher apparent kurtosis values in the
cerebellum compared to the PCC, likely stemming from the higher microstructural complexity
of cellular composition in the cerebellum. Multivariate regression analysis (accounting for ROI
tissue composition as a covariate) showed slight decrease (or no change) of all metabolites’
diffusivities and slight increase of all metabolites' kurtosis with age, none of which statistically
significant (p>0.05). The proposed age-trajectories provide benchmarks for identifying
anomalies in the diffusion properties of major brain metabolites which could be related to

pathological mechanisms altering both the brain microstructure and cellular composition.

1. Introduction

Healthy aging involves numerous and heterogeneous functional and structural changes in the

brain depending also on the considered anatomical region. For instance, in-vivo studies showed
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that the cerebellum presents slower age-related morphological changes compared to the
cerebral cortex (Liang & Carlson, 2020), possibly due to different microstructural properties.
Indeed, the cerebellum contains 60 to 80% of the total amount of neurons in the brain for only
10% of the brain mass (Colin et al., 2001; Wallge et al., 2014). Investigating the
neurobiological underpinnings of aging in the cerebellum is of interest as this structure projects
to the entire brain and mediates cognitive functions affected by aging (Manto, 2022). Age-
related changes have been shown in the cerebellum and cerebral cortices only at the
macroscopic level by in-vivo studies, whereas microstructural changes have been mostly
observed ex-vivo throughout life (Andersen et al., 2003), and in patients with diseases
progressing with aging (Grimaldi & Manto, 2013; R. J. Louis et al., 2014). These studies
showed different results, with loss of white matter (WM) up to 25% associated with loss of
Purkinje and Granule cells (Andersen et al., 2003; Arleo et al., 2024) and thinning of dendritic

trees of Purkinje cells (R. J. Louis et al., 2014).

Magnetic resonance imaging (MRI) studies have shown global macrostructural changes
(volume loss) of grey matter (GM) and WM in the brain with aging (Andersen et al., 2003;
MacDonald & Pike, 2021; Walhovd et al., 2005); cortical thinning in the cerebral cortex
(Sowell et al., 2004) with prefrontal and frontal cortices (alongside hippocampus) most affected
during aging (Jernigan et al., 2001); and loss of GM in the cerebellar cortex (Stalter et al.,

2023).

Diffusion-weighted MR imaging (dMRI) is a powerful and widely used imaging tool to
quantify human brain microstructure in-vivo and non-invasively (Alexander et al., 2019; Jones,
2010). Recent dMRI studies investigating variations of diffusion metrics with age observed a
significant increase of mean diffusivity and decrease of fractional anisotropy in the cerebral

cortex and subcortical regions (Helenius et al., 2002; Pfefferbaum et al., 2010; Raghavan et al.,
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2021; Schilling et al., 2022; Watanabe et al., 2013), while others remained inconclusive

regarding the cerebellum (Behler et al., 2021; van Aalst et al., 2022).

Although very sensitive to microstructural changes, dMRI cannot unambiguously inform on
changes in cellular composition due to the poor cell-type specificity of water molecules. In
contrast, diffusion-weighted MRS (dMRS) provides higher cell-type specificity (Cao & Wu,
2017; Ligneul et al., 2023; Palombo et al., 2016, 2017; Palombo, Shemesh, et al., 2018; Ronen
& Valette, 2015; Vincent et al., 2020), offering the opportunity to inform on alterations of both
cellular composition and microstructure with age, through the interpretation of measurements
of metabolite diffusion properties. Some of the major brain metabolites are purely intracellular
(e.g., N-Acetyl-aspartate, NAA; creatine, Cr, and choline compounds, tCho) and cell-type
specific (e.g., NAA mostly concentrated in neurons and tCho mostly concentrated in glia) and
can be used to infer compartment specific microstructural changes (Ligneul et al., 2019, 2023;
Palombo et al., 2016, 2017; Palombo, Ligneul, et al., 2018). A recent dMRS work showed that
the apparent diffusion coefficient (ADC) of five major intracellular metabolites (myo-Inositol
and Glutamate in addition to NAA, Cr and Cho) was faster in healthy older adults and depended
on brain region, suggesting region-specific alterations in the intra-cellular microenvironment
(Deelchand et al., 2020). However, it is still unknown how other informative diffusion
properties of brain metabolites diffusion beyond the ADC change with aging. For example, the
apparent diffusional kurtosis, a higher-order diffusion metrics that quantifies the degree of non-
Gaussianity, could inform on the effect of restrictions and hinderance imposed by the

microenvironment on the diffusion of intracellular metabolites (Jensen et al., 2005).

This work aims to fill this gap and provide first age-trajectories of higher-order diffusion
properties of major intracellular metabolites (total N-acetyl-aspartate, tNAA: NAA + N-acetyl-

aspartyl-glutamate, NAAG; tCho: glycero-phosphoryl-choline, GPC + phosphoryl-choline,
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PCho; and total creatine, tCr: Cr, + phospho-creatine, PCr) and to highlight potential
microstructural changes with age in the cerebral and cerebellar GM using dMRS. We focused
our investigation on cerebral and cerebellar cortices because of the role of cerebellum in
mediating cognitive functions which are affected by aging in the brain and its higher

microstructural complexity in contrast to cerebral cortex.

2. Material and Methods

2.1.Subjects

A cohort of twenty-five healthy adults consisting of 11 females and 14 males were recruited
for this study. The age range of the participants spanned from 25 to 80 years, with a mean age
of 50.2 years and a standard deviation of 20.2 years. Dividing the cohort into younger (<50
years) and older (>50 years) adults, we have 13 participants (6 females) with a mean age of
31.8 and a standard deviation of 7.1 years, and 12 participants (5 females) with a mean age of
70.2 and a standard deviation of 5.3 years, respectively. The healthy participant inclusion
criteria involve absence of neurotropic treatment, psychiatric disorders, and cognitive function
disorders. All subjects provided informed consent according to local procedures prior to the

study. The study was approved by the local ethics committee.

2.2.Data acquisition and processing:

dMRS data were acquired using a 3T Siemens Prisma scanner (Siemens Healthineers,
Erlangen, Germany) with a 64-channel receive-only head coil at the Paris Brain Institute
(Institut du Cerveau, ICM), France. Three-dimensional Ti-weighted magnetization-prepared
rapid gradient echo images (field of view, 256 (anterior — posterior) x 256 (foot — head) x 231
(right — left) mm?; isotropic resolution, 0.9 mm; repetition and echo time (TR/TE), 2300/2.08
ms; total acquisition time, 5 min. 17 sec. were acquired to position the spectroscopic region-

of-interest (ROI) and to perform tissue segmentation. Two ROIs targeting GM in the
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cerebellum and posterior-cingulate-cortex (PCC) were examined using a diffusion-weighted
semi-LASER sequence (Genovese, Marjanska, et al., 2021). The ROIs were defined as 5.3 cm?
(15x16x22 mm?) in the cerebellum and 8.0 cm? (20x20x20 mm?) in the PCC to maximize GM
volume fraction (above 70%) in both ROIs. Spectral data was recorded with a spectral
bandwidth of 3000 Hz and complex data points of 2048 at TE of 125 ms. During measurements,
pulse triggering was applied, setting the average TR to three cardiac cycles. Diffusion-
weighting was applied using tetrahedral-encoding scheme in directions of (-1 -1 -1), (-1 1 1),
(1-11),and (11-1). Six b-values (b =10, 0.96, 3.85, 8.67, 15.41, 24.10] ms/um?) were applied
with an effective gradient duration (8) of 26.4 ms (two pairs of bipolar gradients with 6.6 ms
duration) and an effective diffusion gradient separation (A) of 62.5ms. The effective b-values
were computed by including crusher and slice selection gradients as well as cross-terms
compensation. Twenty-four transients were acquired for each diffusion-weighted condition and
saved individually for further postprocessing. Water suppression was performed using variable
power with optimized relaxation delays (VAPOR) and outer volume suppression (Tkac et al.,
1999). The water suppression flip-angle was calibrated for each participant. Additionally, water
signals were acquired using the same diffusion-weighted conditions for eddy-current
correction, excluding ultra-high b-values due to poor water signal. Bo shimming was performed
using a fast automatic shimming technique with echo-planar signal trains utilizing mapping

along projections, FASTESTMAP (Gruetter & Tkac, 2000).

Spectral processing was performed by following the state-of-the-art guidelines (Ligneul et al.,
2023) on MathWorks MATLAB R2022a (The MathWorks Inc., 2022). Zero-order phase
fluctuations and frequency drifts were corrected on single transients before averaging using the
NAA peak. A peak-thresholding procedure was applied, for each diffusion condition, to discard
the transients with artefactual low signal-to-noise ratio (SNR) caused by non-translational

tissue motion (Genovese, Marjanska, et al., 2021). After processing of the transients in an
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acquisition, e.g., a b-value measurement in a diffusion direction, the transients were averaged

for independent data fitting.

GM, WM, and cerebrospinal fluid (CSF) volume fractions were calculated in the ROIs using

the T1-weighted images and the segment tool of SPM12 and MATLAB routines.

2.3.Data fitting

For each diffusion-weighted condition, averaged spectra were fitted independently with
LCModel (Provencher, 1993). The SNR of spectra was reported from LCModel’s output (i.e.,

the ratio between signal intensity at 2.01ppm and twice the root mean square of fit residuals).

The basis set was simulated with an in-house written routine in MATLAB based on the density
matrix formalism (Henry et al., 2006) and using previously reported chemical shifts and J-
couplings (Govindaraju et al., 2000; Kaiser et al., 2010). The basis set included ascorbate,
aspartate, Cr, y-aminobutyric acid, glucose, glutamate, glutamine, glutathione, GPC, myo-
inositol, lactate, NAA, NAAG, PCr, PCho, phosphorylethanolamine, scyllo-inositol, and
taurine. Independent spectra for the CH3 and CHz groups of NAA, Cr, and PCr were simulated

and included in the basis set.

2.4.Data analysis

To characterize the higher-order metabolites’ diffusion properties, multiple diffusion signal
analyses were conducted including diffusion signal representations and biophysical models
(Jensen et al., 2005; Ligneul et al., 2023; Palombo et al., 2017). The data and codes used to
produce the results reported in this paper will be publicly available at

https://github.com/kdrsimsek.
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2.4.1. dMRS signal representations
First, the direction-averaged diffusion signals were fitted monoexponentially up to b<5 ms/pm?
to estimate the apparent diffusion coefficient (ADC) and characterize Gaussian properties
(Ligneul et al., 2023). Kurtosis signal representation (from Eq.5 in (Jensen et al., 2005)) was
used to estimate the apparent diffusion kurtosis (K) and determine non-Gaussian properties of

metabolites up to b<10 ms/um? (Genovese, Marjanska, et al., 2021).

2.4.2. dMRS biophysical models
For biophysical modelling, the astro-sticks model was fitted to the direction-averaged signals
at all b-values to estimate the apparent intra-stick axial diffusivity (D;,¢rq) (Ligneul et al., 2023;

Panagiotaki et al., 2012)

i — Jle_bDintm cos?6 g4 (cosB) = gerf (V bDintra)
0

(1
SO Y, bD intra

here, the equation describes direction-averaged diffusion signal for the astro-sticks model. 8 is
the angle between the main axis of a given stick and the applied diffusion gradient. Error!
Bookmark not defined. Additionally, astro-sticks model was modified to incorporate an
effective intra-stick axial diffusivity (D, s) defined as (Palombo et al., 2017; Palombo, Ligneul,

et al., 2018; Sukstanskii & Yablonskiy, 2008; Yablonskiy & Sukstanskii, 2010):
Deff (Dintra» Kintra» b’ 9) = Dintra(1 - KintraDintrabcosze) (2)

here, K;p;rq 15 the apparent intra-neurite axial kurtosis and quantifies non-Gaussian diffusion
characteristics stemming from hindering or restricting structures randomly displaced along the
cellular processes, such as dendritic spines (Palombo, Ligneul, et al., 2018; Sukstanskii &

Yablonskiy, 2008; Yablonskiy & Sukstanskii, 2010). The corresponding powder-averaged
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signal for the modified astro-sticks model is computed by numerical integration given in the

following equation:

1
S/Se = f e bDefre0s*8 g (cos 6) (3)

0

2.4.3. Fitting routine
Data analysis was conducted within the Python programming environment. Following spectral
quantification using LCModel, we estimated the diffusion-weighted signal amplitude from the
area under each metabolites’ peak(s) and direction-averaged it at each b value to obtain the
direction-averaged diffusion signal decay for each metabolite. Diffusion fitting was performed
using Levenberg-Marquardt non-linear least squares optimization in the Python library ‘Imfit’
(https://pypi.org/project/Imfit/). No constraints were imposed on the modelling functions, but
boundary conditions of each model parameter were defined to be positive and not to exceed
free metabolites’ diffusivity 1.0 pm?/ms (Déring et al., 2018) and 3.0 for apparent kurtosis
parameters (Jensen et al., 2005). Three major metabolites were examined: tNAA as a neuronal
biomarker; tCho as a glial biomarker; and tCr as a biomarker comprised in both neuronal and
glial cells. Notably, one direction-averaged diffusion signal in the cerebellum, acquired from a

subject, suffered from very poor SNR; hence, excluded from the diffusion analysis.

2.5.Statistical Analysis

Linear regression was performed on all estimated parameters to determine age-trajectories with
computed 95% confidence interval and prediction limits. To analyze the specific impact of age
on the changes of diffusion metrics, a regression analysis with age as the independent variable

and each estimated model parameter as the dependent variable was performed, also accounting
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fGM

for Wt (the ratio between GM and WM volume fractions) as covariate by fitting the following

expression: y ~ fo + f1-age+ [, - fGM/fWM.

Additionally, an independent T-test between younger (age < 50) and older (age= 50) people
was performed to assess statistically significant differences between younger and older adult
groups. Bonferroni correction was applied for only T-test, including two brain regions and
three metabolites for each diffusion metric and the p-value, the threshold for statistical
significance, was redefined to be 0.0083 (0.05/6). In both statistical analyses, the parameters
values converging to the lower bound in the fitting were excluded from the age-trajectory

analysis because considered unreliable.

3. Results

To simplify inspection of the findings, a color-coding scheme is used to identify the cerebellum

and the PCC results as blue and red more clearly, respectively.

Exemplary diffusion-weighted spectra acquired from both brain regions are shown in Figure
1A which exhibit good spectral quality — linewidths at bo/bmax: 4.17/4.84 Hz in the cerebellum
and 3.30/4.67 Hz in the PCC. SNRs obtained from the corresponding LCModel fit results were
1843 and 2444 (mean + standard deviation over all subjects) at b = 0 (i.e., no diffusion-
weighting) and 742 and 6+2 at the highest b value in the cerebellar and cerebral cortexes,
respectively. The tissue volume fractions (mean = standard deviation over all subjects) were as
follows: fGM: 0.82 £ 0.05 (GM volume fraction), fWM: 0.12 + 0.05 (WM volume fraction),
and fCSF: 0.06 + 0.03 (CSF volume fraction) in the cerebellum; f{GM: 0.69 + 0.07, fWM: 0.14
+ 0.03, and fCSF: 0.17 = 0.08 in the PCC. The localizations of spectroscopic voxels in both

ROIs are depicted in Figure 1B. Furthermore, the age-trajectory for ){Vi—’l"'w ratio was investigated
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for variations with age and reported in Figure 1C. A significant decrease with age in % in

the cerebellum was observed, while no significant change in the PCC.

The Cramer-Rao lower bound (CRLB) obtained from LCModel fit was used to assess the
quality of the quantification. Overall fit results are excellent with low CRLBs (<5%) in both
ROIs for the non-diffusion weighted spectra. Estimated CRLBs for the highest b values were
averaged over different diffusion directions and yielded CRLBwnaa=4%, CRLBcnho=6%, and
CRLBc=4% in the cerebellum and CRLBaa=7%, CRLBcho=10%, and CRLBc;=5% in the

PCC. In addition to CRLB, no other exclusion criteria were employed (Kreis, 2016).

3.1.Metabolite Diffusion Properties

Metabolite diffusion signals obtained from all subjects are displayed in Figure 2A for both
cerebellum and PCC. The diffusion signals obtained from all participants (light) are reported
alongside the corresponding cohort averages (dark). Overall, slower metabolite diffusion was
observed for all metabolites in the cerebellum compared to PCC. Figure 2B presents the results
of the estimated diffusion parameters from all subjects as a box-whiskers plot for all signal
representations and biophysical models. The corresponding mean values of the estimated
parameters obtained from the cohort are charted in Table 1. In the cerebellum, the model
parameters for one dataset could not be estimated (and highlighted as an outlier with values of
zero), due to low SNR at higher b-values. In all cases, the estimated apparent diffusivities
(ADCs & Diptrq) are lower in the cerebellum than in the PCC. Correspondingly, the kurtosis
estimates (K and Kj,;»,) are higher in the cerebellum than in the PCC, for all metabolites.
Noticeably, K;,¢rq 0f tCho and tCr in both ROIs exhibit high variability due to relatively higher
CRLB; e.g. in the tCho results, the median values in each metabolite result is at the lower bound

while the mean values are higher as shown in Figure 2B.
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3.2.Age-trajectories

The age-trajectories for apparent diffusivities (ADC & Djptrq) of monoexponential
representation and astro-sticks model are grouped together and presented in Figure 3. The
apparent diffusivities presented similar trends with age for all metabolites: increasing in the

PCC and decreasing in the cerebellum.

The age-trajectories for diffusion kurtosis (ADC & K) and modified astro-sticks model (D14
& Kintrq) analyses were grouped together and showed in Figure 4. The age-trajectories for the
diffusion kurtosis parameters depicted in Figure 4A predominantly show similar trends for all
metabolites except for the ADC of tCr in the PCC and K of tCho in the cerebellum, which
exhibit opposite trend. Likewise, the age-trajectories of modified astro-sticks model parameters
show decreasing trend in D;y;,, and increasing trend in K, ¢4 for all metabolites in both ROIs
as illustrated in Figure 4B. Only exception is the Dy, of tCr in the PCC showing increasing

trend.

Overall, the statistical analyses performed over diffusion metrics of tNAA (the neuronal
biomarker), tCho (glial biomarker) and tCr (less cell-type specific) do not report any significant
change with age for all the higher-order diffusion metrics investigated in this study (p>0.05).
Notably, the T-test results of tCho Kj,:-, show only significant increase in the PCC.
Considering the high noise level in tCho and the median value of tCho Kj,, at the lower

bound in the modified astro-sticks model fitting, this outcome needs to be treated carefully.

4. Discussion

This work investigates variations in the higher-order diffusion properties of major intracellular
brain metabolites with healthy aging in the cerebral and cerebellar GM in-vivo in human brain

using dMRS and clinical 3T MRI scanner.
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4.1.Metabolites apparent diffusivity in cerebellar and cerebral GM

Apparent diffusivities (ADC & D;,¢rq) Of the studied metabolites agree with literature findings
(Branzoli et al., 2014; Deelchand et al., 2018; Doring et al., 2018; Doring & Kreis, 2019; Ingo
et al., 2018; Kan et al., 2012; Najac et al., 2016; Palombo et al., 2016; Simsek et al., 2022).
Relatively slower metabolite apparent diffusivities in the cerebellum might stem from higher
microstructural complexity of cellular composition compared to PCC: the Purkinje and granule
cells are highly abundant in the cerebellum (E. D. Louis et al., 2014) while the PCC is

comprised by the less complex Pyramidal neurons.

4.2.Age-dependence of metabolites apparent diffusivity

Overall, estimated apparent diffusivities did not present any significant trend nor changes with
age, in contrast to mono-exponential ADCs reported by the only study in the literature
(Deelchand et al., 2020). This difference might originate from having different sample size and
more likely from different ROI tissue volume composition. In contrast to our work, Deelchand
et al. recruited more participants and in two age groups (young: 18-22 and old: 70-83 years
old). Regarding distinctions in tissue composition, the WM content in the PCC ROI in our
work is around half that in the Deelchand’s work (our work, fWM=14%; Deelchand’s work,
fWM=30%). Higher f{GM in our ROIs leads to a more isotropic microenvironment for
metabolite diffusion; thus, a weaker dependence of metabolite apparent diffusivity on the fiber
orientation. Other contributing factors might be differences in diffusion times (62.5 in our work
and 125 ms in Deelchand’s work) and encoding schemes. Previous studies have shown that
diffusion times have strong effects on estimated ADCs in both GM and WM (Assaf & Cohen,
1998; Doring & Kreis, 2019; Ligneul et al., 2017; Ligneul & Valette, 2017), while TE-

dependence of metabolites ADC was only significant in ROIs with high content of WM
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(Branzoli et al., 2014) like in Deelchand’s work and was negligible for ROIs with high content

of GM (Ligneul et al., 2017), like in our study.

4.3.Metabolites apparent kurtosis and non-Gaussianity in cerebellar and

cerebral GM

Estimated metabolite diffusion kurtosis K values agree with current literature (Doring et al.,
2023; Genovese, Marjanska, et al., 2021; Ingo et al., 2018; Mougel et al., 2023). In accordance
with metabolite apparent diffusivities, the K & Kj,,;r, for all metabolites in the cerebellum
compared to PCC agree with the expected higher complexity of the cellular microenvironment.
For instance, the Purkinje cells in the cerebellum have higher spine density and higher
branching order (Santamaria et al., 2006) in contrast to the PCC, which comprises mostly
Pyramidal cells with lower spine density and branching order (Holtmaat et al., 2005).
Therefore, the higher microstructural complexity in the cerebellum might lead to higher tNAA
(the neuronal biomarker) apparent K & Kj,+r,. Additionally, the relatively higher K & Kjptrq
values for tCho (glial biomarker) in the cerebellum might be due to the presence of highly
arborized Bergmann glia (Sild & Ruthazer, 2011). The same rationale can explain the observed

lower diffusivities in the cerebellum compared to the PCC.

4.4.Age-dependence of metabolites apparent Kkurtosis and non-

Gaussianity
The age-trajectories of metabolite diffusion properties reveal overall similar trends for apparent
diffusivities (ADC & Djptrq) from signal representations and biophysical models. The
significant increase with age in K¢, of tCho in the PCC requires cautious interpretation due
to the low SNR and high CRLB in the cerebellum data. Figure 2B illustrates that the median

value of tCho Kj,;.q 1S at the lower bound. Therefore, the low SNR in tCho might cause
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instability in fitting of modified astro-sticks model that resulted in a significant increase in

Kintrq in the PCC.

4.5.Analysis of potential confounders: the negligible impact of ROI tissue
composition

The multivariate regression analysis does not report any significant impact of the accounted
variables age (as independent) and fGM /fWM (as dependent) on the variation of diffusion
metrics (p>0.05). Hence, the trend in age-trajectory cannot be attributed to changes in the
volume fractions of tissue compositions in the ROIs. The only exception is for the tCho
Kintrqin the PCC (Figure 4B), having p-value for age just below the threshold (p=0.013).
However, the observed change possibly arises from the encountered model fitting issues in

tCho, the glial biomarker.

A previous study reported that the ADC of tNAA changes by 8% between young and old groups
and argued that the contribution stemming from their ROIs tissue composition would be
relatively small in comparison to the observed percentage change in the tNAA ADC
(Deelchand et al., 2020). A similar argument can be made in our study. For instance, D;y¢yq Of

tCr from the astro-sticks model exhibits the strongest change of about 10% increase within the

age limit in the PCC (Figure 4B). However, the change in the ROI tissue composition, %, is
only around 2% (Figure 1C) and cannot alone explain the changes observed in the PCC.

Moreover, the multivariate analysis of the corresponding age-trajectory does not demonstrate

fGM

any dependence on Wit

(p>0.05). Therefore, other factors, more directly linked to changes in

the tissue microstructure and cellular composition might explain the observed trends in age-
trajectories. A longitudinal study monitoring microstructural alterations in stroke linked an
increase of tCr ADC with astrogliosis and glial reactivity in the presence of neuroinflammation

in stroke patients (Genovese et al., 2023). Accordingly, an increase in astrogliosis and glial
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reactivity with aging was also reported in the literature (Cotrina & Nedergaard, 2002) that

might explain the slight increasing trend in the D;;,4,-q of tCr.

4.6.Limitations

Our study has a few limitations that future studies may want to address. Diffusion-weighted
spectra are very sensitive to the bulk or physiological motion occurring during the acquisition,
causing variations in signal amplitude and phase (Branzoli et al., 2014; Doring et al., 2018;
Ligneul et al., 2023; Simsek et al., 2022). Employing cardiac triggering during measurements
and performing SNR thresholding partially eliminated these (Genovese, Marjanska, et al.,
2021; Ligneul et al., 2023). Due to poor water signal at high b-values, eddy-current correction
was not applied to the spectra acquired at ultra-high b values. Because of the relatively small
sample size, the statistical analysis was performed on two age groups (age<50 and age=>50) to

accommodate enough datasets.

4.7.Importance and potential impact

The age-trajectories here reported are a precious resource for the community because they
provide reference values for a large set of diffusion properties in two brain regions of potential
interest for many diseases (e.g., Alzheimer’s disease and motor disorders), previously
unavailable. As an example, choline compound is known as a neuroinflammation biomarker
(De Marco et al., 2022; Genovese, Palombo, et al., 2021; Lind et al., 2021). A recent dMRS
study (De Marco et al., 2022; Genovese, Palombo, et al., 2021) showed a significant increase
in tCho ADC in the thalamus with neuroinflammation. The age-trajectories reported here
provide reference values for the healthy brain cerebellum and PCC, suggesting that the age-
related changes of tCho ADC are less than 10% (decrease in the cerebellum and increase in the
PCC with age) which can help further interpreting tCho diffusivity results in studies of

neuroinflammation in these brain regions. Age is often found to be a significant covariant in
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the analyses of the changes of metabolites diffusivity. Here we show to what extent age indeed
alter the diffusion properties of major metabolites in ROIs mostly comprised of GM (> 70%).
For instance, for the widely used ADC index, no statistically significant changes are observed
for tNAA, tCr and tCho between younger (<50) and older (>50) adults, with metabolites ADCs
being overall less than 10% lower in older adults in the cerebellum, and less than 5% higher in

older adults in the PCC.

5. Conclusion

This study offers previously unavailable age-trajectories of major intracellular brain
metabolites’ diffusion properties in cerebral and cerebellar GM. We showed that observed
variations in metabolite diffusion properties with healthy aging are minimal and most likely
caused by age-related microstructural changes, demonstrating the potential utility of the
metabolites high-order diffusion parameters as new (neuronal and glial) biomarkers of tissue
pathology. The proposed age-trajectories provide benchmarks for identifying anomalies in the
diffusion properties of major brain metabolites, which could be related to pathological

mechanisms altering both the GM microstructure and cellular composition.

Research Funding State

» This work, Kadir Simsek and Marco Palombo are supported by UKRI Future Leaders
Fellowship (MR/T020296/2).

* This project has received funding from Engineering and Physical Sciences Research
Council (EPSRC EP/N018702/1). FB, CG and SL acknowledge support from the
programs 'Institut des neurosciences translationnelle’ ANR-10-IAIHU-06 and

'Infrastructure d'avenir en Biologie Santé' ANR-11-INBS-0006.


https://doi.org/10.1101/2024.06.04.597406
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.06.04.597406; this version posted June 10, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is
made available under aCC-BY 4.0 International license.

Acknowledgements

* The authors would like to thank Dr. Edward J. Auerbach and Dr. Maltgorzata Marjanska
for providing us with the dMRS sequence for the Siemens platform and simulating the

basis set for spectral fitting.

CRediT authorship contribution statement

Kadir Simsek: Conceptualization, Formal analysis, Methodology, Investigation, Writing -
original draft; Cécile Gallea: Writing-review & editing; Guglielmo Genovese: Methodology,
Formal analysis; Data curation, Writing-review & editing; Stephane Lehéricy; Writing-review
& editing; Francesca Branzoli: Formal analysis; Funding acquisition, Methodology, Project
administration, Writing - review & editing; Marco Palombo: Conceptualization, Methodology,

Supervision, Resources, Project administration, Investigation, Writing - review & editing

References

Alexander, D. C., Dyrby, T. B., Nilsson, M., & Zhang, H. (2019). Imaging brain microstructure
with diffusion MRI: practicality and applications. NMR in Biomedicine, 32(4), e3841.
https://doi.org/10.1002/NBM.3841

Andersen, B. B., Gundersen, H. J. G., & Pakkenberg, B. (2003). Aging of the human
cerebellum: a stereological study. The Journal of Comparative Neurology, 466(3), 356-365.
https://doi.org/10.1002/CNE.10884

Arleo, A., Bare§, M., Bernard, J. A., Bogoian, H. R., Bruchhage, M. M. K., Bryant, P., Carlson,
E. S., Chan, C. C. H., Chen, L. K., Chung, C. P., Dotson, V. M., Filip, P., Guell, X., Habas,
C., Jacobs, H. I. L., Kakei, S., Lee, T. M. C., Leggio, M., Misiura, M., ... Manto, M. (2024).
Consensus Paper: Cerebellum and Ageing. Cerebellum (London, England), 23(2), 802—-832.
https://doi.org/10.1007/S12311-023-01577-7

Assaf, Y., & Cohen, Y. (1998). Non-Mono-Exponential Attenuation of Water and N-Acetyl
Aspartate Signals Due to Diffusion in Brain Tissue. Journal of Magnetic Resonance, 131(1),
69-85. https://doi.org/10.1006/jmre.1997.1313

Behler, A., Kassubek, J., & Miiller, H.-P. (2021). Age-Related Alterations in DTI Metrics in
the Human Brain—Consequences for Age Correction. Frontiers in Aging Neuroscience, 13,
6821009. https://doi.org/10.3389/FNAGI.2021.682109


https://doi.org/10.1101/2024.06.04.597406
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.06.04.597406; this version posted June 10, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is
made available under aCC-BY 4.0 International license.

Branzoli, F., Ercan, E., Webb, A., & Ronen, 1. (2014). The interaction between apparent
diffusion coefficients and transverse relaxation rates of human brain metabolites and water
studied by diffusion-weighted spectroscopy at 7 T. NMR in Biomedicine, 27(5), 495-506.
https://doi.org/10.1002/nbm.3085

Cao, P., & Wu, E. X. (2017). In vivo diffusion MRS investigation of non-water molecules in
biological tissues. NMR in Biomedicine, 30(3), €3481. https://doi.org/10.1002/nbm.3481

Colin, F., Ris, L., & Godaux, E. (2001). Neuroanatomy of the cerebellum. The Cerebellum and
Its Disorders, 6-29. https://doi.org/10.1017/CB0O9780511666469.004

Cotrina, M. L., & Nedergaard, M. (2002). Astrocytes in the aging brain. Journal of
Neuroscience Research, 67(1), 1-10. https://doi.org/10.1002/JNR.10121

De Marco, R., Ronen, 1., Branzoli, F., Amato, M. L., Asllani, I., Colasanti, A., Harrison, N.
A., & Cercignani, M. (2022). Diffusion-weighted MR spectroscopy (DW-MRS) is sensitive to
LPS-induced changes in human glial morphometry: A preliminary study. Brain, Behavior, and
Immunity, 99, 256-265. https://doi.org/10.1016/J.BB1.2021.10.005

Deelchand, D. K., Auerbach, E. J., & Marjanska, M. (2018). Apparent diffusion coefficients
of the five major metabolites measured in the human brain in vivo at 3T. Magnetic Resonance
in Medicine, 79(6), 2896-2901. https://doi.org/10.1002/MRM.26969

Deelchand, D. K., McCarten, J. R., Hemmy, L. S., Auerbach, E. J., Eberly, L. E., & Marjanska,
M. (2020). Changes in the intracellular microenvironment in the aging human brain.
Neurobiology of Aging, 95, 168-175.
https://doi.org/10.1016/J.NEUROBIOLAGING.2020.07.017

Déring, A., Adalid, V., Boesch, C., & Kreis, R. (2018). Diffusion-weighted magnetic
resonance spectroscopy boosted by simultaneously acquired water reference signals. Magnetic
Resonance in Medicine, 80(6), 2326-2338. https://doi.org/10.1002/mrm.27222

Doring, A., & Kreis, R. (2019). Magnetic resonance spectroscopy extended by oscillating
diffusion gradients: Cell-specific anomalous diffusion as a probe for tissue microstructure in
human brain. Neurolmage, 202. https://doi.org/10.1016/j.neuroimage.2019.116075

Doring, A., Rosler, F., Simsek, K., Afzali, M., Kreis, R., Jones, D. K., Valette, J., & Palombo,
M. (2023). Time dependent diffusion and kurtosis of human brain metabolites. Proc. Intl. Soc.
Mag. Reson. Med. 31, Toronto, CA, p3355.

Genovese, G., Diaz-Fernandez, B., Lejeune, F. X., Ronen, 1., Marjanska, M., Yahia-Cherif, L.,
Lehéricy, S., Branzoli, F., & Rosso, C. (2023). Longitudinal Monitoring of Microstructural
Alterations in Cerebral Ischemia with in Vivo Diffusion-weighted MR Spectroscopy.
Radiology, 306(3).
https://doi.org/10.1148/RADIOL.220430/ASSET/IMAGES/LARGE/RADIOL.220430.TBL5
JPEG


https://doi.org/10.1101/2024.06.04.597406
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.06.04.597406; this version posted June 10, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is
made available under aCC-BY 4.0 International license.

Genovese, G., Marjanska, M., Auerbach, E. J., Cherif, L. Y., Ronen, 1., Lehéricy, S., &
Branzoli, F. (2021). In vivo diffusion-weighted MRS using semi-LASER in the human brain
at 3 T: Methodological aspects and clinical feasibility. NMR in Biomedicine, 34(5), €4206.
https://doi.org/10.1002/nbm.4206

Genovese, G., Palombo, M., Santin, M. D., Valette, J., Ligneul, C., Aigrot, M. S., Abdoulkader,
N., Langui, D., Millecamps, A., Baron-Van Evercooren, A., Stankoff, B., Lehericy, S., Petiet,
A., & Branzoli, F. (2021). Inflammation-driven glial alterations in the cuprizone mouse model

probed with diffusion-weighted magnetic resonance spectroscopy at 11.7 T. NMR in
Biomedicine, 34(4), e4480. https://doi.org/10.1002/NBM.4480

Govindaraju, V., Young, K., & Maudsley, A. A. (2000). Proton NMR chemical shifts and
coupling constants for brain metabolites. NMR in Biomedicine, 13, 129-153.

Grimaldi, G., & Manto, M. (2013). Is essential tremor a Purkinjopathy? The role of the
cerebellar cortex in its pathogenesis. Movement Disorders, 28(13), 1759-1761.
https://doi.org/10.1002/MDS.25645

Gruetter, R., & Tkac, I. (2000). Field mapping without reference scan using asymmetric echo-
planar  techniques. = Magnetic = Resonance in  Medicine, 43(2), 319-323.
https://onlinelibrary.wiley.com/doi/pdf/10.1002/%28S1C1%291522-
2594%28200002%2943%3A2%3C319%3A%3AAID-MRM22%3E3.0.CO%3B2-1

Helenius, J., Soinne, L., Perkid, J., Salonen, O., Kangasmiki, A., Kaste, M., Carano, R. A. D.,
Aronen, H. J., & Tatlisumak, T. (2002). Diffusion-Weighted MR Imaging in Normal Human
Brains in Various Age Groups. American Journal of Neuroradiology, 23(2), 194.
http://www.ajnr.org/content/23/2/194.abstract

Henry, P. G., Marjanska, M., Walls, J. D., Valette, J., Gruetter, R., & Ugurbil, K. (2006).
Proton-observed carbon-edited NMR spectroscopy in strongly coupled second-order spin
systems. Magnetic Resonance in Medicine, 55(2), 250-257.
https://doi.org/10.1002/MRM.20764

Holtmaat, A. J. G. D., Trachtenberg, J. T., Wilbrecht, L., Shepherd, G. M., Zhang, X., Knott,
G. W., & Svoboda, K. (2005). Transient and Persistent Dendritic Spines in the Neocortex In
Vivo. Neuron, 45(2), 279-291. https://doi.org/10.1016/J.NEURON.2005.01.003

Ingo, C., Brink, W., Ercan, E., Webb, A. G., & Ronen, 1. (2018). Studying neurons and glia
non-invasively via anomalous subdiffusion of intracellular metabolites. Brain Structure and
Function, 223(8), 3841-3854. https://doi.org/10.1007/s00429-018-1719-9

Jensen, J. H., Helpern, J. A., Ramani, A., Lu, H., & Kaczynski, K. (2005). Diffusional kurtosis
imaging: The quantification of non-Gaussian water diffusion by means of magnetic resonance
imaging. Magnetic Resonance in Medicine, 53(6), 1432-1440.
https://doi.org/10.1002/mrm.20508


https://doi.org/10.1101/2024.06.04.597406
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.06.04.597406; this version posted June 10, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is
made available under aCC-BY 4.0 International license.

Jernigan, T. L., Archibald, S. L., Fennema-Notestine, C., Gamst, A. C., Stout, J. C., Bonner,
J., & Hesselink, J. R. (2001). Effects of age on tissues and regions of the cerebrum and
cerebellum. Neurobiology of Aging, 22(4), 581-594. https://doi.org/10.1016/S0197-
4580(01)00217-2

Jones, D. K. (2010). Diffusion MRI Theory, Methods, and Applications. In Oxford University
Press. Oxford University Press, USA.
http://books.google.co.uk/books?id=dbZCMePD52 A C&printsec=frontcover&dq=intitle:Diff
usion+MRI+theroy+methods+and+applications&hl=&cd=1&source=gbs_api%5Cnpapers2:/
/publication/uuid/50FF1264-92F1-4749-9990-87D551DD71B8

Kaiser, L. G., Marjanska, M., Matson, G. B., Iltis, L., Bush, S. D., Soher, B. J., Mueller, S., &
Young, K. (2010). 1H MRS detection of glycine residue of reduced glutathione in vivo. Journal
of Magnetic Resonance, 202(2), 259-266. https://doi.org/10.1016/j.jmr.2009.11.013

Kan, H. E., Techawiboonwong, A., Van Osch, M. J. P., Versluis, M. J., Deelchand, D. K.,
Henry, P. G., Marjanska, M., Van Buchem, M. A., Webb, A. G., & Ronen, 1. (2012).
Differences in apparent diffusion coefficients of brain metabolites between grey and white

matter in the human brain measured at 7 T. Magnetic Resonance in Medicine, 67(5), 1203—
1209. https://doi.org/10.1002/MRM.23129

Kreis, R. (2016). The trouble with quality filtering based on relative Cramér-Rao lower
bounds. Magnetic Resonance in Medicine, 75(1), 15—18. https://doi.org/10.1002/mrm.25568

Liang, K. J., & Carlson, E. S. (2020). Resistance, vulnerability and resilience: A review of the
cognitive cerebellum in aging and neurodegenerative diseases. Neurobiology of Learning and
Memory, 170. https://doi.org/10.1016/J.NLM.2019.01.004

Ligneul, C., Najac, C., Doring, A., Beaulieu, C., Branzoli, F., Clarke, W. T., Cudalbu, C.,
Genovese, G., Jbabdi, S., Jelescu, 1., Karampinos, D., Kreis, R., Lundell, H., Marjanska, M.,
Moller, H. E., Mosso, J., Mougel, E., Posse, S., Ruschke, S., ... Valette, J. (2023). Diffusion-
weighted MR spectroscopy: Consensus, recommendations, and resources from acquisition to
modeling. Magnetic Resonance in Medicine. https://doi.org/10.1002/MRM.29877

Ligneul, C., Palombo, M., Herndndez-Garzon, E., Carrillo-de Sauvage, M. A., Flament, J.,
Hantraye, P., Brouillet, E., Bonvento, G., Escartin, C., & Valette, J. (2019). Diffusion-
weighted magnetic resonance spectroscopy enables cell-specific monitoring of astrocyte
reactivity in vivo. Neurolmage, 191, 457-469.
https://doi.org/10.1016/j.neuroimage.2019.02.046

Ligneul, C., Palombo, M., & Valette, J. (2017). Metabolite diffusion up to very high b in the
mouse brain in vivo: Revisiting the potential correlation between relaxation and diffusion
properties. Magnetic Resonance in Medicine, 77(4), 1390-1398.
https://doi.org/10.1002/mrm.26217


https://doi.org/10.1101/2024.06.04.597406
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.06.04.597406; this version posted June 10, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is
made available under aCC-BY 4.0 International license.

Ligneul, C., & Valette, J. (2017). Probing metabolite diffusion at ultra-short time scales in the
mouse brain using optimized oscillating gradients and “short”-echo-time diffusion-weighted
MRS. NMR in Biomedicine, 30(1), e3671. https://doi.org/10.1002/nbm.3671

Lind, A., Boraxbekk, C. J., Petersen, E. T., Paulson, O. B., Andersen, O., Siebner, H. R., &
Marsman, A. (2021). Do glia provide the link between low-grade systemic inflammation and

normal cognitive ageing? A 1H magnetic resonance spectroscopy study at 7 tesla. Journal of
Neurochemistry, 159(1), 185—196. https://doi.org/10.1111/INC.15456

Louis, E. D., Lee, M., Babij, R., Ma, K., Cortés, E., Vonsattel, J. P. G., & Faust, P. L. (2014).
Reduced Purkinje cell dendritic arborization and loss of dendritic spines in essential tremor.
Brain, 137(12), 3142. https://doi.org/10.1093/BRAIN/AWU3 14

Louis, R. J., Lee, M., Kuo, S. H., Vonsattel, J. P. G., Louis, E. D., & Faust, P. L. (2014).
Cellular density in the cerebellar molecular layer in essential tremor, spinocerebellar ataxia,
and  controls.  Parkinsonism &  Related  Disorders, 20(11), 1270-1273.
https://doi.org/10.1016/J.PARKRELDIS.2014.08.014

MacDonald, M. E., & Pike, G. B. (2021). MRI of healthy brain aging: A review. NMR in
Biomedicine, 34(9), e4564. https://doi.org/10.1002/NBM.4564

Manto, M. (2022). The underpinnings of cerebellar ataxias. Clinical Neurophysiology Practice,
7, 372. https://doi.org/10.1016/J.CNP.2022.11.002

Mougel, E., Valette, J., & Palombo, M. (2023). Investigating exchange, structural disorder and
restriction in Gray Matter via water and metabolites diffusivity and kurtosis time-dependence.
Joint Annual Meeting [ISMRM-ESMRMB ISMRT 3Ist Annual Meeting.
https://doi.org/10.58530/2022/0255

Najac, C., Branzoli, F., Ronen, 1., & Valette, J. (2016). Brain intracellular metabolites are
freely diffusing along cell fibers in grey and white matter, as measured by diffusion-weighted
MR spectroscopy in the human brain at 7 T. Brain Structure and Function, 221(3), 1245-1254.
https://doi.org/10.1007/s00429-014-0968-5

Palombo, M., Ligneul, C., Hernandez-Garzon, E., & Valette, J. (2018). Can we detect the effect
of spines and leaflets on the diffusion of brain intracellular metabolites? Neurolmage, 182,
283-293. https://doi.org/10.1016/J.NEUROIMAGE.2017.05.003

Palombo, M., Ligneul, C., Najac, C., Le Douce, J., Flament, J., Escartin, C., Hantraye, P.,
Brouillet, E., Bonvento, G., & Valette, J. (2016). New paradigm to assess brain cell
morphology by diffusion-weighted MR spectroscopy in vivo. Proceedings of the National
Academy of Sciences of the United States of America, 113(24), 6671-6676.
https://doi.org/10.1073/pnas.1504327113

Palombo, M., Ligneul, C., & Valette, J. (2017). Modeling diffusion of intracellular metabolites
in the mouse brain up to very high diffusion-weighting: Diffusion in long fibers (almost)


https://doi.org/10.1101/2024.06.04.597406
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.06.04.597406; this version posted June 10, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is
made available under aCC-BY 4.0 International license.

accounts for non-monoexponential attenuation. Magnetic Resonance in Medicine, 77(1), 343—
350. https://doi.org/10.1002/MRM.26548

Palombo, M., Shemesh, N., Ronen, 1., & Valette, J. (2018). Insights into brain microstructure
from in Vivo DW-MRS. Neurolmage, 182, 97-116.
https://doi.org/10.1016/j.neuroimage.2017.11.028

Panagiotaki, E., Schneider, T., Siow, B., Hall, M. G., Lythgoe, M. F., & Alexander, D. C.
(2012). Compartment models of the diffusion MR signal in brain white matter: A taxonomy
and comparison. Neurolmage, 59(3), 2241-2254.
https://doi.org/10.1016/J.NEUROIMAGE.2011.09.081

Pfefferbaum, A., Adalsteinsson, E., Rohlfing, T., & Sullivan, E. V. (2010). Diffusion tensor
imaging of deep gray matter brain structures: Effects of age and iron concentration.
Neurobiology of Aging, 31(3), 482-493.
https://doi.org/10.1016/J.NEUROBIOLAGING.2008.04.013

Provencher, S. W. (1993). Estimation of metabolite concentrations from localized in vivo
proton NMR spectra. Magnetic Resonance in Medicine, 30(6), 672-679.
https://doi.org/10.1002/mrm.1910300604

Raghavan, S., Reid, R. I, Przybelski, S. A., Lesnick, T. G., Graff-Radford, J., Schwarz, C. G.,
Knopman, D. S., Mielke, M. M., Machulda, M. M., Petersen, R. C., Jack, C. R., & Vemuri, P.
(2021). Diffusion models reveal white matter microstructural changes with ageing, pathology

and cognition. Brain Communications, 3(2).
https://doi.org/10.1093/BRAINCOMMS/FCAB106

Ronen, 1., & Valette, J. (2015). Diffusion-weighted magnetic resonance spectroscopy.
EMagRes (Eds R.K. Harris and R.L.  Wasylishen), 4(4), 733-750.
https://doi.org/10.1002/9780470034590.emrstm1471

Santamaria, F., Wils, S., De Schutter, E., & Augustine, G. J. (2006). Anomalous diffusion in
Purkinje  cell  dendrites caused by  spines. Neuron, 52(4), 635-648.
https://doi.org/10.1016/J.NEURON.2006.10.025

Schilling, K. G., Archer, D., Yeh, F.-C., Rheault, F., Cai, L. Y., Hansen, C., Yang, Q.,
Ramdass, K., Shafer, A., Resnick, S., Pechman, K. R., Gifford, K. A., Hohman, T. J., Jefferson,
A., Anderson, A. W., Kang, H., & Landman, B. A. (2022). Aging and white matter
microstructure and macrostructure: a longitudinal multi-site diffusion MRI study of 1,184
participants. BioRxiv, 12, 2022.02.10.479977. https://doi.org/10.1101/2022.02.10.479977

Sild, M., & Ruthazer, E. S. (2011). Radial glia: progenitor, pathway, and partner. The
Neuroscientist : A Review Journal Bringing Neurobiology, Neurology and Psychiatry, 17(3),
288-302. https://doi.org/10.1177/1073858410385870


https://doi.org/10.1101/2024.06.04.597406
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.06.04.597406; this version posted June 10, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is
made available under aCC-BY 4.0 International license.

Simsek, K., Doring, A., Pampel, A., Moller, H. E., & Kreis, R. (2022). Macromolecular
background signal and non-Gaussian metabolite diffusion determined in human brain using
ultra-high  diffusion  weighting.  Magnetic  Resonance in  Medicine,  88(5).
https://doi.org/10.1002/mrm.29367

Sowell, E. R., Thompson, P. M., & Toga, A. W. (2004). Mapping Changes in the Human
Cortex throughout the Span of Life. Http://Dx.D0i.Org/10.1177/1073858404263960, 10(4),
372-392. https://doi.org/10.1177/1073858404263960

Sukstanskii, A. L., & Yablonskiy, D. A. (2008). In vivo lung morphometry with
hyperpolarized 3He diffusion MRI: Theoretical background. Journal of Magnetic Resonance,
190(2), 200-210. https://doi.org/10.1016/J.JMR.2007.10.015

The MathWorks Inc. (2022). MATLAB version: 9.12.0 (R2022a). The MathWorks Inc.

Tkac, 1., Starcuk, Z., Choi, I. Y., & Gruetter, R. (1999). In vivo 1H NMR spectroscopy of rat
brain at 1 ms echo time. Magnetic Resonance in Medicine, 41, 649-656.
https://onlinelibrary.wiley.com/doi/pdf/10.1002/%28SICI%291522-
2594%28199904%2941%3 A4%3C649%3A%3 AAID-MRM2%3E3.0.CO%3B2-G

van Aalst, J., Devrome, M., Van Weehaeghe, D., Rezaei, A., Radwan, A., Schramm, G.,
Ceccarini, J., Sunaert, S., Koole, M., & Van Laere, K. (2022). Regional glucose metabolic
decreases with ageing are associated with microstructural white matter changes: a

simultaneous PET/MR study. European Journal of Nuclear Medicine and Molecular Imaging,
49(2), 664—-680. https://doi.org/10.1007/S00259-021-05518-6/TABLES/5

Vincent, M., Palombo, M., & Valette, J. (2020). Revisiting double diffusion encoding MRS in
the mouse brain at 11.7T: Which microstructural features are we sensitive to? Neurolmage,
207, 116399. https://doi.org/10.1016/J.NEUROIMAGE.2019.116399

Walhovd, K. B., Fjell, A. M., Reinvang, 1., Lundervold, A., Dale, A. M., Eilertsen, D. E.,
Quinn, B. T., Salat, D., Makris, N., & Fischl, B. (2005). Effects of age on volumes of cortex,

white matter and subcortical structures. Neurobiology of Aging, 26(9), 1261-1270.
https://doi.org/10.1016/J.NEUROBIOLAGING.2005.05.020

Wallge, S., Pakkenberg, B., & Fabricius, K. (2014). Stereological estimation of total cell
numbers in the human cerebral and cerebellar cortex. Frontiers in Human Neuroscience,
8(JULY). https://doi.org/10.3389/FNHUM.2014.00508

Watanabe, M., Sakai, O., Ozonoff, A., Kussman, S., & Jara, H. (2013). Age-related Apparent
Diffusion Coefficient Changes in the Normal Brain.
Https://Doi.0Org/10.1148/Radiol. 12112420, 266(2), 575-582.
https://doi.org/10.1148/RADIOL.12112420

Yablonskiy, D. A., & Sukstanskii, A. L. (2010). Theoretical models of the diffusion weighted
MR signal. NMR in Biomedicine, 23(7), 661-681. https://doi.org/10.1002/NBM.1520


https://doi.org/10.1101/2024.06.04.597406
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.06.04.597406; this version posted June 10, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is
made available under aCC-BY 4.0 International license.

Figures & Tables
A Cerebellar Cortex Cerebral Cortex (PCC)
] =Ziggs 2 Elb-=0 tNAA
B D38 en tNAA = »oass
10 mmb-se7 tCho 10 g
Il b -=15.42
8 N b-2000

4 35 3 25 2 15 1
B Cerebellum C ,
I CEREBELLUM I PCC X  Volume Fraction
LinearRegression
14 X m= —0.076
p<10-3
R2=0.416
T-Test
12 p* <10

=
© o

fGM/fWM [a.u.]
o

Linear Regression
m= —0.009

30 40 50 60 70 80
Age
— Fit -=-= 95% Prediction Limits I 95% Confidence Limits

Figure 1: (A) Diffusion-weighted spectra are illustrated for both regions of interest; cerebellum
(blue frame, left) and PCC (red frame, right). Direction averaged dMRS signals exhibit
excellent spectral quality. Color-coding in the legends displays b-values in the units of ms/pum?.
(B) Regions of interest are demonstrated on Ti-w images. (C) Age-trajectories of fGM/fWM
ratio in both ROIs and the results of statistical analyses reporting only a significant decrease in
fGM/fWM in the cerebellum with age. (p*<0.00833 indicates statistical significance for all
tests). Abbreviations: PCC, posterior cingulate cortex; fGM, grey matter volume fraction;
fWM, white matter volume fraction; tNAA, total N-Acetyl-aspartate; tCho, total choline; tCr,
total creatine; ROI, region of interest.
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Figure 2: (A) Diffusion signals of tNAA, tCho, and tCr obtained from each subject (light) and
cohort averaged signals (dark) are illustrated in the figure for both brain regions: cerebellum
(blue) and posterior-cingulate-cortex (red). (B) The estimated parameters of each metabolite
by mono-exponential, kurtosis representations and astro-sticks and modified astro-sticks
models from each subject are illustrated in the box-and-whiskers plot for both region of
interests: cerebellum (blue) and PCC (red). Abbreviations: PCC, posterior cingulate cortex;
tNAA, total N-Acetyl-aspartate; tCho, total choline; tCr, total creatine; ADC: apparent
diffusion coefficient; K, apparent diffusion kurtosis; Dj,:q, apparent intra-neurite axial
diffusivity; K;,¢rq, apparent intra-neurite axial.
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Table 1: Estimated model parameters obtained from cohort averaged diffusion signals are
charted with the corresponding error values in the fit (estimation £ error). All signal
representations and biophysical model results are tabulated in the table. “—* indicates that the
estimations converge to zero. Abbreviations: PCC, posterior cingulate cortex; tNAA, total N-
Acetyl-aspartate; tCho, total choline; tCr, total creatine; ADC: apparent diffusion coefficient;
K, apparent diffusion kurtosis; D;,¢rq, apparent intra-neurite axial diffusivity; K;,;.q, apparent

intra-neurite axial kurtosis

ROI Fit Parameter tNAA tCho tCr
Monoexp ADC 0.109 £0.007 | 0.097+0.004 | 0.092 +0.004
s ADC 0.132+0.006 | 0.112+0.003 | 0.107+0.003
S Kurtosis
= K 2.112+0.108 | 2.000+0.083 | 2.204+0.078
wl
o
w | Astro-sticks | Diyre | 0.360%£0.012 | 0.340+0.007 | 0.300+0.007
wl
C | Modified Dinra | 0.400+0.016 | 0.340+0.007 | 0.326+0.010
Astro-sticks | g | 0.071+0.014 — 0.064 +0.018
Monoexp ADC 0.127 +0.006 | 0.112+0.002 | 0.126+0.003
ADC 0.152+0.002 | 0.130+0.001 | 0.148+0.001
Kurtosis
o K 1.778+0.034 | 1.733+0.026 | 1.747 +0.020
O
® | Astro-sticks | Dyyra | 0.460£0.007 | 0.422+0.018 | 0.463+0.006
Modified Dinra | 0.488+0.009 | 0.422+0.045 | 0.463 +0.023
Astro-sticks | g, ... | 0.047+0.010 — —
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Figure 3: The results obtained from monoexponential signal analysis (b<5ms/um?) (ADC) and
astro-stick model (Dj,t-,) are documented in the figure. The independent T-test analyses
performed between younger and older groups do not report any statistically significant change
in these parameters with aging. The p-value in linear regression is a measure for how significant
the estimated slope is in the analysis. (p*<0.00833 indicates statistical significance for the T-
Test) Abbreviations: PCC, posterior cingulate cortex; f{GM, grey matter volume fraction; fWM,
white matter volume fraction; tNAA, total N-Acetyl-aspartate; tCho, total choline; tCr, total
creatine; ADC: apparent diffusion coefficient; D;,;4, apparent intra-neurite axial diffusivity
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Figure 4: Age dependences of the estimated model parameters for kurtosis (ADC & K) in (A) and modified astro-stick model (D ¢rq & Kintra) 1n (B), obtained
from studied metabolite signals, are depicted in the figure. For each brain region, a linear regression, a regression analysis using age and f{GM/fWM as independent
and dependent variables, respectively, and a paired T-test between two groups [age < 50 and age > 50] are performed to analyze impact of age and tissue
composition on the estimated parameters. For statistical tests, the confidence and prediction limits are also depicted in the figure. (p*<0.00833 indicates statistical
significance for the T-test) Abbreviations: PCC, posterior cingulate cortex; f{GM, grey matter volume fraction; fWM, white matter volume fraction; tNAA, total
N-Acetyl-aspartate; tCho, total choline; tCr, total creatine; ADC: apparent diffusion coefficient; K, apparent diffusion kurtosis; Dnsrq, apparent intra-neurite
axial diffusivity; K;,rq» apparent intra-neurite axial kurtosis
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