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Abstract

Introduction: White matter (WM) degeneration is a critical component of early

Alzheimer’s disease (AD) pathophysiology. Diffusion-weighted imaging (DWI) models,

including diffusion tensor imaging (DTI), neurite orientation dispersion and density

imaging (NODDI), and mean apparent propagator MRI (MAP-MRI), have the potential

to identify early neurodegenerativeWMchanges associated with AD.

Methods: We imaged 213 (198 cognitively unimpaired) aging adults with DWI and

used tract-based spatial statistics to compare 15 DWI metrics of WMmicrostructure

to 9 cerebrospinal fluid (CSF)markers ofADpathology andneurodegeneration treated

as continuous variables.
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Results: We found widespread WM injury in AD, as indexed by robust associations

between DWI metrics and CSF biomarkers. MAP-MRI had more spatially diffuse

relationships with Aβ42/40 and pTau, comparedwith NODDI andDTI.

Discussion:Our results suggest that WM degeneration may be more pervasive in AD

than is commonly appreciated and that innovative DWImodels such asMAP-MRImay

provide clinically viable biomarkers of AD-related neurodegeneration in the earliest

stages of AD progression.

KEYWORDS

Alzheimer’s disease, CSF biomarkers, diffusion MRI, DTI, early detection, MAP-MRI, Neuro,
NODDI, preclinical, white matter microstructure

1 INTRODUCTION

Degeneration of subcortical white matter (WM) is increasingly rec-

ognized as a critical process of early Alzheimer’s disease (AD) patho-

physiology, with some studies suggesting that WM degeneration may

precede cortical atrophy.1–5 Given that neurodegeneration is closely

associated with cognitive dysfunction in AD, the discovery and devel-

opment of reliable and sensitive in-vivo markers for neurodegenera-

tion are important goals ofADresearch, as these prospectivemeasures

may aid in the identification of cognitively unimpaired individuals who

are at risk for developing AD in the future, as well as provide crucial

information pertaining to the staging and progression of AD.6

WM changes are commonly studied using diffusion-weighted imag-

ing (DWI), a modality that operates by sensitizing the magnetic reso-

nance imaging (MRI) signal to the diffusion of water molecules in the

brain. Themost prevalentDWImodel used to studyWMchanges asso-

ciated with AD is diffusion tensor imaging (DTI).6 While DTI studies of

AD have been informative, the model has known limitations, including

providing limited information in regions with greater restricted (non-

Gaussian) diffusion, such as that present within cellular structures.7,8

An increasingly popular alternative to DTI applied in contemporary

AD research is neurite orientation density and dispersion imaging

(NODDI).9 NODDI is a biophysically-based model which characterizes

brain changes in specific microstructural environments by assuming

that the DWI signal emanates from 3 distinct tissue compartments:

within neurites, outside of neurites, and free water.9 The primary

NODDI measures are the neurite density index (NDI - the signal frac-

tion from within neurites), the orientation dispersion index (ODI - the

degree of angular variation among neurites), and the isotropic volume

fraction (ISO – the signal fraction from a free water compartment).

NODDI has shown promise for evaluating neurodegeneration along

the clinical continuum of AD,10–12 as well as alterations along the

biological spectrum of AD pathology.13

An alternative DWI model with minimal assumptions about tissue

microstructure is mean apparent propagator (MAP)MRI.14,15 InMAP-

MRI, the probability density function describing the displacements of

diffusing water molecules is estimated directly from the DWI signal.

MAP-MRI measures include the return to origin probability (RTOP),

the return to axis probability (RTAP), the return to plane probability

(RTPP), the mean squared displacement (MSD), the Non-Gaussianity

(NG), and the q-space inverse variance (QIV).14,15 RTOP quantifies the

probability that a protonwill remain in the same relative position in 3D

space between 2 consecutive diffusion gradient pulses, and therefore,

is a marker for tissue restriction. RTAP and RTPP are the 2D and 1D

counterparts of RTOP and are sensitive to restrictive barriers perpen-

dicular and parallel to the principal direction of diffusion, respectively.

NG, which can similarly be decomposed into components that are

perpendicular (NG⊥) and parallel (NG∥) to the principal direction of dif-

fusion, represents the fraction of theDWI signal that does not conform

to a Gaussian distribution, and therefore, serves as a barometer for

complex tissue organization. MSD, another indicator of tissue restric-

tion, is a measure of how far diffusing water molecules travel between

successive diffusion gradient pulses. Finally, QIV is a measure of the

variance in the diffusion signal.14–16 Recently, MAP-MRI has been

shown to be more useful than DTI for the evaluation of Parkinson’s

disease severity17 as well as temporal lobe epilepsy lateralization.18

Additionally, 1 study found evidence that MAP-MRI was sensi-

tive to age-dependent amyloid burden in transgenic Alzheimer rats

(TgF344-AD),19 paving the way for future studies to explore the

potential of MAP-MRI to identify AD-related microstructural changes

in humans.

In order to investigate WM microstructural alterations associated

with AD across the brain, we appliedDTI, NODDI, and for the very first

time, MAP-MRI to assess the relationships between 15 distinct diffu-

sion parameters ofWMmicrostructure and 9 cerebrospinal fluid (CSF)

markers of AD pathology (amyloid-beta42/40 ratio [Aβ42/40] and phos-

phorylated tau [pTau]), axonal degeneration (neurofilament light chain

[NfL])20, synaptic degeneration (neurogranin,21 α-synuclein22), and
glial activation (glial fibrillary acidic protein [GFAP],23 soluble trigger-

ing receptor expressed onmyeloid cells 2 [sTREM2],24 chitinase-3-like

protein 1 [YKL-40]25). Our goal was to utilize a broad assortment

of DWI markers to determine the extent to which WM microstruc-

ture is affected along the AD continuum in a largely preclinical

population.
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TABLE 1 Participant demographics

N 213

Males, n (%) 78 (36.6)

Females, n (%) 135 (63.4)

Age in years, Mean (SD) 64.6 (7.3)

APOE ε4 carriers, n (% of sample) 70 (32.9)

CU/MCI/AD, n 198/13/2

CSF biomarker cutoff groups,

n (% of sample):

A+/T−, n (%) 19 (8.9)

A−/T+, n (%) 13 (6.1)

A−/T−, n (%) 164 (77.0)

A+/T+, n (%) 17 (8.0)

2 METHODS

2.1 Participant selection

We identified 213 participants (Table 1) from the Wisconsin

Alzheimer’s Disease Research Center (ADRC, n = 95) and Wis-

consin Registry for Alzheimer’s Prevention study (WRAP, n= 118)who

underwent both multi-shell DWI and lumbar puncture. Based on neu-

ropsychological testing and clinical criteria established by theNational

Institute on Aging and Alzheimer’s Association, each participant was

given a clinical diagnosis of cognitively unimpaired (CU, n = 198), mild

cognitive impairment due to AD (MCI, n = 13), or AD dementia (AD,

n = 2). The average time between lumbar puncture and DWI scan

across all participants was 142 days (median: 91, standard deviation

[SD]: 125, range: 562). All study procedures were approved by The

University of Wisconsin Health Sciences Institutional Review Board

and all participants provided written informed consent.

2.2 CSF biomarker acquisition and designation of
amyloid and tau pathology status

CSF samples were collected via lumbar puncture after a minimum 4-

hour fast, stored a−80◦C, and assayed at the Clinical Neurochemistry

Laboratory, University of Gothenburg with the Roche NeuroToolKit

(NTK).26 Immunoassays were performed on either a cobas e 601 ana-

lyzer (Elecsys β-Amyloid (1-42) CSF, β-Amyloid (1-40) CSF, Elecsys

Phospho-Tau (181P) CSF) or a cobas e 411 analyzer (NfL, neurogranin,

α-synuclein, GFAP, sTREM2, and YKL-40).

Cutoffs (+ or −) for amyloid (Aβ42/40) and tau (pTau) pathologies

were established as follows: the Aβ42/40 threshold (<0.046, Aβ42/40+)
was derived using receiver operator characteristic (ROC) curve analy-

sis in combination with Youden’s J statistic, utilizing [C-11] Pittsburgh

compound B positron emission tomography imaging positivity as the

standard of comparison. The pTau threshold (≥ 24.8 pg/mL, pTau+)

was designated to be 2 SD above the mean of a reference group of

RESEARCH INCONTEXT

1. Systematic review: We used PubMed to comprehen-

sively review literature focused on diffusion-weighted

imaging (DWI) studies of brain changes associated with

Alzheimer’s disease (AD). Numerous studies have used

diffusion tensor imaging (DTI) to identify microstruc-

tural brain alterations associated with cerebrospinal fluid

(CSF) markers of AD pathology and neurodegeneration.

However, very few have used neurite orientation disper-

sion and density imaging (NODDI), and none have used

mean apparent propagator (MAP) MRI. To our knowl-

edge, this constitutes the first study of white matter

(WM) changes associated with AD usingMAP-MRI.

2. Interpretation: Our results suggest that WM alterations

are more extensive in AD progression than is commonly

appreciated and that sophisticated DWI models such

as MAP-MRI may be better suited for detecting early

AD-related neurodegeneration than conventional DTI.

3. Future directions: Studies which implement advanced

DWI techniques such as MAP-MRI may provide invalu-

able biomarkers for the detection of incipient pathologi-

cal brain changes associated with early AD.

223 Aβ42/40− cognitively unimpaired younger participants whose age

ranged between 45 and 60 years.20,26

2.3 DWI acquisition and processing

Participants were scanned on 1 of 2 3T MR750 scanners (GE Health-

care, Waukesha, WI) with 32-channel head coils (NovaMedical; Wilm-

ington, MA) located at either the Waisman Center (nscanner1 = 59)

or the Wisconsin Institute for Medical Research at UW-Health

(nscanner2 = 154), in Madison, WI. DWI images were acquired using

either a 3-shell or 5-shell DWI protocol. DWI acquisition parameters

are provided in Table S1.

All DWI images were corrected for noise,27 Gibbs ringing,27 and

eddy current-induced distortions28–30 and 5-shell images were cor-

rected for susceptibility-induced distortions.31 Diffusion tensors were

estimated in each voxel with weighted least squares regression using b

values <1500 s/mm2 (i.e., the 2 inner shells) and DTI parameter maps

(FA, MD, RD, AxD) were computed. The NODDI model was imple-

mented via the Diffusion Microstructure Imaging in Python toolbox,32

using d∥ =1.7𝜇m2/ms, to calculateNDI,ODI, and ISOparametermaps.

MAP-MRI was applied to the diffusion data with Diffusion Imaging in

Python software,33 which fit theDWI signal toHermite basis functions

using a radial order of 6 and regularized the corresponding basis coeffi-

cientswith the Laplacian of the reconstructed signal.16 The regularized
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basis coefficients were utilized to calculate parameter maps of RTOP,

RTAP, RTPP,MSD, NG, NG⊥, NG∥, andQIV (Figure S1).

2.4 Tract-based spatial statistics (TBSS)
processing

In order to evaluate the relationship between all diffusion metrics

and CSF biomarkers across WM regions, diffusion parameter maps

were processed with the TBSS pipeline.34 FA maps for all 213 par-

ticipants were registered to MNI 152 1 mm3 space with nonlinear

registration.30 The resultant warps were used to register the other 14

diffusion parameter maps into the same space. The FA maps in MNI

space were used to estimate a population mean FA (WM) skeleton via

a cutoff FA value of 0.2, and all other DWImetrics were projected onto

this skeleton so that statistical analysis could be performed.

2.5 Data harmonization

Prior to statistical testing, all diffusion data were harmonized across

scanner (scanner 1 vs. scanner 2) and diffusion protocol (3 shell

vs. 5 shell) using neuroHarmonize software in Python.35,36 Neuro-

Harmonize allows for the application of the Combat algorithm, a

well-established technique that was first introduced to remove batch-

effects in genomics,37 directly to the harmonization of quantitative

brain imaging data. Age and sex were specified as linear covariates, so

that only the effects of scanner and diffusion protocol were minimized

during the harmonization process.

2.6 Linear modeling and statistics

Each imaging voxel was fit to the following general linear model (GLM)

using Randomise38:

DiffusionParamter = 𝛽0 + 𝛽1 ∗ (CSFbiomarker) + 𝛽2 ∗ (Age)

+𝛽3 ∗ (sex) + 𝜀 (1)

This model is linear with respect to CSF biomarker (continuous

variable) and incudes age (continuous variable) and sex (categorical

variable) as covariates. All data were demeaned, and threshold-free

cluster enhancement39 was utilized to identify clusters of WM skele-

ton voxels that exhibited significant associations between diffusion

parameters and CSF biomarkers after nonparametric permutation

testing (with 5000 permutations), correcting for multiple comparisons

across voxels (Pcorr < 0.05). In order to preserve statistical power,

no corrections for multiple comparisons were made across DWI-CSF

associations.

The percentage of WM skeleton voxels exhibiting significant asso-

ciations between diffusion parameters and CSF biomarkers were

computed for each DWI-CSF marker pair along with corresponding

effect sizes (Cohen’s f2). Binarymasks of these voxelswere created and

combined to: (1) count thenumberof diffusionparameters significantly

associated with each of Aβ42/42, pTau, pTau/Aβ42, and NfL in eachWM

voxel and (2) compare the composite associations of MAP-MRI (com-

bining associations of RTOP, RTAP, RTPP, MSD, NG, NG⊥ NG∥, QIV),

NODDI (combining associations of NDI, ODI, ISO), and DTI (combining

associations of FA, MD, RD, AxD) metrics to Aβ42/42, pTau, pTau/Aβ42,
and NfL, respectively.

2.7 Supplementary analyses

Weperformed 4 supplementary analyses: (1) To ascertain the relation-

ship between diffusion metrics and CSF biomarkers of AD pathology

in an entirely preclinical population, we excluded all MCI and AD par-

ticipants from our analysis and ran the same GLM (Equation 1) in the

198 cognitively unimpaired controls in our sample. (2) To increase the

sensitivity of DTImetrics to CSF biomarkers, we recomputedDTImaps

utilizing an additional shell of DWI data (up to b = 2000 s/mm2 in the

3-shell dataset and up to b = 2700 s/mm2 in the 5-shell dataset) and

reran theGLM (Equation 1) with these alternativeDTImaps. (3) To test

the effectiveness of the data harmonization across diffusion protocols,

we reran the GLM (Equation 1) with the 3-shell (n = 153) and 5-shell

(n = 60) diffusion parameter maps independently and compared the

number and direction (+ or−) of resultant significant relationships. (4)

To gauge the strength of associations across different WM regions in

thebrain,weextractedDWImetrics from3WMROIs (the corpus callo-

sum [CC], cingulum [CING], and superior longitudinal fasciculus [SLF])

using the JHU ICBMWMatlas40 and computed partial Pearson corre-

lations between select DWImeasures and CSFmarkers, correcting for

age and sex.

3 RESULTS

3.1 Widespread associations with markers of AD
pathology and axonal degeneration

Overall, there were widespread significant relationships between dif-

fusion metrics of WM microstructure and CSF markers for amyloid

plaques, phosphorylated tau proteins, and axonal degeneration across

the brain (Figures 1–3, Table 2). CSF NfL, an indicator of axonal

degeneration, was significantly associated with 9 different diffusion

parameters (Positive: ODI, ISO, MSD, QIV; Negative: NDI, RTPP, NG,

NG, NG⊥), pTau/Aβ42 was associatedwith 7 parameters (Positive: ODI,

QIV; Negative: NDI, RTPP, NG, NG⊥, NG∥), pTau with 6 (Positive:

ODI, QIV; Negative: NDI, RTPP, NG, NG⊥), and Aβ42/40 was positively
associated with 4 (NDI, RTOP, NG, and NG⊥). Three different diffu-

sion metrics, NG, NG⊥, and NDI, were each significantly associated

with Aβ42/40, pTau, pTau/Aβ42, and NfL. Of note, NG⊥ had the most

extensive association with any of the 9 CSF markers among the 15

diffusion parameters assessed. Notably, 91.5% of the WM skeleton

exhibited a significant relationship betweenNG⊥ andpTau.Meanwhile,
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F IGURE 1 Count of diffusion parameters having significant associations with CSFmarkers of AD pathology and neurodegeneration overlaid
on the 1mmMNI 152 standard T1 template. Each voxel is color-coded by the number of diffusion parameters that have significant associations
with the given CSFmarker (top row: Aβ42/40, 2nd row: pTau, 3rd row: pTau/AB42, bottom row: NfL) in that voxel.WM is delineated by themean FA
skeleton of all subjects (green). Results are corrected for age, sex, andmultiple comparisons across voxels with p< 0.05.

TABLE 2 Percentage ofWM skeleton voxels with significant associations (positive: bold, negative: light, or none: blank) between CSFmarkers
and diffusion parameters ofWMmicrostructure (corrected for age, sex, andmultiple comparisons across voxels, p< 0.05) in 213 participants

CSFMarker FA MD RD AxD NDI ODI ISO RTOP RTAP RTPP MSD NG NG⊥ NG∥ QIV

Aβ42/Aβ40 49.0 70.6 26.3 25.8

pTau 3.0 3.0 8.0 82.2 91.5 30.9

pTau/Aβ42 84.2 10.3 3.3 25.0 14.2 41.7 62.1

NfL 77.4 24.7 57.8 80.6 3.7 59.0 41.7 14.0 83.1

α-synuclein 7.6 35.5

sTREM2 31.7 7.6 10.7 2.8 49.6

GFAP 0.53 60.6 9.5 26.5

Neurogranin

YKL-40

Note: That the associations between each DWI-CSFmarker pair were always in the same direction acrossWMvoxels.
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6 of 11 MOODY ET AL.

F IGURE 2 WMskeleton voxels (highlighted using the TBSS_fill command) with significant associations between CSFmarkers (top panel:
Aβ42/40, bottom panel: pTau) and DWIMetrics (MAP-MRI: Red, NODDI: Blue, DTI: None) overlaid on the 1mmMNI 152 standard T1 template.
WM is delineated by themean FA skeleton of all subjects (green). Results are corrected for age, sex, andmultiple comparisons across voxels with
p< 0.05.

NG was also extensively related to pTau in 82.2% of WM skeleton

voxels, while NDI was pervasively associated with pTau/Aβ42 in 84.2%
of WM skeleton voxels. Of the 9 total associations between diffusion

microstructural parameters and NfL, QIV and RTPP were the most

prevalent, with 83.1% and 80.6% of WM skeleton voxels related for

each metric, respectively (Table 2). Most of the significant DWI-CSF

relationships persisted in separate analyses of the 3-shell and 5-shell

data (Tables S5–S6) and 21 different DWI-CSF marker pairs exhibited

significant associations when analysis was restricted to 198 preclinical

participants (Table S3).

When the 2 inner shells of DWI data were used to fit diffusion ten-

sors to each imaging voxel (all b values <1500 s/mm2), no DTI metrics

had significant relationshipswith Aβ42/40, pTau, pTau/ Aβ42, or NfL that
survived corrections for age, sex, andmultiple comparisons across vox-

els (Table 2). However, when incorporating an extra shell into the DTI

model, RD, MD, and AxDwere all positively associated with NfL, while

MD and RDwere positively related to pTau/Aβ42 (Table S4).
WM regions with the largest number of total diffusion parame-

ters associated with CSF markers included the CING, CC, and SLF

(Figure 1). Conversely, areas with the fewest number were pri-

marily concentrated in the brainstem and peripheral brain regions.

Partial correlations between select CSF markers and DWI metrics

extracted from the CC, CING, and SLF ranged from weak to moderate

(Figures S2–S5).
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MOODY ET AL. 7 of 11

F IGURE 3 WMskeleton voxels (highlighted using the TBSS_fill command) with significant associations between CSFmarkers (top panel:
pTau/Aβ42, bottom panel: NfL) and DWImetrics (MAP-MRI: rbed, NODDI: blue, DTI: none) overlaid on the 1mmMNI 152 standard T1 template.
WM is delineated by themean FA skeleton of all subjects (green). Results are corrected for age, sex, andmultiple comparisons across voxels with
p< 0.05.

3.2 MAP-MRI and sensitivity to amyloid and tau
pathology

A comparison of DWI techniques revealed that MAP-MRI metrics had

particularly widespread associations with Aβ42/40 and pTau and larger
corresponding effect sizes, compared with NODDI and DTI metrics

(Figure 2, Table 2, Table S2).With respect toAβ42/40, 3 of the 4diffusion
indices that had significant associations with this amyloid biomarker

were MAP-MRI metrics (RTOP, NG, and NG⊥), with RTOP being the

most prevalent. Comparably, of the 6-diffusion metrics meaningfully

related to pTau, 4 were MAP-MRI metrics (RTPP, NG, NG⊥, QIV), with

NG⊥ having themost robust relationship to pTau (Table 2). Despite dif-

fering sensitivities to Aβ42/40 and pTau levels, MAP-MRI and NODDI

performed similarly in being able to detect changes in pTau/Aβ42 across
the brain (Figure 3).

3.3 Associations with markers of synaptic
degeneration, glial activation, and inflammation

Notable associations between DWI metrics and sTREM2, GFAP, and

α-synuclein were also observed. There were 5 diffusion metrics with a

meaningful relationship to sTREM2 (Positive: MD, RD, AxD; Negative:

NG, NG⊥), 4 to GFAP (Positive: FA, NDI; Negative: ISO, MSD), and 2

to α-synuclein (Negative: NG, NG⊥). These included particularly large

associations between NG⊥ and α-synuclein (in 35.5% of WM skeleton
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8 of 11 MOODY ET AL.

voxels) and sTREM2 (in 49.6% of WM skeleton voxels) as well as

betweenNDI andGFAP (in 60.6%ofWMskeleton voxels). Lastly, there

were zero significant associations between any diffusion parameter

and YKL-40 or neurogranin (Table 2).

4 DISCUSSION

While MRI investigations of neurodegeneration in AD have most

commonly focused on gross macrostructural brain changes, such as

reduced cortical volume and thickness, there is now considerable

evidence to suggest that neurodegeneration can be captured with

techniques sensitive to tissue microstructure along the AD continuum

even prior to cortical atrophy.13 Furthermore, studies have shown that

degenerative WMmicrostructural changes, including axonal degener-

ation, demyelination, inflammation, and alterations in cellularity, are

involved in AD and methods that measure these phenomena pro-

vide useful and complementary information related to the onset and

progressionofADpathology. In this study,weused3distinctDWI tech-

niques to identify widespread relationships between CSF markers of

AD and DWI markers of WM degeneration along the AD continuum,

whichmay suggest that little subcorticalWM is spared from the effects

of AD.

4.1 DWI is a clinically viable tool for identifying
microstructural changes associated with AD

The widespread sensitivity of DWI microstructural metrics to CSF

biomarkers of AD pathology and neurodegeneration suggests that

DWI may have untapped potential in a clinical setting. For exam-

ple, among our participants, NDI, NG, and NG| each had associations

with at least 4 different CSF markers that covered more than 20%

of the WM skeleton. The extensive associations between diffusion

parameters and CSF biomarkers of AD pathology in a largely pre-

clinical sample such as ours, suggests that these measures may hold

the potential to identify the very earliest WM microstructural alter-

ations associated with AD in cognitively unimpaired adults, years

before the manifestation of cognitive and clinical symptoms of demen-

tia. Correspondingly, after removing MCI and AD participants from

our sample, over 20 associations between DWI metrics and CSF

markers remained significant, including 6 diffusion metrics that were

sensitive to NfL (NDI, ODI, ISO, RTPP, NG, NG⊥), 4 to pTau/Aβ42
(NDI, ODI, RTOP, NG∥), 4 to Aβ42/40 (NDI, RTOP, NG, NG⊥), and 3

to pTau (NG, NG⊥). While the associations were much less exten-

sive across the WM skeleton voxels of the brain, there remained 8

different DWI indices that had some significant sensitivity to CSF

markers of AD pathology or neurodegeneration, among our preclin-

ical cohort. Notably, the diffusion imaging sequences applied in this

study can be acquired in under 10 min,42 making the derivation of

these metrics a clinically viable tool for early detection of AD-related

neurodegeneration.

4.2 MAP-MRI and NODDI may be sensitive to
microstructural signatures of AD-related
neurodegeneration

In our study, MAP-MRI outperformed NODDI and DTI in detecting

changes in CSF biomarkers of AD pathology and neurodegeneration

across theWMfiber bundles of thebrain. Thismaybe a consequenceof

the fact that MAP-MRI metrics more directly relate to the microstruc-

tural features of brain tissue and characterize non-Gaussian diffusion

profiles indicative of more complex tissue organization. Therefore,

these markers may be especially sensitive to common neurodegener-

ative changes, including those central to AD pathology, such as axonal

degeneration, demyelination, inflammation, and reductions in tissue

cellularity.

For example, water diffusion is highly restricted within axons,

dendrites, and cellular membranes and organelles, resulting in non-

Gaussian diffusion. Decreased Non-Gaussianity (NG) from MAP-MRI

suggests reduced tissue complexity and is likely a sensitive marker of

axonal loss and demyelination,15 which are 2 hallmark features of AD-

relatedWM degeneration.43,44 NfL, which was predictive of NG, NG⊥,

and NG∥ in our sample, is sensitive to both.45,46 Moreover, NG⊥ had a

strikingly widespread association with α-synuclein, a presynaptic pro-
tein and known marker for synaptic degeneration.22 In this context,

it is likely that damaged synapses (in the cortices) are concurrently

affecting nearby (subcortical) WM and that NG⊥, by detecting sub-

tle increases in diffusion Gaussianity in the affected area, is sensitive

to this damage. Additionally, higher Aβ42/40 levels in our sample were

predictive of widespread increases in RTOP, suggesting that amyloid

accumulation in AD is associated with pervasive reductions in tissue

restriction.

Furthermore, MAP-MRI and NODDI metrics exhibited widespread

associations with pTau/Aβ42, and NfL. Notably, increases in bothmark-

ers were predictive of extensive reductions in NDI, suggesting that

reduced neurite density may be a characteristic feature of early

AD pathology. These relationships pervaded association, commissural,

projection and brainstem fiber bundles, spanning every lobule of the

brain.While several studiesofWMhyperintensities inADhave focused

on frontal and temporal regions associated with memory and exec-

utive function,47–49 our results suggest that WM changes in early

pre-symptomatic stagers ofADprogressionmight bemorewidespread

than is commonly appreciated. It is possible that the microstructural

WM changes detected by DWI indices in this study are happening on

a whole brain scale, in parallel with well-documented global atrophy of

WMand graymatter structures.

4.3 Limitations

A few limitations should be noted. First, we are limited by our cross-

sectional study design. Ideally, we would have multiple CSF biomarker

measurements and DWIs per participant, so that we could better

account for individual variability in brain structure and age-related
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changes to both CSF and DWI markers. Second, some caution should

be used when interpreting DWI indices and CSF biomarkers. For

example, a change in RTOP may be dictated by changes in cellular-

ity, myelination, and axonal volume.14,15,50,51 Without corroborating

histological studies, it can be difficult to attribute specific DWI mea-

surements to specific tissue properties. Similarly, in amostly preclinical

cohort, pTau does not directly reflect the regional accumulation of

neurofibrillary tangles and is probably, at least in part, indicative of

a neuronal response to the deposition of β-amyloid proteins.13,52 As

a result, it is likely that some of our DWI associations with pTau

are artificially inflated by underlying amyloid pathology. Third, we

did not consider the presence of WM hyperintensities (WMH) in

our analysis. Because previous studies have shown that DTI53 and

NODDI54 metrics are associated with the presence of WMH and

because the majority of individuals over the age of 60 exhibit WMH,53

we cannot rule out the possibility that some of our results may be

influenced by uneven macrostructural WM damage between partici-

pants. Last, while data harmonization reduces the variability between

DWI protocols, it cannot entirely remove protocol-dependent differ-

ences in sensitivity to tissue properties. Because of this, we assessed

the associations between DWI metrics and CSF markers in the 3-

shell and 5-shell cohorts independently, finding evidence that some of

these relationships appear to be robust to differences in acquisition

parameters.
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