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An MRI-Based Marker of Braak Stage
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Introduction

Neurofibrillary tangles (NFTs) are a hallmark Alzheimer’s disease (AD) pathology . el T . .
linked to neurodegeneration and cognitive decline 4. While tau-PET and blood tau repeated stratified shuffle-split cross-validation (80/20 per split), using mean

assays support in-vivo detection, PET Is costly and blood markers lack regional ROC AUC as the primary metric (Fig. 2).

specificity. MRI is noninvasive and widely available, and it offers measures of not “

only neurodegeneration, but also cerebrovascular abnormalities, typically

logistic regression meta-learner (Fig. 1). Performance was assessed with 100x

inaccessible to PET or blood markers. We developed an MRI-based classifier of e ’ PrECISion TEoill Guve
Braak NFT staging using machine learning on ex-vivo MRI| and neuropathology o i
data from community-based older adults. _J
Data from four longitudinal cohort studies at the o £ 04-
Rush Alzheimer’'s Disease Center (N=91 5) were neuropaIr?glIg;ié Ez)reman;ggtfr?:tliz’scgfntle;;r?icipants. .
utilized >#. Participants underwent ex-vivo MRI and R ——— ] ~ = Random classifier
neuropathological examination to determine Braak &= S108 — Combine el U053 000 ol o= s . 0 1
stage (O-V') (Table 1) At§.§cr;’:g:t"l'.'§pgmmtt(/) §?§§§§ "% 02 074False 08 0.8 10 0.0 0.2 0.4 - 0.6 0.8 1.0
Mini-mental State Examination (MMSE), mean (SD) 19.9 (9.6) €Ca
i ment
i 2005
We developed a two-level stacking ensemble to A 108, o B | N ) |
classify advanced NFT burden (Braak V-Vivs. 0- "B o B aason v oo sacr oo b e mosaon 2 10 et
I\V) using fractional anisotropy (FA) information et s
from diffusion MRI and regional gray matter and == m e
white matter volumes. Modality-specific XGBoost """ e . . .
models generated first-level risk scores, which () o We present an MRI-based marker. of Braak NFT staging trained on ex-vivo MRI
were then combined using an L2-regularized WERDD e amotanony o a_nd_ pathology data from commu nity-based older adults, OL." ma'.“kef .
Ty e 07 distinguishes Braak V-VI with high AUC = 0.93, outperforming prior in-vivo
Fostmartam eral o o, hours (5 o109 MRI-pathology models (AUC = 0.69; V-VI vs 0-ll ) . Pending independent
{ oo ] { e } . H()((z)) 533%:;_4; validatior), this novel, noninvasive MRI marker may enable in-vivo dgtection .of
R — — et i T NFTs while the same and other MRI data from the same MRI scanning session
i soeemee il HHH csooses may allow assessment of other neurodegenerative and cerebrovascular
[ é'.'.‘::::::::::::::::::::::::::::::::::::::::::::::Ij§ abnormalities.
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