Whole brain age-related patterns of atrophy, microstructure, and cognitive decline across the adult lifespan
Stephanie Tullo1,2, Jennifer Duffy3, Raihaan Patel2,4, Gabriel A. Devenyi2,5, Alyssa Salaciak2, Saashi A. Bedford6, Sarah Farzin2, PREVENT‐AD Research Group7, Christine L. Tardif8, M. Mallar Chakravarty1,2,4,5
1

Integrated Program in Neuroscience, McGill University, Canada; 2Brain Imaging Center, Douglas Mental Health University Institute, McGill University, Verdun, Quebec, Canada; 3Department of Bioengineering, McGill University, Canada; 4Department of Biological & Biomedical Engineering, McGill University, Canada; 5Department of Psychiatry, McGill University, Canada; 6University of
Cambridge, Cambridge, United Kingdom; 7Centre for the Studies on the Prevention of AD, Douglas Mental Health University Institute, Verdun, Quebec, Canada; 8McConnell Brain Imaging Center, Montreal Neurological Institute, McGill University, Montreal, Canada.

Introduction

Methods

Subject Demographics

Results

Non-negative matrix factorization (NMF)

Improved characterization of variation observed throughout aging is critical to our understanding of pathological
[1]
aging observed in Alzheimer’s and Parkinson’s disease. This work examines variation in morphology and microstructure
across the adult lifespan, and its relationship to cognitive performance.

[2]

Component 1

A

T1w/T2w

Relative Jacobian

Latent Variable 1

(CSF)
2

0

T1w/T2w

Relative Jacobian

0

-2

Workflow

Partial Least Squares (PLS)
Component 2

A

(White matter)
2

-2

B

B

C

C

p = 2.35e-2

Deformation-based morphometry

A

Align to create a
group average
template

Map deformations from
average back to subject
MRI

Volume increase

p = 8.06e-3
Volume decrease

T1w preprocessed

A
N subject brains

B

p = 1.38e-3
D Aligned to group average
to enable voxel-by-voxel
correspondence

T1w/T2w ratio image creation
T1w
native

C

Brain extraction

p = 6.04e-8

T2w
native
T1w/T2w ratio images
A

Non-negative matrix factorization
Input Matrix

Component 4

Component 3

Glasser & van Essen (2011)

E

Voxel Components
(Spatial Covariance)

A

(Dorsal cortical gray matter)
2

Subject Weights
(Individual Variance)

T1w/T2w

(Subcortical-cortical)
2

Relative Jacobian

T1w/T2w

Relative Jacobian

0
0

Latent Variable 2

-2

k=6
-2
B
B

C

C

p = 4.47e-3

F

Partial Least Squares (PLS)

NMF subject weights matrix

age
sex
study
years education
RBANS immediate memory score
RBANS visuospatial score
RBANS language score
RBANS attention score
RBANS delayed memory score

demographic/
cognitive

Figure 1. [A] T1w images were preprocessed (minc-bpipe-library) and registered to assess MRI-derived atrophy using deformation based
morphometry (DBM) (https://github.com/cobralab/twolevel_ants_dbm); the deformation field maps the minimum deformation required at a voxel-level
(Jacobian) to map each subject to the group average, and [B] T1w/T2w images were generated to assess microstructure (Glasser & van Essen,
2011); native T1w and T2w images were rigidly registered then a voxel-wise measure of the ratio of the T1w signal by the T2w signal was computed
at each voxel of the brain. [C&D] The ratio images were then warped to the average template space to allow for voxel by voxel correspondence
between the two metrics. [E] Voxel-wise whole brain patterns were obtained using orthogonal projective NMF (Patel et al., 2020; Sotiras et al., 2015;
Yang & Oja, 2015). NMF decomposes an input matrix (composed of the ratio values and Jacobians (Jac) at each voxel for each subject) into two
matrices; 1) component weights (k=6), which describes clusters of voxels sharing a covariance pattern, and 2) subject weights, which describes how
each subject loads onto each pattern. The spatial pattern of voxel scores for each component were plotted onto the average template. Age
relationships of subject weights for each component metric were assessed using general linear models and Bonferroni correction to examine patterns
with regards to aging. [F] PLS subsequently used to investigate the association between the NMF-derived age-related patterns with cognitive
functioning. Specifically, the association between subject weights for each component and each metric and a set of demographic (age, sex,
education) and cognitive data (RBANS subset scores) was examined.

Figure 2. [1] We observed 6 distinct spatial comps
resembling well-known brain networks or
neuroanatomical subcompartments (as determined by
stability analyses, detailed in Patel et al., 2020). [2] The
spatial pattern for comp 1, characterized by higher ratio
weights, encapsulates the white matter of the brain. A
significant inverted U shaped age relationship was
observed for ratio (p=6.04e-8) and Jac subject comp
weights (p=8.06e-3). Comp 2 is characterized by higher
Jac weights, encapsulating CSF-filled voxels, with a
quadratic increase for Jac subject comp weights with age
(p=1.38e-3) and a decrease for ratio (p=2.35e-2). Comp
3 consists of dorsal cortical gray matter with linearly
declining age related to Jac (p=1.83e-11). Comp 4 was
characterized by higher Jac weights with a linear decline
with age (p=6.27e-17) for ventral cortical and subcortical
gray matter voxels; and an inverted U shaped age
relationship was observed for ratio (p=4.47e-3). Comp 5
was also characterized by Jac, where a linear decline
with age was observed (p=1.71e-6). Finally, comp 6
consists of voxels in primary sensory cortical areas
where an inverted U shape with age for ratio weights
(p=2.37e-5), with peaks occurring at ~50 years old
(Grydeland et al., 2019; Tullo et al., 2019), albeit comp 6
was characterized by higher Jac weights.
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Summary of Results
● Data-driven age-sensitive whole brain spatial patterns of myelin and volume change associated cognitive
functioning
● Decreased volume and myelin across almost the entire brain (increased volume for ventricular areas) was
associated with older age and lower visuospatial scores.
● Increased volume in dorsal cortical gray matter regions with decreased myelin in subcortical and temporal
cortices as well as in the cerebellum were associated with females, lower delayed and immediate memory,
and higher language scores.
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Figure 3. PLS analysis revealed two statistically significant LVs
(ps < 0.05). LV1 accounted for ~86% of covariance explained and
was associated with older age, less years of education, and lower
visuospatial scores. The correlating brain features included
decreased Jac and ratio for all comps, except comp 2 Jac. LV2
accounted for ~7% of covariance and was associated with females,
lower delayed and immediate memory and higher language scores.
The correlating microstructural features included decreased ratio
values for comps 4 & 5 and increased Jac for comp 3.
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