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Localized compression of grey matter maps for age 
prediction in healthy and clinical populations 

MethodsIntroduction
Ø Predicted age can be used as a

marker of brain degeneration [1]

Ø Dimensionality reduction is critical:

Ø Compression that promotes prediction
accuracy is crucial, but compression
that promotes accuracy and allows
post-hoc interpretability is better

Ø Compression should promote
biologically plausible units

Ø We examined compression based on
Ø Functional parcellation
Ø Non-negative factorization (NMF)

of structural data

Ø Compression & test healthy datasets:

Results

Discussion
Ø OPNMF: Convergence of the spatial pattern as well as good prediction performance when

the factorization of one dataset has been projected onto another dataset argue for the
biological validity and transferability of the factorization

Ø RS-parcellation: Compression of GM maps based on a functional representation (resting-
state-based parcellation) offers comparable prediction performance (than OPNMF
compression) in both healthy and clinical datasets
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1 scan 
≈ 300 000 voxels

X

1000brains Mixed

unisite multisite
n = 693 n = 1084 

age: 55-75 age: 18-81

Ø Clinical validation dataset:

OlderMixed:
Age: 55-75

HC MCI lMCI AD
n = 244 n = 64 n = 184 n = 163

55-90 55-87 56-92 56-91 

Ø Grey Matter (GM) computation:
Voxel-based morphometry (VBM8): normalization,
unified segmentation, modulation for non-linear
normalization, 8mm FWHM smoothing
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W: Sparse factorization

Ø GM Factorization: OPNMF

Factorizes high dimensional voxel 
wise data of all subjects (X) into two 
non-negative matrices, X ≈ WH 
è sparse factorization (the dictionary)
èsubject-specific loading coefficients

Factors’ range: 50-690

Ø Functional parcellation:

Ø Age prediction regression model: by fitting LASSO regression
oon the coefficient matrix obtained from the respective NNMF
oon the coefficient matrix obtained by projecting a cohort’s data on the respective other

cohort’s components
oon the parcels’ mean GM

Ø Evaluation of model generalization: 10-fold cross-validation replicated 25 times
Prediction accuracy: Mean Absolute Error (MAE)

Resting-state based 
parcellations of the 

Cerebral Cortex [2] and subcortical 
structures [3]

Functional
parcellation
OPNMF
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Granularity

Age prediction performance of OPNMF and functional parcellation

Functional parcellation OPNMF
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BrainAGE prediction in ADNI by 
models trained on 1000brains

OPNMF Mixed (470 components)

Functional parcellation (475 parcels)

OPNMF 1000BRAINS (470 components)

aR
I: 0

.28

aRI: 0.29

aRI: 0.45

Similarity between functional parcellation and OPNMF parcellations 
(measured with adjusted Rand Index, aRI) 

But OPNMF-based compression can slightly outperform resting-state-based
parcellation.
Ø The best compression of GM data should be based on structural data, but,

alternatively, opting for a representation based on functional parcellation
should not dramatically impact on the prediction performance.

Mixed factorization
Train on OlderMIXED
Test on 1000brains

Mixed factors
Cross-validation in 
1000brains

1000brains factors
Cross-validation in 
Mixed

1000brains 
factorization
Train on 1000brains
Test on OlderMixed

Mixed factorization
Train on Mixed
Test on 1000brains


