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Morphometricity

The proportion of phenotypic variation that can be explained by macroscopic brain
morphology.

BMI
The proportion of Fluid IQ variation that can be explained by MRI images of the brain.

— Morphometricity summarises the evidence.

Y = Xp+Zu +

X covariates (age, sex, ...) Var
/., is standardized m

(Sabuncu et al., 2016)



Unexpected results
Couvy-Duchesne et al., 2020
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Generative vs Fitted model

Y1 = Xy Pt Lyt + Eny
N number of subjects e ~ N(0,Ic°)

Al
M number of MRI data points &~ 150000 U ~ /V(O,Iag/M)

(Sabuncu et al., 2016)



Generative vs Fitted model

YN,l — XN,C:BC,1+ZN,MMM,1 T 8N,1

N number of subjects g~ /V((),Iaez) m
M number of MRI data points &~ 150000 U ~ /V(O,Ialf/M)
) T
O 1.7 rain Relatedness Matrix: inter-subjec
V&I’(Zu) = 7 Var(u)ZT — ZMbZT — BG[? BN,N — M Eorrelztilor: c?f the tl)\faitn datat e

(Sabuncu et al., 2016)



Generative vs Fitted model

YN,l — XN,C:BC,1+ZN,MMM,1 T 8N,1

N number of subjects g~ /V((),Iaez) m
M number of MRI data points &~ 150000 U ~ /V(O,Ialf/M)
2 T
Oy, 17 Brain Relatedness Matrix: inter-subject
Var(Zu) = 7. Var(u)ZT =7—171" = BG[? BN,N — correlation of the brain data |
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| Y =Xp+2u+¢ PO Y=X/+b+e¢€

Generative model M odele Fitted model

u ~ N0’ /M) b~ N(0,Bc))
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The key Independence hypothesis

Generative model Fitted model
Linear Mixed

Y =Xp/+7Zu+ ¢ Models Y=Xf+b+e¢

Standard assumption: independence

— T )

u ~ N (0,161 M) e b~ NOB) -
_ bT _ 2 B —
=iyt =P VN M

Assumes independence of the voxel-specific contributions:
the contribution from one voxel is independent from that of the next



The key Independence hypothesis

Generative model S Fitted model
Y =Xp+7u+e Miodels Y=Xp+b+e
Standard assumption: independence .
1 ~ A/(O,IUbZ/M) Var(Zu) = 2 Var(u)Z b ~ N, B2 ) T
T 2 B —
ZMZ = Bo;; NN — M
More general assumption on u .
u ~ V(0,20 /M) Var(Zu) = 7.2 MZT b~ N0,2Z,7" ;M)

—> incorporate smoothness in the voxel-specific contributions



The key Independence hypothesis

Generative model S Fitted model
Y =Xp/+7Zu+ ¢ Models Y=Xf+b+e¢
Standard assumption: independence .
U~ W(0.152IM) Var(Zu) = 7. Var(u)Z. b~ NO0,Bo) -
ZMZ B N.N Y
More general assumption on u
u~ N0,Z 6./M) Var(Zu) = ZZHMZT b~ N (O,ZZuZT /M)
Stationary smooth noise process assumption T
%, = ¢ KKT i b N OBo) By
= C , Cpr = e - C —

M X M smoothing matrix, FWHM f



Simulations

Generative model Fitted model
Linear Mixed

Y =Xp/+7Zu+ ¢ Models Y=Xf+b+e¢

N: 500 subjects from the UK Biobank (Miller et al., 2016)

real /. |
M: 154055 voxel values from gray matter VBM images

— standardize

- compute Var(b) under the different assumptions

simulate € 250 times

. . S compute Y
simulate 1« 250 times for each scenario P

Estimate the fitted model with R’s Imekin (Therneau, 2012) and compute
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Simulation: Impact of Model Misspecification
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Simulation: Accounting for Smoothness
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Real data
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Conclusions

 \When latent effects of brain measures 1« are assumed independent,
morphometricity is positively biased.

 |f the true correlation structure is known, an unbiased morphometricity could

be recovered but it appears very unstable, and learning the true correlation on
real data may not be practical.

* [hese considerations suggest that morphometricity should not be used until
new methods are developed that account for the impact of smoothness.

Thank you!
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