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

morphology.

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


…

→ Morphometricity summarises the evidence.

Y = Xβ+Zu + ε

m2 = Var
Var + Var

X
Z

covariates (age, sex, …)

is standardized
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diet items (cereal, dried fruits, poultry, processed meat), time spent

driving, red blood cell count, frequency of walks and small exercise.

Notably, the brain-morphometricity of the depression score could be

completely explained by differences in weight and BMI (R2base-

line = 0.050, SE = 0.018; R2baseline + height = 0.048, SE = 0.017, R2
baseline

+ height + BMI + weight < 0.001, SE = 0.007), and none of the associations

between grey-matter structure and depression symptoms remained

significant conditioning on weight and BMI (Tiredness, Anhedonia,

Poor appetite-overeating, R2
baseline + height + BMI + weight < 0.014). Yet,

even after controlling for body size, we still detected a significant

morphometricity for cheese intake as well as time watching TV (Data

set S3), suggesting that these behaviours are associated with brain

structure irrespective of body size. The morphometricity estimates in

the UKB replication sample aligned with those from the discovery

sample (cor = 0.90), except for age and sex that showed larger associ-

ations with grey-matter structure in the replication analysis (Figure S6).

In the HCP data set, after controlling for body size, four of the

27 associations did not remain significant (Data set S4) though we

had limited power to detect associations smaller than R2 of 0.2 in this

sample (see Appendix S7).

In light of these results, we chose a conservative approach to con-

trol for body size variables in the main text, though the analyses using

baseline covariates can be found in the supplementary. We

acknowledge (see discussion) that this may be overly conservative, by

implicitly making strong assumptions about body size acting as a con-

founding factor. On the other hand, it avoids reporting associations

that may be fully or in part caused by differences in body shape.

3.3 | Grey-matter correlations

We estimated grey-matter correlation (rGM) between the phenotypes

that showed significant brain-morphometricity in the univariate ana-

lyses (Figure 2). rGM can be interpreted as the correlation between the

grey-matter vertices associations with each trait. We controlled for

height, weight and BMI on top of the baseline covariates, leaving a

conservative set of 35 UKB (18 HCP) phenotypes (Figure 3; Data set

S5 [UKB], Data set S6 [HCP]). In the UKB, we observed significant

positive grey-matter correlations between cognition domains, sub-

stance use phenotypes or between measures of physical activity

(Figure 3). In addition, we found unexpected large grey-matter corre-

lations. For example, cheese intake and forced expiratory volume

were both correlated (rGM = 1.0, SE = 0.11) with fluid intelligence, and

waist circumference was correlated with overall health rating and

pulse rate (rGM > 0.67). Overall, 9 out of the 26 significant correlations

replicated in the UKB replication sample (p < .05/26 that is, p < 1.9e−3,

F IGURE 2 Circular barplot of the associations (R2) between phenotypes and grey-matter structure vertices (morphometricity). For clarity, we
only plotted the significant associations in the UKB discovery (Panel a) and HCP sample (Panel b). We applied Bonferroni correcting to account
for multiple testing in each sample. The black bars represent the 95% confidence intervals of the morphometricity estimates. For context, we also
present the association R2 between phenotypes and covariates of the baseline model, as per the legend under the barplot. As some covariates
may be correlated, the R2 was calculated by adding progressively the covariates in that order: acquisition and processing variables (labelled
“other”), age, sex and head size (ICV, total cortical thickness and surface area). Age and sex were not included as covariates when studying them
as phenotypes. See Data set S3, S4 for full results. See Figure S1 for positive control associations
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Generative vs Fitted model
YN,1 = XN,cβc,1+ZN,MuM,1 + εN,1

 number of subjectsN
 number of MRI data pointsM ≈ 150000

ε ∼ 𝒩(0,Iσ2
e )

u ∼ 𝒩(0,Iσ2
b /M)
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Generative vs Fitted model
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Generative vs Fitted model
YN,1 = XN,cβc,1+ZN,MuM,1 + εN,1

 number of subjectsN
 number of MRI data pointsM ≈ 150000

ε ∼ 𝒩(0,Iσ2
e )

u ∼ 𝒩(0,Iσ2
b /M)

Var(Zu) = Z Var(u)Z⊤ = Z σ2
b

M
Z⊤ = Bσ2

b BN,N = ZZ⊤

M

Generative model Fitted modelLinear Mixed 
Models

Y = Xβ+Zu + ε Y = Xβ + b + ϵ

Z is standardized

Brain Relatedness Matrix: inter-subject 
correlation of the brain data
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σ2

σ
b

b
2Morphometricity:    m2 = + σ2e

σ2
b /M)u ∼ 𝒩(0,I σ2

bb ∼ 𝒩(0,B )



The key independence hypothesis

Assumes independence of the voxel-specific contributions: 
the contribution from one voxel is independent from that of the next
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Standard assumption: independence
Var(Zu) = Z Var(u)Z⊤

BN,N = ZZ⊤

M

Generative model Fitted model

Y = Xβ+Zu + ε Y = Xβ + b + ϵ
Linear Mixed 

Models

u ∼ 𝒩(0,Iσ2
b /M) σ2

b σ2
b= Z

M
Z⊤ = B

σ2
bb ∼ 𝒩(0,B )



→ incorporate smoothness in the voxel-specific contributions
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The key independence hypothesis

Standard assumption: independence

More general assumption on  u

Var(Zu) = Z Var(u)Z⊤

BN,N = ZZ⊤

M

Generative model Fitted model

Y = Xβ+Zu + ε Y = Xβ + b + ϵ
Linear Mixed 

Models

u ∼ 𝒩(0,Iσ2
b /M) σ2

b σ2
b= Z

M
Z⊤ = B

σ2
bb ∼ 𝒩(0,B )

σ2
bu ∼ 𝒩(0,Σu /M)

σ2
bVar(Zu) = ZΣu M

Z⊤ σ2
bb ∼ 𝒩(0,ZΣuZ⊤ /M)



Stationary smooth noise process assumption 

Standard assumption: independence

More general assumption on  u

Var(Zu) = Z Var(u)Z⊤

BN,N = ZZ⊤

M

Bf =
(ZKf)(ZKf)⊤

M,  Σu = cfKfK⊤
f cf = M

Tr(KfK⊤
f )

Generative model Fitted model

Y = Xβ+Zu + ε Y = Xβ + b + ϵ
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Linear Mixed 
Models

The key independence hypothesis

 smoothing matrix, FWHM M × M f

u ∼ 𝒩(0,Iσ2
b /M) σ2

b σ2
b= Z

M
Z⊤ = B

σ2
bb ∼ 𝒩(0,B )

σ2
bu ∼ 𝒩(0,Σu /M)

σ2
bVar(Zu) = ZΣu M

Z⊤ σ2
bb ∼ 𝒩(0,ZΣuZ⊤ /M)

σ2
bb ∼ 𝒩(0,Bf cf)



Simulations
Generative model Fitted model

Y = Xβ+Zu + ε Y = Xβ + b + ϵ

real  Z : 500 subjects from the UK Biobank (Miller et al., 2016) 
: 154055 voxel values from gray matter VBM images

N
M → standardize

Estimate the fitted model with R’s lmekin (Therneau, 2012) and compute  m2

simulate  250 times 
simulate  250 times for each scenario 

ε
u → compute  Y

→ compute  under the different assumptionsVar(b)
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Linear Mixed 
Models



Simulation: Impact of Model Misspecification
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 is computed with m2

Σu = I

 is simulated under →u

0.5 1 1.5
(voxel side fraction)



Simulation: Accounting for Smoothness

 is computed with 
the correct 

m2

Σu
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 is simulated under →u



Real data
: UKB-VBM Z

: BMI Y

: Sex, Age, ICV, 
Date, Center, Head 
motion 

X
Where are we?
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 is computed with →m2



Conclusions

Thank you!

• When latent effects of brain measures  are assumed independent, 
morphometricity is positively biased.


• If 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. 

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

u
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