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Late Onset Alzheimer’s Disease

Jack et al, Lancet Neurol 2010; 
Frisoni et al, Nature Rev Neurol 2010

Vascularity Sociodemographic

Genetics

Microbiome

?
…
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Introduction New opportunities (and challenges)

+
Data science & statistical learning Alzheimer’s research & Brain imaging

Imaging Genetics

Towards novel disease models and improved diagnostic
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DNA is the blueprint of individuals

Genotype - phenotype
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Many inter-subject differences are 
due to single variations in DNA

A single difference at a specific 
nucleotide position

SNPs and individual variability
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A statistical characterization of SNPs

>1% population without same nucleotide

> ~107 estimated SNPs in human genome

- 6

SNPs and individual variability



Haplotype
Individual’s combination of SNPs 

Individual SNP 
profiles
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What is in there?

Novembre et al, Genes mirror geography within Europe, Nature 456, 2008

~500k SNPs

1st and 2nd PCA components

• Avg prediction error: 310 km 
• 90% within 700 km
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What about disease susceptibility?

Pharmacological intervention

SNP profile Drug Response
A Poor
B Good
C None
D Good

Disease understanding
Minor Allele ε2 ε3 ε4

General 
Frequency 

8.4% 77.9% 13.7%

AD Frequency 3.9% 59.4% 36.7%
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Genetic basis of (sporadic) Alzheimer
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Majority of current studies based on MASS UNIVARIATE ANALYSIS (GWAS)
Very large samples required (~10-100K)

Low explained variability

Is it all about APOE?
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Genetic heritability in twins up to 80% 
Gatz et al, Arch Gen Psychiatry 2006

A handful of established genes
APOE, CLU, PICALM, CR1, …

overall leading to small risk factor

Introduction 

Guerreiro et al,
Biochemincal Society Trans. 2011

AD missing heritability remains extensive

GWAS in Alzheimer’s disease
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• Multivariate Modeling in Imaging Genetics

• Online learning for multicentric studies

• Genetic analysis through disease progression modeling

Imaging-genetics: 
multimodal analysis of heterogeneous data
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• Multivariate Modeling in Imaging Genetics

• Online learning for multicentric studies

• Genetic analysis through disease progression modeling

Imaging-genetics: 
multimodal analysis of heterogeneous data
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Imaging-genetics
Identifying genetic modulators of the brain phenotype

Genetics
Genetic variants (Single Nucleotide Polymorphism - SNP - ) 

100’000 to 1’000’000 
voxels

> 1’000’000 known SNPs

Brain imaging
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……

Iterate for > 1’000’000 variants
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……

Iterate for > 1’000’000 variants

Iterate for > 1’000’000 
image locations
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……

Iterate for > 1’000’000 variants

Iterate for > 1’000’000 
image locations

• Hard interpretability

• False positive discoveries

• No interaction across brain and genetic areas
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Li Shen and Paul Thompson, Brain Imaging Genomics: Integrated Analysis and Machine Learning, Proceedings of the IEEE, 2019. 

A recent review paper (Shen and Thompson 2019)
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Li Shen and Paul Thompson, Brain Imaging Genomics: Integrated Analysis and Machine Learning, Proceedings of the IEEE, 2019. 

A recent review paper (Shen and Thompson 2019)

Chapters 
5 to 7

101 cited 
papers!



chromosome N

candidate SNP

chromosome Nchromosome 1 …

chromosome Nchromosome 1 …

many SNP (~106)  

several scalars

many voxel /mesh 
measures (~105)

GWAs

low

high

statistical 
complexity

very high

Association between SNP and brain features
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Multivariate modeling and dimensionality reduction

…

N individuals

~106 SNPs

N individuals

~105 brain features

X Y

f(X) g(Y)

f(X)

g(Y)

f(X)            g(Y)
maximal association

Correlation
Canonical Correlation Analysis

Covariance
Partial Least Squares
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Latent variable models
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= . + e

XY w

The building-block: linear model
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=

X

tX

wXT

=

Y

tY

wY
T

+ + eX eY

Formalization of latent variable models
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tX

wXT

=

Y

tY

wY
T

X

wX

wXT

tX

Y

wY

wY
T

tY

+ + eX eY

Goal:

Identifying 
- Projections 

(loadings) w
- Latent 

representation 
(scores) t

Formalization of latent variable models

Geladi and Kowalski, Analytica Chimica Acta, 1985
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X

tX

wXT

N

dX

N

1

1
dX

Formalization of latent variable models

Y

tY

wYT

N

dY

N

1

1
dY
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X

tX

wXT

N

dX

N

1

1
dX

X wX

N

1

Y wY

N

1

Formalization of latent variable models

||wX|| = 1 ||wY|| = 1

Y

tY

wYT

N

dY

N

1

1
dY

Cov(X wX , Y wY)
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Principal Components Analysis (case X=Y)
A variance maximisation problem:
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Non-linear iterative partial least squares - NIPALS 
Wold 1975

X

w

wT
tX

Why it works:

Then

eigen-solution of the 
covariance matrix X T X 

Geladi and Kowalski, Analytica Chimica Acta, 1985
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Canonical Correlation Analysis

A correlation maximisation problem:

j
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Canonical Correlation Analysis

A correlation maximisation problem:

j

Cross-covariance

Within-modality covariance
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Canonical Correlation Analysis
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Canonical Correlation Analysis
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Canonical Correlation Analysis

CCA is solved as a 
generalized 
eigenvalue problem
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Canonical Correlation Analysis (alternative formula)

The quantity is maximized when parallel to 
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Canonical Correlation Analysis (alternative formula)

Eigen-solution for the matrix
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Partial Least Squares

A co-variance maximisation problem:
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The PLS problem is solved 
via singular value 
decomposition (SVD) of the 
covariance matrix SXY

Partial Least Squares

PLS and regularized CCA

d ∞
PLS
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Non-linear iterative partial least squares - NIPALS

left eigen-solution of XT Y

Geladi and Kowalski, Analytica Chimica Acta, 1985

scikit-learn/sklearn/cross_decomposition

X

wX

wX
T

tX

Y

wY

wY
T

tY

https://github.com/scikit-learn/scikit-learn
https://github.com/scikit-learn/scikit-learn/tree/master/sklearn
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Non-linear iterative partial least squares - NIPALS

X

wX

wX
T

tX

Y

wY

wY
T

tY

Geladi and Kowalski, Analytica Chimica Acta, 1985

scikit-learn/sklearn/cross_decomposition

https://github.com/scikit-learn/scikit-learn
https://github.com/scikit-learn/scikit-learn/tree/master/sklearn
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Non-linear iterative partial least squares - NIPALS 
Deflation

Iterate until 
- residual component negligible epsilon
- Difference between consecutive residual components negligible

Geladi and Kowalski, Analytica Chimica Acta, 1985
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Reduced Rank Regression

= . + eY

XY A B
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Reduced Rank Regression

Solution associated to the eigen-decomposition of the matrix
Matrix encoding 
prior knowledge 
on Y
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CCA

Reduced Rank Regression

Solution associated to the eigen-decomposition of the matrix
Matrix encoding 
prior knowledge 
on Y

Special case:

RRR solutions:
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Sparsity in latent variable models
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L(w) = ||Y �Xw||2 + �||w||2
<latexit sha1_base64="ekMBK2IGOZCovlPstC0BoeAk04g="></latexit>

dL
dw

= �2Y TX +wTXTX + �wT

<latexit sha1_base64="xosHRH70Kszm2nsU0R86hZiejWQ="></latexit>

w = (XTX + �Id)�1XTY
<latexit sha1_base64="rMRI3WwDe5SWiB5nM31CQXXfm3I=">AAACFHicbVBLSwMxGMz6rPW16tFLsAiVYtn1gV6Eohe9VehL+iKbzbah2eySZJWy7I/w4l/x4kERrx68+W/Mtj1o60BgmPm+JDNOyKhUlvVtzM0vLC4tZ1ayq2vrG5vm1nZNBpHApIoDFoiGgyRhlJOqooqRRigI8h1G6s7gKvXr90RIGvCKGoak7aMepx7FSGmpaxZaPlJ9x4sfEngB841OpQELsMX0DS6CN+5BJz60E6j1O9g1c1bRGgHOEntCcmCCctf8arkBjnzCFWZIyqZthaodI6EoZiTJtiJJQoQHqEeamnLkE9mOR6ESuK8VF3qB0IcrOFJ/b8TIl3LoO3oyjSCnvVT8z2tGyjtvx5SHkSIcjx/yIgZVANOGoEsFwYoNNUFYUP1XiPtIIKx0j1ldgj0deZbUjor2cfH09iRXupzUkQG7YA/kgQ3OQAlcgzKoAgwewTN4BW/Gk/FivBsf49E5Y7KzA/7A+PwBvtqcGQ==</latexit>

Worked example: Ridge linear regression 

Shrinkage parameter towards zero solutions
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S. Waaijenborg, A. H. Zwinderman, Penalized canonical correlation analysis to quantify the association
between gene expression and dna markers, in: BMC proceedings, Vol. 1, BioMed Central, 2007
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Group-wise penalization

a1 = {snp11, snp12, . . . , snp1k}
<latexit sha1_base64="mmKIrZkO8BzoBI7ygxRGwJ+sMXc="></latexit>

a2 = {snp21, snp22, . . . , snp2l }
<latexit sha1_base64="BB6mA04t9uIE430qQpmR9QZ3Z1w="></latexit>

Vonou et al, NeuroImage 2010; Silver et al, NeuroImage, 2012; Zhu et al, 2017; …
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Group-wise penalization

Reduced-rank regression proposed by Silver et al, 2012:

genetic dataImaging features

Mapping from genetics to latent space
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Generative representation of multimodal data

X1

X 2

X 3

X 4

Antelmi, Ayache, Robert and Lorenzi, ICML 2019
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Patient’s latent
status

Generative representation of multimodal data

z ?

Decoding: data reconstruction from the latent representation

X1

X 2

X 3

X 4

p(X1,X 2 ,X 3,X 4 | z)

Decoding

Antelmi, Ayache, Robert and Lorenzi, ICML 2019
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Generative representation of multimodal data

Encoding: latent representation from the data

q(z | X1)

X1

X 2

X 3

X 4

Encoding Decoding

Decoding: data reconstruction from the latent representation

Patient’s latent
status

p(X1,X 2 ,X 3,X 4 | z)

Antelmi, Ayache, Robert and Lorenzi, ICML 2019
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Generative representation of multimodal data

X1

X 2

X 3

X 4

Encoding

Decoding: data reconstruction from the latent representation
Encoding: latent representation from the data

p(X1,X 2 ,X 3,X 4 | z)q(z | X 2 )

Patient’s latent
status

Decoding

Antelmi, Ayache, Robert and Lorenzi, ICML 2019
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Generative representation of multimodal data

X1

X 2

X 3

X 4

Encoding

Decoding: data reconstruction from the latent representation
Encoding: latent representation from the data

p(X1,X 2 ,X 3,X 4 | z)q(z | X 3)

Patient’s latent
status

Decoding

Antelmi, Ayache, Robert and Lorenzi, ICML 2019
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Generative representation of multimodal data

X1

X 2

X 3

X 4

Encoding

Decoding: data reconstruction from the latent representation
Encoding: latent representation from the data

p(X1,X 2 ,X 3,X 4 | z)q(z | X 4 )

Patient’s latent
status

Decoding

Antelmi, Ayache, Robert and Lorenzi, ICML 2019
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Generative representation of multimodal data

X1

X 2

X 3

X 4

Encoding

Decoding: data reconstruction from the latent representation
Encoding: latent representation from the data

p(X1,X 2 ,X 3,X 4 | z)

p(z | X1,X 2 ,X 3,X 4 )

Patient’s latent
status

Decoding

Antelmi, Ayache, Robert and Lorenzi, ICML 2019
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Latent variable models via Variational Autoencoders

z
<latexit sha1_base64="TLZ3v3NstqZJEcdwlliS40L1bo4=">AAAB8XicbVDLSgMxFL3js9ZX1aWbYBFclRkf6LLoxmUF+8C2lEx6pw3NZIYkI9Shf+HGhSJu/Rt3/o2ZdhbaeiBwOOdecu7xY8G1cd1vZ2l5ZXVtvbBR3Nza3tkt7e03dJQohnUWiUi1fKpRcIl1w43AVqyQhr7Apj+6yfzmIyrNI3lvxjF2QzqQPOCMGis9dEJqhn6QPk16pbJbcacgi8TLSRly1Hqlr04/YkmI0jBBtW57bmy6KVWGM4GTYifRGFM2ogNsWyppiLqbThNPyLFV+iSIlH3SkKn6eyOlodbj0LeTWUI972Xif147McFVN+UyTgxKNvsoSAQxEcnOJ32ukBkxtoQyxW1WwoZUUWZsSUVbgjd/8iJpnFa8s8rF3Xm5ep3XUYBDOIIT8OASqnALNagDAwnP8ApvjnZenHfnYza65OQ7B/AHzucPApaRJQ==</latexit>

p(x|z)
<latexit sha1_base64="8P547N3kcnPtCup8yrttaiGXgyQ=">AAACAXicbZDLSsNAFIZP6q3WW9SN4GawCHVTEi/osujGZQV7gbaUyXTSDp1cmJmINcaNr+LGhSJufQt3vo2TNoK2/jDw8Z9zmHN+J+RMKsv6MnJz8wuLS/nlwsrq2vqGublVl0EkCK2RgAei6WBJOfNpTTHFaTMUFHsOpw1neJHWGzdUSBb412oU0o6H+z5zGcFKW11zJyy1PawGjhvfJvc/eJccdM2iVbbGQrNgZ1CETNWu+dnuBSTyqK8Ix1K2bCtUnRgLxQinSaEdSRpiMsR92tLoY4/KTjy+IEH72ukhNxD6+QqN3d8TMfakHHmO7kxXlNO11Pyv1oqUe9aJmR9Givpk8pEbcaQClMaBekxQovhIAyaC6V0RGWCBidKhFXQI9vTJs1A/LNtH5ZOr42LlPIsjD7uwByWw4RQqcAlVqAGBB3iCF3g1Ho1n4814n7TmjGxmG/7I+PgGLMyXXQ==</latexit>

p(z|x)
<latexit sha1_base64="oYvSrdSAsYtgYKpMtEf1F6dZddk=">AAACAXicbZDLSsNAFIZP6q3WW9SN4GawCHVTEi/osujGZQV7gbaUyXTSDp1cmJmINcaNr+LGhSJufQt3vo2TNoK2/jDw8Z9zmHN+J+RMKsv6MnJz8wuLS/nlwsrq2vqGublVl0EkCK2RgAei6WBJOfNpTTHFaTMUFHsOpw1neJHWGzdUSBb412oU0o6H+z5zGcFKW11zJyy1PawGjhvfJfc/eJscdM2iVbbGQrNgZ1CETNWu+dnuBSTyqK8Ix1K2bCtUnRgLxQinSaEdSRpiMsR92tLoY4/KTjy+IEH72ukhNxD6+QqN3d8TMfakHHmO7kxXlNO11Pyv1oqUe9aJmR9Givpk8pEbcaQClMaBekxQovhIAyaC6V0RGWCBidKhFXQI9vTJs1A/LNtH5ZOr42LlPIsjD7uwByWw4RQqcAlVqAGBB3iCF3g1Ho1n4814n7TmjGxmG/7I+PgGLOKXXQ==</latexit>

p(z|x) =
Z

z
p(x|z)p(z)dz

<latexit sha1_base64="4w4PMcyfMAGcdFUz3sXPMDg6r9k=">AAACRnicbVA7T8MwGPxS3uVVYGSxqJDapUp4CBYkBAsjSLRUaqPIcR2wcJzIdlBLyK9jYWbjJ7AwgBArbhtUaDnJ0unuPvvz+TFnStv2i1WYmp6ZnZtfKC4uLa+sltbWGypKJKF1EvFINn2sKGeC1jXTnDZjSXHoc3rl3572/as7KhWLxKXuxdQN8bVgASNYG8kruXGlHWJ94wfpffbwQ7tZFR2hNhPaS0d2hkbh7ih8n1V/X1LtjLhXKts1ewA0SZyclCHHuVd6bncikoRUaMKxUi3HjrWbYqkZ4TQrthNFY0xu8TVtGSpwSJWbDmrI0LZROiiIpDlCo4H6eyLFoVK90DfJ/oZq3OuL/3mtRAeHbspEnGgqyPChIOFIR6jfKeowSYnmPUMwkczsisgNlpho03zRlOCMf3mSNHZqzm5t/2KvfHyS1zEPm7AFFXDgAI7hDM6hDgQe4RXe4cN6st6sT+trGC1Y+cwG/EEBvgGwrrRL</latexit>

LikelihoodPosterior

Difficult to compute

q(z|x)
<latexit sha1_base64="xtLVJSHCldwp5eZczmB6x27AWKg=">AAACAXicbZDLSsNAFIZPvNZ6i7oR3ASLUDcl8YIui25cVrAXaEOZTCft0MkkzkzEGuPGV3HjQhG3voU738ZpG0Fbfxj4+M85zDm/FzEqlW1/GTOzc/MLi7ml/PLK6tq6ubFZk2EsMKnikIWi4SFJGOWkqqhipBEJggKPkbrXPx/W6zdESBryKzWIiBugLqc+xUhpq21uXxdbAVI9z0/u0vsfvE3322bBLtkjWdPgZFCATJW2+dnqhDgOCFeYISmbjh0pN0FCUcxImm/FkkQI91GXNDVyFBDpJqMLUmtPOx3LD4V+XFkj9/dEggIpB4GnO4crysna0Pyv1oyVf+omlEexIhyPP/JjZqnQGsZhdaggWLGBBoQF1btauIcEwkqHltchOJMnT0PtoOQclo4vjwrlsyyOHOzALhTBgRMowwVUoAoYHuAJXuDVeDSejTfjfdw6Y2QzW/BHxsc3Ln2XXg==</latexit>

Idea: find a “close enough” and simple approximation

x
<latexit sha1_base64="/tcPcMfilM9KvIRAckbvsNW2ZlE=">AAAB8XicbVDLSgMxFL3js9ZX1aWbYBFclRkf6LLoxmUF+8C2lEx6pw3NZIYkI5ahf+HGhSJu/Rt3/o2ZdhbaeiBwOOdecu7xY8G1cd1vZ2l5ZXVtvbBR3Nza3tkt7e03dJQohnUWiUi1fKpRcIl1w43AVqyQhr7Apj+6yfzmIyrNI3lvxjF2QzqQPOCMGis9dEJqhn6QPk16pbJbcacgi8TLSRly1Hqlr04/YkmI0jBBtW57bmy6KVWGM4GTYifRGFM2ogNsWyppiLqbThNPyLFV+iSIlH3SkKn6eyOlodbj0LeTWUI972Xif147McFVN+UyTgxKNvsoSAQxEcnOJ32ukBkxtoQyxW1WwoZUUWZsSUVbgjd/8iJpnFa8s8rF3Xm5ep3XUYBDOIIT8OASqnALNagDAwnP8ApvjnZenHfnYza65OQ7B/AHzucP/32RIw==</latexit>

Kingma &Welling, 2014; Rezende et al. 2014
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z
<latexit sha1_base64="TLZ3v3NstqZJEcdwlliS40L1bo4=">AAAB8XicbVDLSgMxFL3js9ZX1aWbYBFclRkf6LLoxmUF+8C2lEx6pw3NZIYkI9Shf+HGhSJu/Rt3/o2ZdhbaeiBwOOdecu7xY8G1cd1vZ2l5ZXVtvbBR3Nza3tkt7e03dJQohnUWiUi1fKpRcIl1w43AVqyQhr7Apj+6yfzmIyrNI3lvxjF2QzqQPOCMGis9dEJqhn6QPk16pbJbcacgi8TLSRly1Hqlr04/YkmI0jBBtW57bmy6KVWGM4GTYifRGFM2ogNsWyppiLqbThNPyLFV+iSIlH3SkKn6eyOlodbj0LeTWUI972Xif147McFVN+UyTgxKNvsoSAQxEcnOJ32ukBkxtoQyxW1WwoZUUWZsSUVbgjd/8iJpnFa8s8rF3Xm5ep3XUYBDOIIT8OASqnALNagDAwnP8ApvjnZenHfnYza65OQ7B/AHzucPApaRJQ==</latexit>

x
<latexit sha1_base64="/tcPcMfilM9KvIRAckbvsNW2ZlE=">AAAB8XicbVDLSgMxFL3js9ZX1aWbYBFclRkf6LLoxmUF+8C2lEx6pw3NZIYkI5ahf+HGhSJu/Rt3/o2ZdhbaeiBwOOdecu7xY8G1cd1vZ2l5ZXVtvbBR3Nza3tkt7e03dJQohnUWiUi1fKpRcIl1w43AVqyQhr7Apj+6yfzmIyrNI3lvxjF2QzqQPOCMGis9dEJqhn6QPk16pbJbcacgi8TLSRly1Hqlr04/YkmI0jBBtW57bmy6KVWGM4GTYifRGFM2ogNsWyppiLqbThNPyLFV+iSIlH3SkKn6eyOlodbj0LeTWUI972Xif147McFVN+UyTgxKNvsoSAQxEcnOJ32ukBkxtoQyxW1WwoZUUWZsSUVbgjd/8iJpnFa8s8rF3Xm5ep3XUYBDOIIT8OASqnALNagDAwnP8ApvjnZenHfnYza65OQ7B/AHzucP/32RIw==</latexit>

DKL[q(z|x)||p(z|x)]
<latexit sha1_base64="32ocWmCzGk7AD7I3MKhgrPCn62s=">AAACJXicdZDLSsNAFIYn9VbrLerSzWAR6qYkXtCFi6IuBF1UsBdoQ5lMJ+3QycWZiVjTvIwbX8WNC4sIrnwVJ20EbfXAwMf/n8Oc89sBo0IaxoeWmZmdm1/ILuaWlldW1/T1jarwQ45JBfvM53UbCcKoRyqSSkbqASfItRmp2b2zxK/dES6o793IfkAsF3U86lCMpJJa+sl5K7q8ihu3haaLZNd2ood48I338S4cDGDwj2e19LxRNEYFp8FMIQ/SKrf0YbPt49AlnsQMCdEwjUBaEeKSYkbiXDMUJEC4hzqkodBDLhFWNLoyhjtKaUPH5+p5Eo7UnxMRcoXou7bqTHYUk14i/uU1QukcWxH1glASD48/ckIGpQ+TyGCbcoIl6ytAmFO1K8RdxBGWKticCsGcPHkaqntFc794eH2QL52mcWTBFtgGBWCCI1ACF6AMKgCDR/AMXsFQe9JetDftfdya0dKZTfCrtM8vtDimow==</latexit>

Ez⇠q log[q(z|x)]�Ez⇠q log[p(z|x)]
<latexit sha1_base64="ohEgQ1dfFfYZZjhk/VmJoMeX2wY=">AAACUXichVFJSwMxGP06brV1qXr0EixCPVhmXNBjUQSPFewCnaFk0kwbzCxNMmId5y960JP/w4sHxXQRtRV8EHi89z3y5cWNOJPKNF8yxtz8wuJSdjmXX1ldWy9sbNZlGAtCayTkoWi6WFLOAlpTTHHajATFvstpw705H/qNWyokC4NrNYio4+NuwDxGsNJSu9Czfax6rpdcpO3ki9+ntmQ+6qc2D7utfulbf7jbc3JoH/2fiqZS7ULRLJsjoFliTUgRJqi2C092JySxTwNFOJayZZmRchIsFCOcpjk7ljTC5AZ3aUvTAPtUOsmokRTtaqWDvFDoEyg0Un8mEuxLOfBdPTncUk57Q/EvrxUr79RJWBDFigZkfJEXc6RCNKwXdZigRPGBJpgIpndFpIcFJkp/Qk6XYE0/eZbUD8rWYfn46qhYOZvUkYVt2IESWHACFbiEKtSAwCO8wjt8ZJ4zbwYYxnjUyEwyW/ALRv4TblS2gw==</latexit>

=

C. M. Bishop, Pattern Recognition and Machine Learning, Ch.10, Ed. 2006

Latent variable models via Variational Autoencoders
Kingma &Welling, 2014; Rezende et al. 2014
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z
<latexit sha1_base64="TLZ3v3NstqZJEcdwlliS40L1bo4=">AAAB8XicbVDLSgMxFL3js9ZX1aWbYBFclRkf6LLoxmUF+8C2lEx6pw3NZIYkI9Shf+HGhSJu/Rt3/o2ZdhbaeiBwOOdecu7xY8G1cd1vZ2l5ZXVtvbBR3Nza3tkt7e03dJQohnUWiUi1fKpRcIl1w43AVqyQhr7Apj+6yfzmIyrNI3lvxjF2QzqQPOCMGis9dEJqhn6QPk16pbJbcacgi8TLSRly1Hqlr04/YkmI0jBBtW57bmy6KVWGM4GTYifRGFM2ogNsWyppiLqbThNPyLFV+iSIlH3SkKn6eyOlodbj0LeTWUI972Xif147McFVN+UyTgxKNvsoSAQxEcnOJ32ukBkxtoQyxW1WwoZUUWZsSUVbgjd/8iJpnFa8s8rF3Xm5ep3XUYBDOIIT8OASqnALNagDAwnP8ApvjnZenHfnYza65OQ7B/AHzucPApaRJQ==</latexit>

x
<latexit sha1_base64="/tcPcMfilM9KvIRAckbvsNW2ZlE=">AAAB8XicbVDLSgMxFL3js9ZX1aWbYBFclRkf6LLoxmUF+8C2lEx6pw3NZIYkI5ahf+HGhSJu/Rt3/o2ZdhbaeiBwOOdecu7xY8G1cd1vZ2l5ZXVtvbBR3Nza3tkt7e03dJQohnUWiUi1fKpRcIl1w43AVqyQhr7Apj+6yfzmIyrNI3lvxjF2QzqQPOCMGis9dEJqhn6QPk16pbJbcacgi8TLSRly1Hqlr04/YkmI0jBBtW57bmy6KVWGM4GTYifRGFM2ogNsWyppiLqbThNPyLFV+iSIlH3SkKn6eyOlodbj0LeTWUI972Xif147McFVN+UyTgxKNvsoSAQxEcnOJ32ukBkxtoQyxW1WwoZUUWZsSUVbgjd/8iJpnFa8s8rF3Xm5ep3XUYBDOIIT8OASqnALNagDAwnP8ApvjnZenHfnYza65OQ7B/AHzucP/32RIw==</latexit>

L = Ez⇠q log[p(x|z)]�DKL[q(z|x)||p(z)]
<latexit sha1_base64="k29Zl8EB0zg6dB9CpruVPwYeaTA="></latexit>

DKL[q(z|x)||p(z|x)]
<latexit sha1_base64="32ocWmCzGk7AD7I3MKhgrPCn62s=">AAACJXicdZDLSsNAFIYn9VbrLerSzWAR6qYkXtCFi6IuBF1UsBdoQ5lMJ+3QycWZiVjTvIwbX8WNC4sIrnwVJ20EbfXAwMf/n8Oc89sBo0IaxoeWmZmdm1/ILuaWlldW1/T1jarwQ45JBfvM53UbCcKoRyqSSkbqASfItRmp2b2zxK/dES6o793IfkAsF3U86lCMpJJa+sl5K7q8ihu3haaLZNd2ood48I338S4cDGDwj2e19LxRNEYFp8FMIQ/SKrf0YbPt49AlnsQMCdEwjUBaEeKSYkbiXDMUJEC4hzqkodBDLhFWNLoyhjtKaUPH5+p5Eo7UnxMRcoXou7bqTHYUk14i/uU1QukcWxH1glASD48/ckIGpQ+TyGCbcoIl6ytAmFO1K8RdxBGWKticCsGcPHkaqntFc794eH2QL52mcWTBFtgGBWCCI1ACF6AMKgCDR/AMXsFQe9JetDftfdya0dKZTfCrtM8vtDimow==</latexit>

Ez⇠q log[q(z|x)]�Ez⇠q log[p(z|x)]
<latexit sha1_base64="ohEgQ1dfFfYZZjhk/VmJoMeX2wY=">AAACUXichVFJSwMxGP06brV1qXr0EixCPVhmXNBjUQSPFewCnaFk0kwbzCxNMmId5y960JP/w4sHxXQRtRV8EHi89z3y5cWNOJPKNF8yxtz8wuJSdjmXX1ldWy9sbNZlGAtCayTkoWi6WFLOAlpTTHHajATFvstpw705H/qNWyokC4NrNYio4+NuwDxGsNJSu9Czfax6rpdcpO3ki9+ntmQ+6qc2D7utfulbf7jbc3JoH/2fiqZS7ULRLJsjoFliTUgRJqi2C092JySxTwNFOJayZZmRchIsFCOcpjk7ljTC5AZ3aUvTAPtUOsmokRTtaqWDvFDoEyg0Un8mEuxLOfBdPTncUk57Q/EvrxUr79RJWBDFigZkfJEXc6RCNKwXdZigRPGBJpgIpndFpIcFJkp/Qk6XYE0/eZbUD8rWYfn46qhYOZvUkYVt2IESWHACFbiEKtSAwCO8wjt8ZJ4zbwYYxnjUyEwyW/ALRv4TblS2gw==</latexit>

=

reconstruction regularization

Evidence lower bound (ELBO)

C. M. Bishop, Pattern Recognition and Machine Learning, Ch.10, Ed. 2006

Latent variable models via Variational Autoencoders
Kingma &Welling, 2014; Rezende et al. 2014
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Generative representation of multimodal data

p(X | z)

dist q(z | Xc ), p(z | X1,X 2 ,...,Xc )( )
minimize

Antelmi, Ayache, Robert and Lorenzi, ICML 2019
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Generative representation of multimodal data

p(X | z)

1
C

Eq( z|Xc )
c=1

C

∑ [ ln p(Xi | z)i∑ ]−DKL q(z | Xc ) || p(z)( )

Evidence Lower bound (ELBO)

dist q(z | Xc ), p(z | X1,X 2 ,...,Xc )( )
minimize

Antelmi, Ayache, Robert and Lorenzi, ICML 2019
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Generative representation of multimodal data

p(X | z)

1
C

Eq( z|Xc )
c=1

C

∑ [ ln p(Xi | z)i∑ ]−DKL q(z | Xc ) || p(z)( )

Evidence Lower bound (ELBO)

Encoding for given channel

dist q(z | Xc ), p(z | X1,X 2 ,...,Xc )( )
minimize

Antelmi, Ayache, Robert and Lorenzi, ICML 2019
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Generative representation of multimodal data

p(X | z)

1
C

Eq( z|Xc )
c=1

C

∑ [ ln p(Xi | z)i∑ ]−DKL q(z | Xc ) || p(z)( )

Evidence Lower bound (ELBO)

Encoding for given channel
Reconstruction of all channels

dist q(z | Xc ), p(z | X1,X 2 ,...,Xc )( )
minimize

Antelmi, Ayache, Robert and Lorenzi, ICML 2019
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Generative representation of multimodal data

p(X | z)

1
C

Eq( z|Xc )
c=1

C

∑ [ ln p(Xi | z)i∑ ]−DKL q(z | Xc ) || p(z)( )

Evidence Lower bound (ELBO)

Encoding for given channel
Reconstruction of all channels
Regularization: sparsity inducing prior

[Kingma et al, NIPS, 2015; Molchanov et al, ICML 2017]

dist q(z | Xc ), p(z | X1,X 2 ,...,Xc )( )
minimize

Antelmi, Ayache, Robert and Lorenzi, ICML 2019



- 71

training testing

Prediction from latent space

Accuracy (SD)

Joint modeling of
- Brain imaging:

Structural (T1 MRI)
Molecular (FDG-PET + Amy-PET)

- Socio-demographic factors
- Clinical scores

Antelmi, Ayache, Robert and Lorenzi, ICML 2019
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Generation from latent space

Patient’s latent status
from cognitive scores only

z

healthy

pathological

Antelmi, Ayache, Robert and Lorenzi, ICML 2019

• Improved interpretability
• Multi-channel: working with missing data/data imputation
• Simulations for clinical trials

Atrophy abnormality (MRI)

Metabolism abnormality (FDG)

Amyloid abnormality (AV45)
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An example of PLS in imaging-genetics



Introduction 
Maximizing the joint relationship between genetic variants and brain features

Liu et al, Front in Neuroinformatics, 2014; Silver et al, NeuroImage 2012; Szymczak et al, Genetic Epidemiology 2009; … 

X = N individuals

~106 SNPs

N individuals

~105 brain features

Partial least squares (PLS)

Multivariate Association studies

- 74

Y = 

maxp,q Cov( X . p, Y . q )



Introduction 

chromosome N

PLS weights
= 

relative importance

Maximizing the joint relationship between genetic variants and brain features

Y = 

X = N individuals

~106 SNPs

N individuals

~105 brain features

maxp,q Cov( X . p, Y . q )
Partial least squares (PLS)

Multivariate Association studies

Liu et al, Front in Neuroinformatics, 2014; Silver et al, NeuroImage 2012; Szymczak et al, Genetic Epidemiology 2009; … 
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Pros. Overcomes issues of mass univariate analysis
• Avoiding independent multiple testing
• Exploring SNP-SNP interaction (epistatic effects)

Introduction 

chromosome N

PLS weights
= 

relative importance

Cons. 
• Overfitting and reproducibility
• Computational complexity

Maximizing the joint relationship between genetic variants and brain features

X = N individuals

~106 SNPs

N individuals

~105 brain features

Partial least squares (PLS)

Multivariate Association studies

Liu et al, Front in Neuroinformatics, 2014; Silver et al, NeuroImage 2012; Szymczak et al, Genetic Epidemiology 2009; … 
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Y = 

maxp,q Cov( X . p, Y . q )



Stability assessment
Imaging genetic

Random partitioning of the 
population in non-overlapping 

groups (split-half)
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Partitioning of chromosomes (bin size: 10k )

PLS weights associated to individual SNPs PLS weights associated to individual SNPs

Extraction of PLS 
componentsPLS PLS

Stability assessment
Random partitioning of the 

population in non-overlapping 
groups (split-half)
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Imaging genetic

Top 5%

PLS PLS

Partitioning of chromosomes (bin size: 10k )

PLS weights associated to individual SNPs PLS weights associated to individual SNPs

Extraction of PLS 
components

Random partitioning of the 
population in non-overlapping 

groups (split-half)

Stability assessment

- 79



1111 000 0 1 1 1 10 00 000

PLS PLS

Identification of 
relevant loci
(binarization)

Stability assessment
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PLS PLS

1111 1 1 1 100

1 1
.

0

Stable estimator of 
relevant loci

(AND) 

Stability assessment
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PLS PLS

1111 1 1 1 100

1 1
.

0

Stable estimator of 
relevant loci

(AND) 

106

iterations

Stability assessment

- 82



PLS PLS

1111 000 0 1 1 1 10 00 000

Same procedure for the assessment of brain thickness 
component at each mesh point

106

iterations

1 1
.

0

Stable estimator of 
relevant loci

(AND) 

Stability assessment
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Healthy AD

N 401 238

Age (years) 74.45 74.72

Sex (% females) 49 45

MMSE 29.1 23.2

Apoe4 (% 0/1/2) 72/26/2 31/48/21

Phenotype features
• Freesurfer brain cortical thickness maps (327,684 mesh points) 
• Radial distance of hippocampi and amygdalae (27,120 mesh points) [Gutman et al, NeuroImage 2013]

Genotype features
• Individuals' minor allele counts for 1,167,126 SNPs in chromosomes 1 to 22 

Standard quality control: MAF < 0.01, Genotype Call Rate <95% , Hardy-Weinberg Equilibrium < 1x10-6.

Imputation to HapMap III reference panel, quality controlled (MAF > 0.01 and R-squared > 0.3)

adni.loni.usc.edu

Study cohort
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B. Gutman Paul M. Thompson

Lorenzi, Altmann, Gutman, Wray, Arber, et al, PNAS, 115 (12), 2018
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A multivariate answer

A. Altmann

Lorenzi, Altmann, Gutman, Wray, Arber, et al, PNAS, 115 (12), 2018



PLS statistical result
chromosome N

p relevant 
locus

proximal areas (+/- 5kbp) 

Analysis
of genomic areas

- 86

Investigating biological mechanisms 
through Meta-analysis

Lorenzi, Altmann, Gutman, Wray, Arber, et al, PNAS, 115 (12), 2018



PLS statistical result
chromosome N

p relevant 
locus

Analysis
of genomic areas

Querying gene annotation databases 

- 87

Investigating biological mechanisms 
through Meta-analysis

McLaren et al. The Ensembl Variant Effect Predictor. Genome Biology, 2016

proximal areas (+/- 5kbp) 

Lorenzi, Altmann, Gutman, Wray, Arber, et al, PNAS, 115 (12), 2018



148 SNP-gene combinations

14 Significantly expressed genes

TM2D1 (amyloid-beta binding protein),
IL10RA (increase in hippo in mouse model),
TRIB3 
(neuronal cell death, modulates PSEN1 stability, interacts 
with APP) 

6 tested tissues
hippocampus, whole blood, 
Adipose subcutaneous, artery tibia, nerve tibial, 
treated fibroblast

- 88

Investigating biological mechanisms 
through Meta-analysis

TM2D1 0.005 0.053
IL10RA 0.107 0.620
TRIB3 0.003 0.003
ZBTB7A 0.036 0.913
LYSMD4 0.000 0.206
CRYL1 0.621 0.118
FAM135B 0.000 0.559
IP6K3 0.000 0.465
ITGA1 0.099 0.731
KIN 0.001 0.206
LAMC1 0.002 0.062
LINC00941 0.000 0.690
RBPMS2 0.000 0.215
RP11-181K3.4 0.002 0.053

Significance (p-value)
training testing

S. Wray

Lorenzi, Altmann, Gutman, Wray, Arber, et al, PNAS, 115 (12), 2018
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• Multivariate Modeling in Imaging Genetics

• Online learning for multicentric studies

• Genetic analysis through disease progression modeling

Imaging-genetics: 
multimodal analysis of heterogeneous data
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Large multicentric clinical studies

Data for ~100’000 individuals
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Big Data in medicine

Single hospital: 100s – 1’000s patients

Data from many hospitals needed

Access to multiple centers data 
falls into General Data Protection Regulation (GDPR):
Privacy, confidentiality, security, ...

Data cannot be gathered in a single centre!
Standard learning algorithms cannot be used in multicentric data
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Big Data in medicine
Circumventing the problem of data access
Federated-analysis (or meta-analysis)

Is the association significant?

Hospital 1 2 3 4 …

Answer yes yes no yes …

Meta-answer: 
yes

• No data sharing
• Ok for standard statistical testing 

(p-values, effect size)
• No complex modeling possible
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C1

C2
C3

CN

…

Advanced Data Science through federated learning
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C1

C2
C3

CN

…

Parameters
are computed locally

Advanced Data Science through federated learning
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C1

C2
C3

CN

…

Parameters
are shared

Advanced Data Science through federated learning
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C1

C2
C3

CN

…

A federated model is 
learned

Advanced Data Science through federated learning
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C1

C2
C3

CN

…

The federated model 
is shared

Advanced Data Science through federated learning
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C1

C2
C3

CN

…

The procedure is 
iterated

Advanced Data Science through federated learning
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Federated analysis toolkit

A methodology for distributed

Linear modeling Matrix factorization

=

Allows a federated framework for several key statistical operations: 
Data standardization, accounting for covariates, dimensionality reduction, ...
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Standard statistical pipeline in multivariate analysis

• Data standardization
• Confounding effect correction
• Multivariate analysis
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Federated moment estimation: Mean

x −µ
σ

µ =
xi∑
N

x1 + x2

x1 + x2 + x3 + x4

x1 + x2 + x3 + x4 + ...+ xNC1

C2

CN

Silva S., Gutman B., Romero E., Thompson P., Altmann A. and Lorenzi M. ISBI 2019, arXiv:1810.08553



- 102

σ 2 =
(xi −µ)

2∑
N −1

M 2,n =M 2,n−1 + (xn − xn−1)(xn − xn )

M 2,D1

M 2,D2

M 2,N

x −µ
σ

C1

C2

CN
σ 2 =

M 2,N

N

Federated moment estimation: SD

Silva S., Gutman B., Romero E., Thompson P., Altmann A. and Lorenzi M. ISBI 2019, arXiv:1810.08553
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Federated linear modeling

L(Y | X ,W ) = Y − XWT 2
W = (X T X )−1X TY

X

Y W

Silva S., Gutman B., Romero E., Thompson P., Altmann A. and Lorenzi M. ISBI 2019, arXiv:1810.08553
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L(Y | X ,W ) = Y − XWT 2
W = (X T X )−1X TY

C1

C2

CN

Federated linear modeling

X

Y

Silva S., Gutman B., Romero E., Thompson P., Altmann A. and Lorenzi M. ISBI 2019, arXiv:1810.08553
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L(Y | X ,W ) = Y − XWT 2
W = (X T X )−1X TY

X1,Y1 X 2 ,Y2 XN ,YN
W1

W2
WN

C1

C2

CN

Federated linear modeling

Silva S., Gutman B., Romero E., Thompson P., Altmann A. and Lorenzi M. ISBI 2019, arXiv:1810.08553
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L(Y | X ,W ) = Y − XWT 2

X1,Y1 X 2 ,Y2 XN ,YN
W1

W2
WN

C1

C2

CN

L(Yc | Xc ,Wc ) = Yc − XcWc
T 2

Federated linear modeling

Silva S., Gutman B., Romero E., Thompson P., Altmann A. and Lorenzi M. ISBI 2019, arXiv:1810.08553
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L(Y | X ,W ) = Y − XWT 2

X1,Y1 X 2 ,Y2 XN ,YN
W1

W2
WN

C1

C2

CN

L(Yc | Xc ,Wc ) = Yc − XcWc
T 2

Wc =W

Federated linear modeling

Silva S., Gutman B., Romero E., Thompson P., Altmann A. and Lorenzi M. ISBI 2019, arXiv:1810.08553
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Alternating direction method of multipliers

Lρ (Wc , !W ,α) = L(Yc | Xc ,Wc )
c
∑ + αc ,Wc −

!W +
ρ
2
Wc −

!W
2

2

2

Silva S., Gutman B., Romero E., Thompson P., Altmann A. and Lorenzi M. ISBI 2019, arXiv:1810.08553
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Alternating direction method of multipliers

Lρ (Wc , !W ,α) = L(Yc | Xc ,Wc )
c
∑ + αc ,Wc −

!W +
ρ
2
Wc −

!W
2

2

2

Wc
(k+1) = argminWc Lρ (Wc , !W

(k ) ,αc
(k ) ) = (Xc

T Xc +
ρ
2
Id )−1(Xc

TYc −
1
2
αc
(k ) +

ρ
2
!W (k ) )

Iteratively:

X1,Y1

X 2 ,Y2

XN ,YNW1

W2

WN

C1

C2

CN

Silva S., Gutman B., Romero E., Thompson P., Altmann A. and Lorenzi M. ISBI 2019, arXiv:1810.08553
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Alternating direction method of multipliers

Lρ (Wc , !W ,α) = L(Yc | Xc ,Wc )
c
∑ + αc ,Wc −

!W +
ρ
2
Wc −

!W
2

2

2

Iteratively:

X1,Y1

X 2 ,Y2

XN ,YNW1

W2

WN

C1

C2

CN

!W (k+1) = argmin !W Lρ (Wc
(k+1) , !W ,αc

(k ) ) = 1
C

αc
(k )

ρ
+Wc

(k+1)∑

!W

Silva S., Gutman B., Romero E., Thompson P., Altmann A. and Lorenzi M. ISBI 2019, arXiv:1810.08553
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Alternating direction method of multipliers

Lρ (Wc , !W ,α) = L(Yc | Xc ,Wc )
c
∑ + αc ,Wc −

!W +
ρ
2
Wc −

!W
2

2

2

Iteratively:

αc
(k
c
(k+1) =αc

(k ) + ρ(Wc
(k+1) − !W (k+1) )

Silva S., Gutman B., Romero E., Thompson P., Altmann A. and Lorenzi M. ISBI 2019, arXiv:1810.08553
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Results on synthetic tests

Silva S., Gutman B., Romero E., Thompson P., Altmann A. and Lorenzi M. ISBI 2019, arXiv:1810.08553



C1

C2

…
CM

q brain features (~105)

N individuals chromosome 22

chromosome 1
…

X Y’

=

U Λ V’

p SNPs 
(~106) 

C1   C2 … CM

U1

Λ1V1’

U2

Λ2V2’

UM

ΛMVM’

= +  + … + 

Covariance estimation and eigen-decomposition

- 113Silva S., Gutman B., Romero E., Thompson P., Altmann A. and Lorenzi M. ISBI 2019, arXiv:1810.08553



Sequential PLSMeta PLS
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Covariance estimation and eigen-decomposition

Silva S., Gutman B., Romero E., Thompson P., Altmann A. and Lorenzi M. ISBI 2019, arXiv:1810.08553



Mean and sd of dot product Absolute feature-wise error

Testing

- 115Silva S., Gutman B., Romero E., Thompson P., Altmann A. and Lorenzi M. ISBI 2019, arXiv:1810.08553
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ADNI PPMI UK Biobank Miriad

Alzheimer’s Parkinson’s Healthy Alzheimer’s

802 232 208 68

Projection on latent components Brain subcortical components

Federated analysis of subcortical brain regions in dementia

Silva S., Gutman B., Romero E., Thompson P., Altmann A. and Lorenzi M. ISBI 2019, arXiv:1810.08553
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Meta-ImaGen
future steps

• Software freely released

• Dedicated server purchase (expected May 2019)

• Application to large scale imaging-genetics analysis 

• Industry application: 
starting collaboration with Accenture Labs

UCA IPMC, FR
Poston Lab – Stanford, USA
IRCCS Santa Lucia, IT
UCL, UK
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• Multivariate Modeling in Imaging Genetics

• Online learning for multicentric studies

• Genetic analysis through disease progression modeling

Imaging-genetics: 
multimodal analysis of heterogeneous data



Introduction 
Modeling the natural history of 

neurodegeneration

- 119

Hypothetical model The reality

Short time span

?
Assessing
• Patient severity
• Drugs effect

Disease time (15-30 years)

ab
no

rm
al

ity

Large time span

Clinical trial time (few years)



Introduction 
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Patient A

Patient B

Patient C

time

Bi
om

ar
ke

r X

End clinical trialStart clinical trial

Statistical disease progression model

Lorenzi, Filippone, Frisoni, Alexander & Ourselin, NeuroImage, 2017
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Patient A

Patient B

Patient C

time

Bi
om

ar
ke

r X

End clinical trialStart clinical trial

Modeling contraints
- smoothness
- monotonicity

Statistical disease progression model

Lorenzi, Filippone, Frisoni, Alexander & Ourselin, NeuroImage, 2017
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Patient A

Patient B

Patient C

time

Bi
om

ar
ke

r X

End clinical trialStart clinical trial

Modeling contraints
- smoothness
- monotonicity

Statistical disease progression model

Lorenzi, Filippone, Frisoni, Alexander & Ourselin, NeuroImage, 2017
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Patient A

Patient B

Patient C

time

Bi
om

ar
ke

r X

End clinical trialStart clinical trial

Disease progression

Statistical disease progression model

Lorenzi, Filippone, Frisoni, Alexander & Ourselin, NeuroImage, 2017



Introduction 
Statistical disease progression model
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Patient A

Patient B

Patient C

time

Bi
om

ar
ke

r X

End clinical trialStart clinical trial

Disease stage Patient C

Disease stage Patient B
Disease progression

Lorenzi, Filippone, Frisoni, Alexander & Ourselin, NeuroImage, 2017



Estimated long term progressions

Introduction 
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Statistical disease progression model
via monotonic Gaussian Processes (GP)

Short term data

- 125Lorenzi, Filippone, Frisoni, Alexander & Ourselin, NeuroImage, 2017

• Multivariate non-parametric random effects modeling
• Monotonic GP [Riihimäki & Vehtari, PMLR, 2010; Lorenzi & Filippone, ICML, 2018]
• Time reparameterization  [Jedynak et al, NeuroImage 2012; Durrleman et al, IJCV, 2013; Schiratti et al, NIPS 2015]

time

ab
no

rm
al

ity
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se
ve

rit
y

years years

se
ve

rit
y

years years years

Metabolism + Amyloid

Cognition

Brain
Volumes

Highlighting dynamics and relationship between biomarkers
se

ve
rit

y

years years years years

200 training subjects
- 67 healthy
- 75 AD
- 53 MCI converted
- 5 healthy converted

5 years observational time

Lorenzi, Filippone, Frisoni, Alexander & Ourselin, NeuroImage, 2017
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gpprogressionmodel.inria.fr
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Disease staging from 
cortical amyloid and hippocampal volume

Disease staging as 
composite biomarker

M.A. Scelsi A. Altmann

Scelsi, et al, Brain, 2018
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Hippocampal volume 

GWAS results

Amyloid burden

Disease staging

Scelsi, et al, Brain, 2018
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GWAS results

LCORL gene on chromosome 4p15.31

• Mediates activity-dependent synapse-to-nucleus 
communication 

• Known relationship with amyloid precursor protein (APP) 

Scelsi, et al, Brain, 2018
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