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Late Onset Alzheimer’s Disease

Jack et al, Lancet Neurol 2010;
Frisoni et al, Nature Rev Neurol 2010
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New opportunities (and challenges)
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Data science & statistical learning Alzheimer’s research & Brain imaging
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Towards novel disease models and improved diagnostic

Imaging Genetics




Genotype - phenotype

DNA is the blueprint of individuals
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SNPs and individual variability

Single Nucleotide

Polymorphisme (SNPs) Many inter-subject differences are

due to single variations in DNA

A single difference at a specific
nucleotide position



SNPs and individual variability

Linked SNPs E

outside of gene

no effect on \
protein production 5 7 . .
or function , >~107 estimated SNPs in human genome

Causative SNPs
in gene

Non-coding SNP:
@ changes amount of
protein produced Gene

Coding SNP:
® changes amino
acid sequence

A statistical characterization of SNPs

>1% population without same nucleotide

I@W—



Haplotype

Individual’s combination of SNPs

= Individual SNP
rofiles
L~ P

Haplotype from Dad
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What is in there?

~500k SNPs

1st and 2"d PCA components

e Avg prediction error: 310 km
¢ 90% within 700 km

Novembre et al, Genes mirror geography within Europe, Nature 456, 2008
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What about disease susceptibility?

SNP profile Drug Response

A Poor
B Good
C None
D Good

Pharmacological intervention

Accu-ApoE Alzheimer Test

5 minute easy to use saliva sample collection kit

USES A SAMPLE OF YOUR SALIVA SENT TO OUR LAB
FOR A DNA GENETIC ANALYSIS

Disease understanding

>
Completel " L "’ !
ompletely 5
Confidential L , - . |Results in 14 days
. 3 =4 R

General 8.4% 77.9% 13.7%
Frequency
AD Frequency 3.9% 59.4% 36.7%

This sample collection kit will allow us to test for your Apokt gene
variants as to the degree of possibility of Alzheimer’s Disease.

Your test results will be explained in detail.
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Query for: rs429358

B ENIGMA2_MeanHippocampus_C

_G t _Jan23

28.6

N
N
©

=
N
N

=
=X
»

(/W) 911 UoRBUIqUIOIBY




Is it all about APOE?

Manhattan plot
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Majority of current studies based on MASS UNIVARIATE ANALYSIS (GWAS)
Very large samples required (~10-100K)
Low explained variability
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GWAS in Alzheimer’s disease

Table 1 | Genetic loci identified by the largest GWAS in AD

Genetic heritability in twins up to 80% Locus SNP OR

Gatz et al, Arch Gen Psychiatry 2006 APOE (2075650 253 (2.41-2.66)°

au 1s11136000 0.87 (0.84-0.89)"

PICALM 1s3851179 0.87 (0.84-0.90)"

H 1s541458 0.87 (0.83-0.90)"

A handful of established genes - oot o o
APOE, CLU, PICALM, CR1], ...

overall leading to small risk factor 156656401 35x 107
BINT 15744373 1.15 (1.11-1.20)"
Guerreiro et O

Biochemincal Society Trans. 2011

CAD missing heritability remains extensive)




Imaging-genetics:
multimodal analysis of heterogeneous data

* Multivariate Modeling in Imaging Genetics

* Online learning for multicentric studies

* Genetic analysis through disease progression modeling




Imaging-genetics:
multimodal analysis of heterogeneous data

* Multivariate Modeling in Imaging Genetics




Imaging-genetics

Identifying genetic modulators of the brain phenotype

Brain imaging

100’000 to 1’000’000
voxels

Genetics
Genetic variants (Single Nucleotide Polymorphism - SNP -)
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CRAAGTACTAAGT A
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GATTCATGATTCAT

Iterate for > 1’000°000 variants




CRAAGRACTFAAGHA

GATTCATGATTCAT

GATTCATGATTCATGATTCAT

Iterate for > 1’000°000 variants

Iterate for > 1’000°000
image locations




CRAAGRACFAAGTHA

GATTCATNGAT T CATNGAT TCATHEEEG AT TCATGATTCAT

Iterate for > 1’000°000 variants

Iterate for > 1’000°000
image locations

* Hard interpretability

A * False positive discoveries

* No interaction across brain and genetic areas




A recent review paper (Shen and Thompson 2019)

& N\ 2
(a) Learning Problems in Brain e N e - \
: 2 rain imaging enomics
Imaging Genomics . :
BINg * Voxels, ROIs, spatial correlation * SNPs, LD blocks
i h * Multimodal, longitudinal studies * Genes, pathways, networks

Heritability estimation of brain
imaging phenotypes

NC £ r Genetic variation
y N a
Imaging genomics associations oty ﬁ ‘ﬁ a qE!EiH“M I
: g Batacls

* Fundamentals
* Meta-analysis
* Multivariate regression
= Bi-multivariate correlation

« Prior knowledge, brain network “ * Polygenic risk scores (PRSs)

AVESPET | FOGPET
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\ J (b) Biomedical c“ni‘_:al OUtFome Cognitive Condition Diagnosis
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(c) Statistical & Increasing power Overfitting control Other topics
Machine * Quantitative traits * Dimensionality reduction = Biological interpretation
L 3 Multiple comparison * Regularization = Scalability
e.arnln'g * Meta/mega analysis * Knowledge-guided learning * Biased sampling
Considerations ' . pyitivariate models » Outcome-guided learning * Interaction

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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Brain Imaging Genomics

* Voxels, ROIs, spatial correlation * SNPs, LD blocks
} * Multimodal, longitudinal studies * Genes, pathways, networks
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Association between SNP and brain features

statistical
complexity

candidate SNP
W—
chromosome :
several scalars

dLULILIL, LULLLL  , [EL8 high

low

chromosome 1 " chromosome N
many SNP (~106)

SLULILULL L JLLLLLILLLLL

chromosome 1 " chromosome N

many voxel /mesh
measures (~109°)

very high
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Multivariate modeling and dimensionality reduction

~106 SNPs ~105 brain features

maximal association

f(X) &= 9g(Y)

T

Correlation
Canonical Correlation Analysis
Covariance
Partial Least Squares




Latent variable models




The building-block: linear model

Y =Xw+e

Y X w

d||Y — Xwl||? B

Y — Xw||? = (Y — Xw)T(Y — Xw) - = 2Y"X +wiX"TX

=YY —2Y"Xw+w X' Xw w=(XTX)1xTy




Formalization of latent variable models

wy!

Y

+

w YT
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Formalization of latent variable models

X WXT Y wYT
LT T T 11 LT T TT]

= + Ex = + &y

X Y Goal:

|ldentifying

- Projections
(loadings) w

- Latent
representation
(scores) t

Geladi and Kowalski, Analytica Chimica Acta, 1985



Formalization of latent variable models

X g Y a4
N N
1 1
Ix ly
N N
wyl dy wyl dy
] HEEEEE ] HEEEEE

I“zm—



Formalization of latent variable models

X dy Y dy
N N
; Cov(Xwy, Ywy) ;
Xwy ) Ywy
4 t
X N N Y
N N
[wyl| = 1 [[wyl| =1
wyl dy wyl dy
]||||||| ]|||||||
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Principal Components Analysis (case X=Y)

A variance maximisation problem:
_1(X W)T(X w)

_wiXxXTXw

W = argmax
= argmax

= argmax

T
wl=1W SxxwW

Vol (W, ) =V,(w!lSxxw — Awlw) =0

Sxxw = \wW




Non-linear iterative partial least squares - NIPALS

Wold 1975
1. Random initialization w
9. Solve : Why it works:
X argmin, || X — tw” ||? 4 — constw = X1
_ T \—1
w t=Xw(w w) 2 — constw = X' Xw
3. Normalize :
t Then
t=—
, il constw = Sxxw
L/ 4. Update :
tX : X T2 : .
argmin,, || X —tw" || eigen-solution of the
w = XTt(tTt)™! covariance matrix X7.X
5. Iterate 2-4 until convergence

Geladi and Kowalski, Analytica Chimica Acta, 1985



Canonical Correlation Analysis

A correlation maximisation problem:

w,, w, = argmax p(Xw,, Yw,)
W , Wy

p(a,b) = a’b/(vVaTavbThb)

I
W, Sxywy

p(Xw,, Yw,) =
\/Wg;SX)(Wx \/W;—JFSYwa




Canonical Correlation Analysis

A correlation maximisation problem:

w,, w, = argmax p(Xw,, Yw,)
W , Wy

p(a,b) = a’b/(vVaTavbThb)

, Cross-covariance

WSXY Y

VTS [ S,
Within-modality covariance
l 22— —

p(Xw,, Yw,) =




Canonical Correlation Analysis

L(Wx, Wy, )\x, )\y) — WZSXwa — Ax(W§SXxWx — 1) — Ay(Wngwa — 1)




Canonical Correlation Analysis
ﬁ(Wx,Wy, )\x, )\y) — WgSXwa — )\m(WgSXxwx — 1) — Ay(WJSway — 1)

Sxyw, = AXSxxW,,
Syxw, = AySvyvyw,

| T r g
Axw, Sxxw, =W, Sxyw, =w, Syxw, =Ayw, Syvyw,




Canonical Correlation Analysis
ﬁ(Wx,Wy, )\x, )\y) — WgSwax — )\x(WgSXxwx — 1) — Ay(WJSYwa — 1)

Sxyw, = AXSxxW,,
Syxw, = AySvyvyw,

| T r g
Axw, Sxxw, =W, Sxyw, =w, Syxw, =Ayw, Syyw,

CCAis solved as a
{ 0 SXY] I:Wx] — % {SXX 0 ] [Ww} generalized

Syx 0 Wy 0  Svyvy| W, eigenvalue problem

I@W—




Canonical Correlation Analysis (alternative formula)

Sl/2T

0 Sz SxySyy [ } . [v]
S—1/2SYXS—1/2 0 v, vy v, = Sl/zT

.’13

Wy

vISLY 2SXY3;¥2vy

7 15
V Vi Var [V, Vy

The quantity is maximized when V,, parallel to u

I@W—

p(Xv,,Yv,) =




Canonical Correlation Analysis (alternative formula)

T T
\/vam \/ V3 Vg

Eigen-solution for the matrix

Sxol’Sxy Sy SyxSxil’




Partial Least Squares

A co-variance maximisation problem:

w,, W, = argmax cov(Xw,, Yw,)
Wi, Wy

cov(Xw,, Yw,) = .




Partial Least Squares

The PLS problem is solved

0 Sxyl| |W: W, via singular value
= A decomposition (SVD) of the

covariance matrix Sxy

PLS and regularized CCA

O —» oo

. S ]

SYY + ol Wy




Non-linear iterative partial least squares - NIPALS
scikit-learn/sklearn/cross_decomposition

X Y

txﬁb tY

constw, = XTYYT Xw,

left eigen-solution of X7 Y

1. Random initialization t,
2. Update wy :

argmin,, ||Y — tzw;ﬂ |
w, = Y, (tTt,) !

3. Normalize :
|[wyl|
4.t, =Yw,
5. Update w, :
argminwm”X — tngfH2
wo = Xty (t)t,)7"

6. Normalize :

Wy

[[wal|
7.t = Xw,

Wg

8. Iterate 2-7 until convergence

Geladi and Kowalski, Analytica Chimica Acta, 1985


https://github.com/scikit-learn/scikit-learn
https://github.com/scikit-learn/scikit-learn/tree/master/sklearn

Non-linear iterative partial least squares - NIPALS
scikit-learn/sklearn/cross_decomposition

1. Random initialization t,

X Y 2. Update wy, :
Y

argmin,, |[Ywy, — t;| |2

— (vTy\—1yT
Wy W wy.— YY) 'Y't,
3. Normalize :

Wy
W, =

Y ||Wy||
4.t, =Yw
WXT WYT Y Yy

C—— I5. Update w, :
tX tY

argminy, || Xw, — t:y||2

w, = (XTX)' X",
constw, = (X" X) ' XTY (YTY) 'Y T Xw, k. Normalize -

constwy(XTX)? = (XTX) 2 XTYy (YTY) 'Y T Xw, w, = o

constw,(XTX)? = (XTX)":XTY (YY) Y TX(XTX) "2 (XTX) 2w, | 6 = wa”Wm”

[8. Iterate 2-7 until convergence

_1 B _1
const v, = S’Xg(XXySy,l,SYXSX;(vm

.4’,, Geladi and Kowalski, Analytica Chimica Acta, 1985


https://github.com/scikit-learn/scikit-learn
https://github.com/scikit-learn/scikit-learn/tree/master/sklearn

Non-linear iterative partial least squares - NIPALS

Deflation
| | $OTX )
(+1) _ x@6) _ 4o A
A =X =t e
w DTy ()

G+) _ @ _ 68 Y
L4 Y - @

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

.4’,, Geladi and Kowalski, Analytica Chimica Acta, 1985



Reduced Rank Regression

Y = XC + € C=AB

Y X A B

LI T IT]
= . + Ey

f(A,B) =tr{(Y - XAB)[(Y — XAB)"}




Reduced Rank Regression

Solution associated to the eigen-decomposition of the matrix

Matrix encoding
R = Fl/QSYXS)_(%( SX@_ pric:{r knowledge
on




Reduced Rank Regression

Solution associated to the eigen-decomposition of the matrix

Matrix encoding
R = FI/QSYXS)_(%(SX@_ prior knowledge
onY
RRR solutions:

A=T"""U,  B=U'T"’SyxSxx

Special case:

[' = Svv — CCA

I‘;’W—



Sparsity in latent variable models

argmin f(w) + Al|w|; argmin f(w) + Al[wl|;

w

LASSO RIDGE




Worked example: Ridge linear regression

L(w) = [|Y = Xwl|* + A[w]]*

d
d—ﬁ — VX +wiXTX + xw!
W

w=(XTX @d)lXTY

Shrinkage parameter towards zero solutions
l 22— —



Algorithm Regularization of projections parameters w, and w, in NIPALS.

Given current estimates of w, and w,.
While not converged do:
1. compute t = Xw,,
2. compute u = Yw,,
3. compute W, by solving the Elastic-Net regression:

W, = argmin (t — Xv)” + Ao|[V3 + Aaa [[v]1,
A%
4. compute W, by solving the Elastic-Net regression:

W, = arg min (u — Yv)2 + /\y2||v|}% + A1 || V|1,
Vv

3. Normalize W, and W,
4. Set w, = W, W, = W,,.

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




Group-wise penalization

&l e [ " al % Ve
pathways -§[>f wXQA\/ \> &h " &>/ o 1 1
% ¢ e ¢ % ¢ Y o ¢ a; = {snpy, snps,
2 2
- : U £ X | ay = {snp7, snps,
ANTT TTRTA R T AN i
AN T VAV N A \ |
A\ \ | \\ y l"\ j \ | J/ |\ LA \
genotyped SNPs é%ﬁ%EUD‘UEEU/EEDUﬁDEEEﬁﬁ DUNEN
L
_ 2
fla)=lly — Xal[;+ A > willall
=1

Vonou et al, Neurolmage 2010; Silver et al, Neurolmage, 2012; Zhu et al, 2017; ...
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Group-wise penalization

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

Imaging features genetic data

/

L
f(a,b) = tr{(Y — Xab)(Y — Xab)"} + 1> " wila]|;
l=1
Mapping from genetics to latent space

Rank KEGG pathway name xPath Size Lasso selected genes in pathway! Known AD genes?

(# SNPs) in pathway

1.  Chemokine signaling pathway 0.261 2769 PRKCB PIK3RS PIK3CG ADCY8 ADCY2 ITK GNAI1 XCL1 GNG2 GRK5 CCR2 IL8

2 Jak stat signaling pathway 0.234 1311 PIK3R3 PIKSCG IL2RA

3. Tight junction 0.227 3332 PRKCB PRKCA YES1 ACTN1 GNAI1 CTNNA2

4.  Insulin signaling pathway 0.218 1517 PIK3R3 PIK3CG HK2 G6PC ACACA

5 Leukocyte transendothelial migration 0.213 2289 PRKCB PIK3R3 PRKCA PIK3CG ACTNI ITK GNAI1 CTNNA2

6 Leishmania infection 0.204 620 CR1 PRKCB CR1

7.  Calcium signaling pathway 0.202 5111 PRKCB PRKCA ADCY8 ADCY2 MYLK ATP2B2 RYR2 SLC8A1




Generative representation of multimodal data

Antelmi, Ayache, Robert and Lorenzi, ICML 2019



Generative representation of multimodal data

Decoding

Patient’s latent
status

p(X,X,,X,,X,|z)

Antelmi, Ayache, Robert and Lorenzi, ICML 2019



Generative representation of multimodal data

Encoding Decoding

p(X,X,,X,,X,|z)

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

Antelmi, Ayache, Robert and Lorenzi, ICML 2019



Generative representation of multimodal data

Encoding Decoding

Patient’s latent
> —_— >
status

q(z| X,)

p(X,X,,X,,X,|z)

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

Antelmi, Ayache, Robert and Lorenzi, ICML 2019



Generative representation of multimodal data

Encoding Decoding

Patient’s laten
status

q(z| X,)

p(X,X,,X,,X,|z)

Decoding: data reconstruction from the latent representation

Encoding: latent representation from the data
Antelmi, Ayache, Robert and Lorenzi, ICML 2019




Generative representation of multimodal data

Encoding Decoding

Patient’s latent
status

p(X,X,,X,,X,|z)

Decoding: data reconstruction from the latent representation

Encoding: latent representation from the data
Antelmi, Ayache, Robert and Lorenzi, ICML 2019




Generative representation of multimodal data

Encoding Decoding

Patient’s la
stat

p(X,X,,X,,X,|z)

p(Z|X17X29X39X4)

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

Antelmi, Ayache, Robert and Lorenzi, ICML 2019



Latent variable models via Variational Autoencoders
Kingma &Welling, 2014; Rezende et al. 2014

Z » X
Posterior p(Z‘X) p(X‘Z) Likelihood

p(z|x) = [ p(x|z)p(z)dz

y/

Difficult to compute

Idea: find a “close enough” and simple approximation q(Z|X)

I‘”W—



Latent variable models via Variational Autoencoders
Kingma &Welling, 2014; Rezende et al. 2014

Z » X

Dictlg(alx)||p(z/x)] = Eqeqloglg(zle)] — Byny loglp(zl)

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

Z - X
Dicrla(zlx)||p(zlx)] = Eqglogl(zle)] — Egeg loglp(zlo)]

Evidence lower bound (ELBO)

£ =B, log[p(x|2)] — Dic1[a(z/x)||p(z)]

" .
L] - L]
[ - B L )
...........................

reconstruction regularization

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




Generative representation of multimodal data

p(X|2)

minimize
dist(q(z | X)), p(z] Xsz»---»Xc))

. éz'u’a,— Antelmi, Ayache, Robert and Lorenzi, ICML 2019




Generative representation of multimodal data

\
’-'
¥

minimize
dist(q(z | X)), p(z] Xsz»---»Xc))

Evidence Lower bound (ELBO)

éEEq(ZIXc)[Eilnp(Xi | Z)] B DKL(q(Z | XC) H p(Z))

. &’zzz’a,‘ Antelmi, Ayache, Robert and Lorenzi, ICML 2019




Generative representation of multimodal data

\
’-'
¥

‘%9?

Evidence Lower bound (ELBO)

S B A Inp(X,|2)]-DKL(q(z| X,) || p(2)

1
—NE* " , —
527/ C & Pamt P
@ Encoding for given channel

minimize
dist(q(z | X)), p(z] Xsz»---»Xc))

. &’zzz’a,‘ Antelmi, Ayache, Robert and Lorenzi, ICML 2019




Generative representation of multimodal data

p(X|2) "

minimize
dist(q(z | X)), p(z] Xsz»---»Xc))

.&'z

LR —

Evidence Lower bound (ELBO)

LS AR Y, - DK {atz X))

c=1 o,

Encoding for given channel
Reconstruction of all channels

Antelmi, Ayache, Robert and Lorenzi, ICML 2019




Generative representation of multimodal data

Evidence Lower bound (ELBO)

1S .
EE?q‘(ZIXz’){Eilnp(Xi |Z)]_DKL

o=l g, & thaaaaarto A

(}
IIIIIIIII

Encoding for given channel
Reconstruction of all channels
Regularization: sparsity inducing prior
minimize [Kingma et al, NIPS, 2015; Molchanov et al, ICML 2017]

dist(q(z | X)), p(z] Xsz»---»Xc))

. Loz Antelmi, Ayache, Robert and Lorenzi, ICML 2019




Prediction from latent space

trainin testing . .
8 Joint modeling of

- Brain imaging:

Structural (T1 MRI)

Molecular (FDG-PET + Amy-PET)
- Socio-demographic factors
- Clinical scores

)

Accuracy (SD)
Cognitively Healthy 0.89(0.03)
) @ Stable Mild Cognitive Impairment (sMCI) 0.75 (0.02)
Diagnosis ge Diagnosis @ MCI converting to Dementia (cMCI) 0.70(0.05)
_15- NL (n=59) ' NL (n=56) o Dementia 0.94 (0.05)

® sMCI (n=76) 15~ @ sMCI(n=81)

®  cMCI (n=60) ®  cMCI (n=60)

—2.0- @ Dementia (n=>55) o 2 5 ©®  Dementia (n=54)
9 0 2 0 2
21 Z1

Antelmi, Ayache, Robert and Lorenzi, ICML 2019




Generation from latent space

Latent Space

<1
Patient’s latent status

from cognitive scores only .

.&'z

healthy
Atrophy abnormality (MRI)
Metabolism abnormality (FDG)
’ Amyloid abnormality (Av45) pathological

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

Antelmi, Ayache, Robert and Lorenzi, ICML 2019




An example of PLS in imaging-genetics




Multivariate Association studies

Maximizing the joint relationship between genetic variants and brain features

~108 SNPs Partial least squares (PLS)

~105 brain features

N individuals

Liu et al, Front in Neuroinformatics, 2014; Silver et al, Neurolmage 2012; Szymczak et al, Genetic Epidemiology 2009; ...




Multivariate Association studies

Maximizing the joint relationship between genetic variants and brain features

~108 SNPs Partial least squares (PLS)

/LS welghts\‘

N individuals relative importance

~105 brain features

chromosome

Liu et al, Front in Neuroinformatics, 2014; Silver et al, Neurolmage 2012; Szymczak et al, Genetic Epidemiology 2009; ...




Multivariate Association studies

Maximizing the joint relationship between genetic variants and brain features

~108 SNPs Partial least squares (PLS)

/LS welghts\‘

N individuals relative importance

~105 brain features

chromosome

Pros. Overcomes issues of mass univariate analysis Cons.
* Avoiding independent multiple testing * Overfitting and reproducibility
» Exploring SNP-SNP interaction (epistatic effects) « Computational complexity

Liu et al, Front in Neuroinformatics, 2014; Silver et al, Neurolmage 2012; Szymczak et al, Genetic Epidemiology 2009; ...
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Stability assessment
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Stability assessment
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Stability assessment
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~PLS-
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Same procedure for the assessment of brain thickness
component at each mesh point

Stable estimator of
relevant loci
(AND)
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Study cohort

e USCUniversityor I R IV

outhern California N 401 238

N

Age (years) 74.45 74.72 S
adni.loni.usc.edu
Sex (% females) 49 45
MMSE 29.1 232
B.Gutman  Paul M. Thompson Apoed (% 0/1/2) 7212612 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, Neurolmage 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°®
Imputation to HapMap lll reference panel, quality controlled (MAF > 0.01 and R-squared > 0.3)

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




A multivariate answer

A. Altmann

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



Investigating biological mechanisms
through Meta-analysis

PLS statistical result

chromosome N

crReFolso
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2R3 |
St e
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p relevant proxi.nT;I areas (+/- 5kbp)
locus I
Analysis

of genomic areas

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




Investigating biological mechanisms
through Meta-analysis

PLS statistical result
chromosome N

Querying gene annotation databases

= bends [ b15_ ]
Human cONAs :
(RefSeq/ENA]

Genes i . [TRIB3004 >
{Comprehensve $8¢. pootein coding

VEP result

n
Sequence GETT GACACAGCT GACCACT CCET GETET TTGATGTACTTEITITEACT TGGY GGLLAGG CCY CCACTCTET GETGGTTTTCCTCEITETCAGGETCCET 6
ALOIABAN 75 »

Contigs
Sequence
Human cONAs
(RefSeq/ENAI

—s g
p relevant proximal areas (+/- 5kbp) —

locus I
Age of Base
%RGC

Analysis
of genomic areas

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

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



Investigating biological mechanisms
through Meta-analysis

’ ’8."’ g ﬁ 148 SNP-gene combinations

Significance (p-value)

6 tested tissues training testing
hippocampus, whole blood, TM2D1 0.005 0053
Adipose subcutaneous, artery tibia, nerve tibial, IL1ORA 0.107 0.620
treated fibroblast JLRiB3 0:003 0.003
ZBTB7A 0.036 0.913
- LYSMD4 0.000 0.206
14 Significantly expressed genes R el Ch
FAM1358 0.000 0.559
TM2D1 (amyloid-beta binding protein), IP6K3 0.000 0.465
IL10RA (increase in hippo in mouse model), ITGAL 0.099 0.731
TRIB3 KIN 0.001 0.206
o LAMC1 0.002 0.062
(neuronal cell death, modulates PSEN1 stability, interacts || |ncoooa1 0.000 0.690
with APP) RBPMS2 0.000 0.215
RP11-181K3.4 0.002 0.053

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




Imaging-genetics:
multimodal analysis of heterogeneous data

* Online learning for multicentric studies




Large multicentric clinical studies

ENIGMA

Data for ~100°000 individuals

Crzzica — - 90



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




Big Data in medicine

Circumventing the problem of data access
Federated-analysis (or meta-analysis)

CHAACT A
GAl@c A

Hospital

Answer yes yes

Meta-answer:
yes

No data sharing

Ok for standard statistical testing
(p-values, effect size)

No complex modeling possible

I&W—



Advanced Data Science through federated learning

GAffccaf®

GAffcaAf®

C@AGGTA
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Advanced Data Science through federated learning




Advanced Data Science through federated learning
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Parameters
are shared




Advanced Data Science through federated learning




Advanced Data Science through federated learning

G
.

The federated model
is shared

—




Advanced Data Science through federated learning

UN|VERS|TE

COTED’AZUR

The procedure is
iterated




Federated analysis toolkit

Linear modeling Matrix factorization

A methodology for distributed

Allows a federated framework for several key statistical operations:
Data standardization, accounting for covariates, dimensionality reduction, ...

I@W—



Standard statistical pipeline in multivariate analysis

e Data standardization
e Confounding effect correction
e Multivariate analysis




Federated moment estimation: Mean

X1+X2+X3+X4

RS x1+x2+x3+x4+...+xN

C1 \\ﬁe

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



Federated moment estimation: SD

X—-Uu _ _
MZ,n = MZ,n—l + (xn - xn—l )(xn - 'xn)
O
MZ,D2
2 Y
2 E(x’ —1‘u) M 2,D, ¢ \\\s
N - s
S M
S 2,N
C1 \\% ’
M Cn
o= 2N
N

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



Federated linear modeling

2

LY | X, W)= HY —XWT W=(X"X)'XTY

YA

ok 4

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



Federated linear modeling

2

LY | X, W)= HY —XWT W=(X"X)'XTY

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



Federated linear modeling

2

LY | X, W)= HY —XWT W=(X"X)'XTY

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



Federated linear modeling

2
2

LY | X, W)= HY—XWT

LY | X W)=V -x !

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



Federated linear modeling

2
2

LY | X, W)= HY—XWT

LY | X W)=V -x !

W, =W

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



Alternating direction method of multipliers

L9 0= SO ) W, 2]

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



Alternating direction method of multipliers

L7, = L X+ 9,7 £,
Iteratively:

WD = argmin,, Lp(Wc,W(k),aik)) = (X, X + gld)_l(XcTYc - %aik) ¥ gW(k))

X, XyoTy
I,;Cl X, TC_,
>

. &zu’af—- Silva S., Gutman B., Romero E., Thompson P., Altmann A. and Lorenzi M. ISBI 2019, arXiv:1810.08553




Alternating direction method of multipliers

L9 0= SO ) W, 2]

Iteratively:

W*D = argmin , L (W™ W a(k))=lEaL+W(k+l)
g W "p c ? > e C ,0 ¢




Alternating direction method of multipliers

LI = S8 LX)+ W) 2l
Iteratively:

(k+1) _ (k) (k+1) _ 17 (k+1)
a=a"+p(W W)

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



Results on synthetic tests

~ 10 centers 4 o
40 centers =
60 centers @ 2
100 centers ©
E o
e
("2}
‘ s
13 2
\ -4
0 2 4 6 8 -4 -2 0 2 4

Number of iterations

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



Covariance estimation and eigen-decomposition

Y’ q brain features (~105) U 4 14

chromosome 1 - - -

chromosome 22 N individuals
p SNPs
(~10°)
AmVy’
Ci C...Cm AVy AV’
C EESESE===ss EEEEEEH
v U v, [T EEEEEEEEE

C; 2 ~
o = + + [N N ] +
Cm

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



Covariance estimation and eigen-decomposition

Meta PLS Sequential PLS

U X,
C, i T AN e 2
. C. Cu A . R
e e z
Cu Cov

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



Testing

Mean and sd of dot product Absolute feature-wise error

Sequentlal -PLS Meta PLS
genolype Gomponents 1-5 phenoty pe comporents 1-5 genotype Phenotype ¢
Average dot product Average dot product
Sequential-PLS
Genotype Components Phenotype Comgonents
30 2
18
25}
16
5 20} ‘ 5 14 —
13 = ¥ '
= r B
3 1 L : 3 10 : '
&t. dev. dot product St dev. dot product % = = — 2 y T L '
i ® ki 5 ’ s ] E ] i
! 10 . H FEhE :
] 06 . e
e
& 04 —
- 02 =
00 — =
1 z 3 Fl 5 1 Z 3
#component #component

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




Federated analysis of subcortical brain regions in dementia

Alzheimer’s Parkinson’s Healthy Alzheimer’s
802 232 208 68

Projection on latent components Brain subcortical components

. 2
50 o o e ‘et e
X e .
. . o .
-! - o - - .
500 S Py e = - < .o
2 . 3 3 : . o bei . +  HC-ADNI
550 P R v r . X . e ma gt 3, | s ADADN
S . 0 ‘ 5, ® Baueegs . s + HCUKB
= ey o . 2 . . o . 30.PPMI
600 , o8 oy 05t ¢ . *  ADMIRIAD
) : o3 . «  HCMIRIAD
. 5 . O us .
-650 o “ 3 b & 8 . & 4 . - o
IBEHALE N B . el ¥ i
9 S * e = s A
700 200 .
. . -
25
15 200 250 300 10 200 250 300 150 200 250 300
PC1 PCl PC1

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



Meta-ImaGen
future steps

M metaimagen-cli @

Project ID; 10414

& No license. Al rights reserved <o 4 Commits P 1Branch & 0Tags [ 226 KB Files

Here, you can downlosd the MetalmaGen Pipeline for different platforms,

Remember Docker is necessary to properly execute the software ({See install dependencies]) After downloading you just need to
execute: command to execute

master metaimagen-cli Hstory O Findfle @ «

R:‘:y README addad to all the platforms 223e50bc
& Santago Smith authored 4 months ago

B README

Name Last commit Last update
W Linux README sdded to all the platforms 4 months ago
- Mac README added to all the platforms 4 months ago
- Windows README added to all the platforms 4 months ago
[3) REAOME md Initial cornmit 4 monthe ago
[2) README.md

metaimagen-cli

Here, you can download the MetalmaGen Pipeline for ditferent platforms.

= Remember Docker s necessary to properly execute the software {[See Install dependencies])
« After downicading you [ust need to execute: command to execute

.é'z

* Software freely released
* Dedicated server purchase (expected May 2019)

* Application to large scale imaging-genetics analysis

UCA IPMC, FR
01T Poston Lab — Stanford, USA
m IRCCS Santa Lucia, IT
— @ Stanford  UCL, UK

MEDICINE

"ADNI

s

* Industry application:
starting collaboration with Accenture Labs




Imaging-genetics:
multimodal analysis of heterogeneous data

* Genetic analysis through disease progression modeling




Modeling the natural history of

abnormality

(15-30 years)

Disease time

Large time span

neurodegeneration

The reality
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Clinical trial time (few years)

Short time span




Statistical disease progression model

4 Patient C
Patient B

I
> :
9 I
© I
& I
S I
) I
I
Patient A |
I

] . >

Start clinical trial End clinical trial time

. loz Lorenzi, Filippone, Frisoni, Alexander & Ourselin, Neurolmage, 2017




Statistical disease progression model

0 Patient C
Patient B
P |
o |
9 I
© I
= I
.Q% : smoothness
. | monotonicity
Patient A I
|
' >
Start clinical trial End clinical trial time

. loz Lorenzi, Filippone, Frisoni, Alexander & Ourselin, Neurolmage, 2017




Statistical disease progression model

Patient C

Patient B

smoothness
monotonicity

Biomarker X

Patient A

time

Start clinical trial End clinical trial

. loz Lorenzi, Filippone, Frisoni, Alexander & Ourselin, Neurolmage, 2017




Statistical disease progression model

Patient C Disease progression

Patient B

Biomarker X

Patient A

time

Start clinical trial End clinical trial

. loz Lorenzi, Filippone, Frisoni, Alexander & Ourselin, Neurolmage, 2017




Statistical disease progression model

4 Patient C Disease progression
Disease stage Patient B
< Patient B
>
E Disease stage Patient C
s | €
&
Q
(a 8]
Patient A
>
time

Start clinical trial End clinical trial

. loz Lorenzi, Filippone, Frisoni, Alexander & Ourselin, Neurolmage, 2017




Statistical disease progression model
via monotonic Gaussian Processes (GP)

biomarker 1 15 biomarker 2 15 biomarker 3

Short term data Lol Estimated long term progressions
20 ’ 20 -
%) =
= 05k 10.5F= "<
[ [ R}
5 0.0 0.0 2
3 = ‘ & pon §
© = oo piom, 1
9] © -0.5f 3 105F | __t05F ] o
£ € -2 -1 0 1 2 -2 -1 0 1 2 -2 -1 0 1 2 &
N b biomarker 4 biomarker 5 biomarker 0 &
A
g o ls———————15— 15— 5
aé -
g A A A 7, = >~ = = 5
g o Llof -1.o=/—-_—_-_-_'fj o £ of
© | 0 0| [Ew== =
A% s -i0 -5 G0 05 10 15 20 05} 405k 1 104 5 4 5 5 - - .
clinical trial follow-up time (years) | = __.---- unknown progression time (years)
0.0¢ 40.0+
-0.5¢ . : " +0.5¢

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

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




Highlighting dynamics and relationship between biomarkers

severity

Metabolism + Amyloid

severity

biomarker ADAS13

200 training subjects
- 67 healthy N
-75AD u
- 53 MClI converted L]
-5 healthy converted

5 years observational time

Cognition

severity

Hippocampus
1.0 7

10

Brain
Volumes

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



gpprogressionmodel.inria.fr

Welcome What sion M Protect i Download Results

A simple front-end to GP Progression Model

Try it now

Instructions:

* Datashould be in.csv format (comma separated)

* After loading the data, the user can select the variables by cheking the respective left boxes

* Three special data fields must be initially indicated: Subject identifier, Time, and Group

* The user can further select the fields to be analyzed by GP Progression Model. By clicking on the right selection tool, the user should specify whether the
progression of the field is expected to be monotonically decreasing -) or increasing (+). If no apriori behavior is known, the user can choose (0).

* When GP Progression Model completes the estimation the user will receive a notification with a link for downloading the results,
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* Marco Lorenzi and Maurizio Filippone. Constraining the Dynamics of Deep Probabilistic Models. Proceedings of the 35th International Conference on
Machine Learning (ICML), PMLR 80:3233-3242, 2018
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Disease staging from
cortical amyloid and hippocampal volume

M.A.celsi A. Altmann
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GWAS results

A

P m “ Hippocampal volume
B

Ca e

3 “ m : Disease staging

Scelsi, et al, Brain, 2018




GWAS results
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Scelsi, et al, Brain, 2018
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