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HCP-DES

Human Connectome Project for Disordered Emotional States
aims to link the function of macroscopic human brain circuits to self-
reports of emotional well-being using magnetic resonance imaging.

Leanne Williams
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Gambling task: A question mark is displayed on the screen and the
participant must guess whether a number is greater than or less than five.
If the participant identifies correctly, they win money, and if they guess
incorrectly, they lose money. At the end of the task, 5 trials are randomly
selected and summed together to determine the participant’s payment

--

Win §1.00

(X X X | + 2 +
D] :
Lose 50¢

1500 ms 1500, 2000, 2000 ms 1500, 2000, 1000 ms
or 2500 ms or 2500 ms

4 trials per block (50% win, 50% loss )
3 high win/loss blocks, 3 low win/loss blocks
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Brain activations (90,368 greyordinates, cortical and sub-cortical):

magnetic resonance imaging obtained during a Gambling task designed to
probe the brain circuits underlying reward
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Behavioral performance measures (9 scores): self-reports assessing
various aspects of reward-related behaviors (Behavioral Approach
System/Behavioral Inhibition Scale), depression symptoms (Mood and
Anxiety Symptom Questionnaire) and positive as well as negative affective
states (Positive and Negative Affect Schedule)

panas_positive -
panas_negative -
masq_distress -
masq_anxarousal -
masq_anhedonia -
bis_total -
bas_rewardrespons -
bas_funseeking -

bas_drive -
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Notations

X € R"™P — brain activations

Dimensions:
@ n = 153 participants
@ p =90, 368 greyordinates
@ g = 9 scores

panas_positive -

panas_negative -

masq_distress -

masq_anxarousal -

masq_anhedonia -

bis_total -

bas_rewardrespons -

bas_funseeking -

bas_drive -

40

Y € R"™9 — behavioral scores

Question: is there any correlation
between brain activations and
behavioral scores?
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Canonical Correlation Analysis

CCA is a classic method commonly used in statistics for finding
association between two sets of variables.
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@ canonical correlation cor(u, v)



Canonical Correlation Analysis

CCA is a classic method commonly used in statistics for finding
association between two sets of variables.

Goal: given two random vectors x = (xi,...,Xp) and y = (y1,...,Yq)

maximize cor(a'x, 8 y) w.rt. o € RP, 3 € RY

Actually, it is possible to find a sequence...
Fori=1,...,min(p,q) find a; € RP and 3; € RY that
@ maximize cor(a] x, 3 y)
@ have independent variates u; = o] x and v; = ﬂiTy,

i

i.e. uj AL (ul, ey u;_l) and 4 AL (Vl, ey V,'_1)



CCA solution

Correlation coefficient

a' cov(x,y)p

VaTvar(x)a /BT var(y

cor(a'x,87y) =
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CCA solution

Correlation coefficient

cor(aTx,5Ty) ~ pla, §) = O EXYP
VaTZxxa /BT Zyys

CCA optimization problem:

maximize aTnyB w.rt. o € RP and 8 € RY
st.a'Exxa=1and BT EyyB =1
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CCA solution

Correlation coefficient

cor(aTx,5Ty) ~ pla, §) = O EXYP
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CCA optimization problem:
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CCA solution

Correlation coefficient

B o Txy B

cor(a'x, B"y) ~ p(a, B) = VaTZxxa VBT TZyyB
XX Yy

CCA optimization problem:

_1 _1 -
maximize &TZX)%ZXyZY\%B w.rt. @ € RP and 8 € RY

s.t. ||@]| =1and ||B]| =1

_1 _1
Solution: via Singular Value Decomposition of ¥, 33 xyY ¢
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CCA solution

Correlation coefficient

cor(aTx,5Ty) ~ pla, §) = O EXYP
VaTZxxa /BTZyyp

CCA optimization problem:

_1 _1 -
maximize &TZX)%ZXyZY\%B w.rt. @ € RP and 8 € RY

s.t. ||@]| =1and ||B]| =1

_1 _1
Solution: via Singular Value Decomposition of ¥, 33 xyY ¢

Problem: does not work for p > n!
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Regularization

Modified correlation coefficient

p(a B: /\1) _ OZTZXY,B
Y VaT(Zxx + Mla VBT Zyyf

RCCA optimization problem:

maximize o' Lxy 3 w.r.t. « € RP and 8 € RY

s.t. aTZXXa = 1, ,BTZYYIB =1and HaH S t1

Solution: via Singular Value Decomposition of (Xxx + All)_%):XyZ

S
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CCA package

rec {CCA} R Documentation

Regularized Canonical Correlation Analysis

Description

The function performs the Regularized extension of the Canonical Carrelation Analysis to seek correlations between two data matrices when the
number of columns (variables) exceeds the number of rows (obsenations)

Usage

roc(X, ¥, lambdal, lambda2)

Arguments
x numeric matrix (n * p). containing the X coordinates.
¥ numeric matrix (1 * g). containing the ¥ coordinates.

lanbdal Regularization parameter for X
lambda2 Regularization parameter for Y
Details

When the number of columns is greater than the number of rows, the matrice XX (and/or YY) may be ill-conditioned. The regularization allows the
imversion by adding a term on the diagonal

Value
Alist containing the following components:

coxz  canonical correlations
names  alist containing the names ta be used for indviduals and variables for graphical outputs
xeost estimated coeficients for the X variables as retumed by cancox ()
yeoet  estimated coeficients for the 'Y variables as retumed by cancex ()

scores alist returned by the intemal function comput() containing individuals and variables coordinates on the canonical variates basis.

Author(s)

Sebastien Déjean, Ignacio Gonzalez




CCA package

library(CCA)
rcc(X = activation, Y = behavior, lambdal = 18, lambda2 - @)

Error: cannot allocate vector of size 62.1 Gb
Traceback:

1. rcc(X = activation, Y = behavier, lambdal = 1@, lambda2 = @)
2. var(X, na.rm = TRUE, use = “pairwise")



CCA package

library(CCA)
rcc(X = activation, Y = behavior, lambdal = 18, lambda2 - @)
Error: cannot allocate vector of size 62.1 Gb

Traceback:

1. rcc(X = activation, Y = behavier, lambdal = 1@, lambda2 = @)
2. var(X, na.rm = TRUE, use = “pairwise")

rec” <-
function (X, Y, lambdal, lambda2)
{
Xnames <- dimnames(X)[[2]]
Ynames <- dimnames(Y)[[2]]
ind.names <- dimnames(X)[[1]]
Cxx <- var(X, na.rm = TRUE, use = "pairwise") + diag(lambdal,
ncol(X))
Cyy <- var(Y, na.rm = TRUE, use = "pairwise") + diag(lambda2,
ncol(Y))
Cxy <- cov(X, Y, use = "pairwise™)
res <- geigen(Cxy, Cxx, Cyy)
names(res) <- c("cor", "xcoef", "ycoef")
scores <- comput(X, Y, res)
return(list(cor = res$cor, names = list(Xnames = Xnames,
Ynames = Ynames, ind.names = ind.names), xcoef = res$xcoef,

ycoef = res$ycoef, scores = scores))



CCA package

library(CCA)
rcc(X = activation, Y = behavior, lambdal = 18, lambda2 - @)

Error: cannot allocate vector of size 62.1 Gb
Traceback:
1. rec(X = activation, Y - behavior, lambdal - 18, lambda2 - @) CXX = pXp
2. var(X, na.rm = TRUE, use = “pairwise")
"rec" <-
function (X, Y, lambdal, lambda2)
{
Xnames <- dimnames(X)[[2]] CYY = qu

Ynames <- dimnames(Y)[[2]]

ind.names <- dimnames(X)[[1]]

Cxx <- var(X, na.rm = TRUE, use = "pairwise") + diag(lambdal,
ncol(X))

Cyy <- var(Y, na.rm = TRUE, use = "pairwise") + diag(lambda2,

ncel(Y)) Cxy = |pxq

Cxy <- cov(X, Y, use = "pairwise™)

res <- geigen(Cxy, Cxx, Cyy)

names(res) <- c("cor", "xcoef", "ycoef")
scores <- comput(X, Y, res)

return(list(cor = res$cor, names = list(Xnames = Xnames, Problem CXX, CXY
Ynames = Ynames, ind.names = ind.names), xcoef = res$xcoef,
are large for p>n

ycoef = resgycoef, s

5 = scores))



"Kernel trick”

Goal: find a linear transformation such that RCCA for (X, Y) is
equivalent to RCCA for (R, Y)

V = |pxn R=XV = nxp pxXn| = |nxn
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"Kernel trick”

Goal: find a linear transformation such that RCCA for (X, Y) is
equivalent to RCCA for (R, Y)

V = |pxn R=XV = nxp pxXn| = |nxn

Solution:

X = UDVT = |nxn| |nxn nxp
o

@ set R = XV = UD and solve RCCA problem for (R, Y) =
canonical coefficients ag, Sr

© apply inverse transformation ax = Vag and Bx = fr

@ the variates stay the same vg = Rag = Xax = vx and ug = ux
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correlation b/w first variates

1.0-

o
©
v

o
©
'

o
3
h

o
=)
[

-2

cv.train

RCCA
max correlation = 0.11 for A;=0.001

cv.validation
0.2-
0.1-
0.0-
-2 0 2 4
log(A1)

Details: adjust for sex variable, run 10-fold cross-validation to tune the
hyperparameter A1, plot unpenalized correlation between canonical
variates
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RCCA results

Visualization: plot canonical coefficients « for the optimal RCCA model
with A\; = 0.001

-2.347e-4 -2.555e-6/2.555e-6 2.347e-4
[ _ |

(a) Cortical coefficients

(b) Subcortical coefficients
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Brain regions

Motivation: brain features come in groups (aka brain regions). How to
take into account the group structure?

(a) Cortical parcellation (210 regions) (b) Subcortical parcellation (19 regions)
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Grouped structure

Notations:
o K =229 groups
@ pi = # features in group k
@ X — set of features in group k

@ «y — set of coefficients in group k

X:(Xl,...,XK) and oz:(ozl,...,aK)
~— ~—~ ~— ~—~
p1 Pk p1 Pk
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First attempt: RCC an

RCCA mean
max correlation = 0.148 for A;=0.1
cv.train cv.validation
1.0-
0.20-
1]
L
<
S o8- 0.15-
B
2
5 0.10-
_5 0.6-
8
[
5 0.05-
o
0.4-
LI 2 ; i ; 2 ;
log(A1)

Details: replace X = ( X1 ,..., Xk ) by X = (X1,..., Xk)
-~ —_—

P1 PK K
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First attempt: RCCA mean

Visualization: plot canonical coefficients « for the optimal RCCA mean
model with \; = 0.1

-0.196 -0.004/0.004 0.196
|

(a) Cortical coefficients

(b) Subcortical coefficients

Can we do better?
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Grouping constraints

X=(X1,....,Xg) and a= (a1 ,..., ak)
~— ~—~ ~— ~—
P1 Pk P1 Pk

Assumptions:
@ group homogeneity oy ~ ay

@ sparsity on a group level @y ~ 0
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Grouping constraints

X=(X1,....,Xg) and a= (a1 ,..., ak)
~— ~—~ ~— ~—
P1 Pk P1 Pk

Assumptions:
@ group homogeneity oy ~ ay

@ sparsity on a group level @y ~ 0

GRCCA optimization problem:

maximize o' xy 3 w.r.t. « € RP and 8 € RY
s.t aTZXon =1, ﬁTZyyB =1,

K K
Sk —axl? < trand Y pedi < s
k=1 k=1
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GRCCA

GRCCA optimization problem:

maximize o' Txy 3 w.r.t. « € RP and 8 € RY
s.t OdTZXon =1, IBTZyyB =1,

K K
Z |k — axl|? < t1 and Zpko_ei < s
k=1 k=1

Modified correlation coefficient

pla, Bi A1, 1) o Txv
y P ALy, (1) =
\/OzT(ZXX + )\1(/ — C) +M1C)Oz \/,BTZyyﬂ
117
o o ... O
0 117
C: P2
o o ..
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GRCCA properties

@ when A\; = 3 GRCCA is equivalent to RCCA

@ when A\; — oo we it becomes RCCA mean
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GRCCA properties

@ when A\; = 3 GRCCA is equivalent to RCCA

@ when A\; — oo we it becomes RCCA mean

Lemma

GRCCA for (X, Y) is equivalent to RCCA for (X, Y) where
~ = Al g - Al g
X = (Xl —X17\/EX1,---,XK = XK, 4 PK 1XK>
M1 M1

Can use the "kernel trick”!
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GRCCA results

GRCCA
max correlation = 0.296 for A;=100 and p;=1
cv.train cv.validation
1.0- \\ "
‘ \ 0.3- 0.001
== 0.01
0.8- 0.2- — o1
_—1
/_ — 10

1000

0.0- 10000

correlation b/w first variates

1le+05

),

/

/

(f
\\
(|

log(Aa)

Details: \; controls variation within each region, p; controls variation

across the regions; we observe the pattern % = 100.
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Significance of the CCA correlation

| method
. RCCA mean
I RCCA
1= . GRCCA

' '
cv.validation test
score

o
w

o
N

correlation b/w first variates
o
=

o
o

Procedure: split into 11 folds; cv.validation = maximum score obtained
via 10-fold cross-validation, averaged across 11 NCV folds; test = score
computed on independent test set, averaged across 11 NCV folds.



Using GRCCA for visualization

RCCA

0.00025 -

0.00000 -

coefficient

-0.00025 -

-0.00050 - '
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Using GRCCA for visualization

coefficient

-0.002 -

-0.004 -

-0.002 -

0.002 -

0.000-

0.002 -

0.000-

-0.004 -

1,=1000 11,=10000 =1e+05
0.002-

ooco- s I  ——

-0.002 -

-0.004 - ' ' ' ' ' ' ' ' ' ' ' '
2 E E

0 2
log(21)




Improved interpretability of coefficients

Visualization: plot canonical coefficients o for GRCCA model with
AM=1land pyp =1

(a) Cortical coefficients. (b) Subcortical coefficients.
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Improved interpretability of coefficients

Visualization: plot canonical coefficients o for GRCCA model with
A =10and pu; =1

(a) Cortical coefficients. (b) Subcortical coefficients.
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Improved interpretability of coefficients

Visualization: plot canonical coefficients o for GRCCA model with
optimal A; =100 and p; =1

(a) Cortical coefficients. (b) Subcortical coefficients.
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Improved interpretability of coefficients

-7.953e-4 -2.988e-6/2.988e-6 7.953e-4
[ _—

(a) Cortical coefficients. (b) Subcortical coefficients.

Annotation of brain regions: [1] nucleus accumbens, [2] putamen, [3] thalamus, [4]
temporal lobe, [5] dorsolateral prefrontal cortex, [6] dorsomedial prefrontal cortex, [7]
posterior cingulate cortex, [8] precentral cortex. High positive loadings in subcortical
regions involved in reward processing, such as the striatum [1-2] and thalamus [3], and
on a cortical network encompassing the temporal lobe [4-8]. Most of these regions have
been shown to be connected to the striatum and to be part of key reward-processing.
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Appendix: general approach to regularization

Constraint: o' Ka < t

Modified correlation coefficient

Examples:

Full
Partial

Groups

Sparse groups

p(Oé,,B, KX)

K= M\l
K=XM(49)

K=(l—C)

K:,ulC

alTxys

VaT (Zxx + K)a /BT (Zyy)B

lall> <t
ai]® <t

Sy ek —al? <

K =2
> k=1 Pkl < st

a= (a1,...,qq)
a= (a1, ay)
~—

P1 P2
a= (a1 ,..., ag)
~— ~—

P1 Pk

a= (o




Appendix: simulation

o Assume equal group size px = %.
@ Generate Y € RY and centroids X¢ € RK
ey . . I 11Ta§(Y>
(Y, X) ~ Ngik(0,5) with ¥ = (maiy ).

@ Generate blocks X, € RP«
Xl X ~ N (1XE, 0 1).

e Concatenate blocks X = (X1,...,Xk) € R"™*P.

In our experiments we use n =10, p = 15 and g = 3, the number of
groups is K =5. We set ox = 1 and test two settings: oxy = 0.5 for
correlated data and oxy = 0 for independent data.

23 /27



Appendix: simulation correlation

correlated correlated
train test
1.000- 057 P —
04-
0.975-
03-
0.950- 02-
0.1-
"
28 0.925-
s
(>u ' g U U 0 00 ' ' U U U method
K] 5.0 25 0.0 25 5.0 5.0 25 0.0 25 5.0 GRCCA
3 uncorrelated uncorrelated ~#~ GRCCA sparse
e}
S train test -~ PRCCA
T 1.00- RecA
°
S
3

N

0.00- ._‘_‘_‘\/,/‘—0—'—'—<

-0.01-

092~

\\. 0.02-
096- \ B
L -

0.88-

log(%1)
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Appendix: simulation coefficients

RCCA (cor = 0.41) PRCCA (cor = 0.31) GRCCA sparse (cor = 0.49) GRCCA (cor = 0.47)
5- | | 1
4- '@ ® ] 0! ®
g : :
33 <] ° ) L ]
5 i ; ;
2 ® e a
1- 0
. il . . il i . l . . il .
-1 0 1 -1 0 1 -1 0 1 -1 0 1

coefficient
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