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Brain connectivity
structural, functional and effective

Structural Functional Effective
connectivity connectivity connectivity
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Structural connectivity
presence of axonal connections

Functional connectivity
statistical dependencies between regional time series

Effective connectivity
causal (directed) influences between neuronal populations
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Brain connectivity
structural, functional and effective

* Relationship between functional and effective connectivity

Effective Functio_ngl
connectivity _ connectivity
Mapping
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Hidden causes Measured consequences



DCM for task fMRI
classic DCM

The forward (dynamic 1o ' H H w u_’

causal) model
X(t) = f(x(t),0,u)
_(A+Zu BHx(t) +Cu

y(t) = h(X(t) ¢)+e(t)

y=h(x,4)+e.

X(t) = f(x,0,u)

}

Deterministic system
Ordinary differential equation (ODE)

External
stimulus

Observed
timeseries



DCM for task fMRI

ClaSSIC DCM External Endogenous

stimulus fluctuations

u(®) | |

The forward (dynamic
causal) model

x(t) = f (x(t),6,u,v)

y(t) = h(x(t),¢) +e(t)

y:h(X,¢)+éz | : uAal Observed
05 A\l ' ' timeseries

Stochastic system
Stochastic differential equation (SDE)



DCM for resting state fMRI

ClaSSIC DCM External Endogenous

stimulus ‘ fluctuations

u (t) =0 T ' || ﬂl
The forward (dynamic | i

causal) model l
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=(A+iuij)x(t)+Cu +V(t)

j=1

y(t) = h(x(t), ¢) +e(t) l

y= h(X1¢)+éz Observed
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DCM for resting state fMRI
classic DCM

V(t) ]\ h ‘ r A IIH n Endoger.wous
The forward (dynamic Gl I /\“ W,JU\.’U‘U ﬁ"”\ fluctuations
causal) model l
%(t) = AX(t) +(t)
J(0) = h(x(D).4)+e(t) X(0)= (6,09
E
I
y:h(X,¢)+€:‘f N, ' Observed
s timeseries

Stochastic system

Stochastic differential equation (SDE)
More parameters to estimate

Slow estimation!



Quick detour..

Fourier transform, cross covariance, cross spectra

+o0 N LY )Y (@)
Y (@) =F(y() = [ y(e™dt \
e 1 <
y(t) <> Y(w) i i >t S VAR VA >w

Sinc function

Some properties...

Linearity:

ay, (t) + by, (t) < aY,(w) +bY, (o) LOeRO )0

Convolution:

Y, (1) ® Y, (t) <> Y (@)Y, (o)

Sinc? function



Quick detour..

Fourier transform, cross covariance, cross spectra

Now we are interested in situation where we have multiple
time series and explore relationship between them Lo 1

Cross covariance

y1(t) [ ‘

Cross spectral density

sssssssssssss

2y, (7) =Ely.(0)y,(t-7)] <« g,,, (@)= E[Yl(a))yz* ()] y3(t).' Mol A
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Cross correlation

z Y1Y2 (T)
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Coherence

9,,, (@)

7w 0, 0)

e C..(w)=
s g Y1y (C()) g Y2Y2 (C())

Measures of functional connectivity



DCM for resting state fMRI
classic DCM

V(t) ]\ h ‘ r A IIH n Endoger.wous
The forward (dynamic Gl I /\“ W,JU\.’U‘U ﬁ"”\ fluctuations
causal) model l
%(t) = AX(t) +(t)
J(0) = h(x(D).4)+e(t) X0 = (6,0,
E
I
y:h(X,¢)+€:‘f N, ' Observed
s timeseries

Stochastic system

Stochastic differential equation (SDE)
More parameters to estimate

Slow estimation!



DCM for resting state fMRI
classic DCM

ZV (T, 9) ' Endogenous
The forward (dynamic
causal) model

X(t) = AX(t) + v(t)
y(t) = h(x(t),#) +e(t)

y(t) = x(t) ®v(t) +e(t)
2,(r,0)=x(r)®Z, (r) ®x(-7) + Z.(7)
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DCM for resting state fMRI

spectral DCM
- G(@0)
Endogenous

‘ fluctuations

The forward (dynamic
causal) model

K(U) = AX(O + V(1) —
(1) =h(x(). ¢) +e(t) FO-tnoviE e

g, (0,0) = a,0™" |
9.(®,0)=a.0™ K (@) = F(x(t))
g,(0) = K(0)-g,(0) K (@) + g, (o)

l i

9,(@) -

Power law \ ! 7
With amplitude and exponent ) WP

Fast estimation

0 o{AC,a, [}

Complex cross-spectra
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DCM for resting state fMRI
spectral DCM

| - g,(w,0)
The forward (dynamic Endogenous

causal) model ‘ Y fluctuations

Effective connectivity

y= h(X1¢)+e h [l ,I Observed
' Ul timeseries

9, (w,0) \ Functional connectivity
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DCM for resting state fMRI

spectral DCM
s

I gv (C(), 9)
c o Endogenous
Bayesian model ‘ fluctuations
Inversion
Posterior density

p(@1]9, (@), m)~q(@] )

Inp(g, (@) |m) = F(g, (), x) Effective connectivity

Log model evidence

Observed

y(t) | | \ timeseries H= arg inF (g y (a))l :u)

9, (w) LN Functional connectivity



http://www.google.co.uk/url?sa=i&rct=j&q=&esrc=s&source=images&cd=&cad=rja&uact=8&docid=Gyv-UBuMK2jUnM&tbnid=UOEzDqSXCTnPQM:&ved=0CAUQjRw&url=http://article.sapub.org/10.5923.j.ijis.20120204.04.html&ei=EA4DVIGeEoqUapGdgPgI&bvm=bv.74115972,d.d2k&psig=AFQjCNH9FU66c7LcGmunE3oRTBjfKO7dzQ&ust=1409572670514390
http://www.google.co.uk/url?sa=i&rct=j&q=&esrc=s&source=images&cd=&cad=rja&uact=8&docid=Gyv-UBuMK2jUnM&tbnid=UOEzDqSXCTnPQM:&ved=0CAUQjRw&url=http://article.sapub.org/10.5923.j.ijis.20120204.04.html&ei=EA4DVIGeEoqUapGdgPgI&bvm=bv.74115972,d.d2k&psig=AFQjCNH9FU66c7LcGmunE3oRTBjfKO7dzQ&ust=1409572670514390

spectral DCM
I 9,(,0)

DCM for resting state fMRI
mlonp(gy(a))|m) p(m| 9, (@)

Endogenous
fluctuations

probability
o

log-probability

Bayesian model ‘
Inversion

400

500 T ?

600

o [0 [0 fo
0 model

0.2
A 0
0 0 60 0 10 20 30 40 50 60
e

d

}

Bayesian model
comparison

Posterior density

p(@]g,(@).m)~q(f] )
Inp(g, (@) | m)~F(g, (@), 1)

Log model evidence

v

p@19,(@))=>_p@19,(w),mp(m|g,())

Bayesian model averaging

9,(@) -
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DCM fOr reStl n g State fM RI Friston, Kahan, Biswal, Razi, Neurolmage, 2014
face validity

Network or graph generating data

Truse and MAF connectons

=2t 0.2 % 03

1 L
= 0.4 Y02

0.6 006

o o
w =
T T
imaginary
o
S
_—
N \1‘?] /

real

02 N
-0.02 M /
0.1 \\\ f
0 S 4 = 004
0.1 -0.06
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Frequency and time (bins) Frequency and time (bins)



DCM for resting state fMRI

construct validity

Posterior expectations {Hz)

Posterior expectations (Hz)

0.5

0.4

0.3

0z

0.1

05

0.4

0.3

0z

o1

True and MAP connections {Spectral)

NN

.
> 4 & ¥ 10 12 14
Connections

True and MAP connections {Stochastic)

il
|

2 4 & & 10 12 14
Connections

Network or graph generating data

0.3

Root mean square error (Spectral)

0.35

128 256 384 512 640 768 896 1024
Session length (scans)

Root mean square error (Stochastic)
0.25

128 256 384 512 640 768 896 1024
Session length (scans)

Razi, Kahan, Rees, Friston, Neurolmage, 2015



DCM for resting state fMRI

construct validity

Network for first set of 24 subjects

Posterior expectation Hz

Tvalue

True and BPA differences {spectral)

04r

ot
w

bl
[

e

E=3

i
[=3

=
¥

k=3

[N L H‘

5 10 15
Connechons

Classical t-tests {spectral)

& 10 18 20
Connections

Posterior expectalion (Hz

T value

0z

02

01

4]

-0

-0z

True and BPA differences {stochastic)

1 I

[ LI [J

5 10 15
Connecthions

Classical t-tests {(stochastic)

s 10 15 20
Connections

Network for second set of 24 subjects

Razi, Kahan, Rees, Friston, Neurolmage, 2015
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Brain connectivity
measures of connectivity

Razi and Friston. IEEE Sig. Proc. Mag, 2016

State-space model Transformation under assumptions

X(t) = f(x(),0) + w(t)

(Inverse) Fourier Transform

0 y(©) = h(x(t),0) + e(t)
s _|lyve-1» 0 Z, () = (wt)w(t — 7)T) and Z.(t) = (e()e(t — 1)7)
Y =
v N 2) y(t.— D 0 E.g., Bilinear DCM: x(¢) = (A + % u;B/)x + Cu + w(t)
[0
K — a, 0
a a 0 Structural equation models (SEM)

Convolution kernel

y(©) = k(z) * w(t) + e(t)
k(T) = 0zh . exp (t dxf)

Cross covariance
(1) = (y(@®).y(t — D7)

= Kk(t) * Ty () * k(—t) +
Z.(t)

Cross correlation

(assuming x(t) = y(t) and y(£) = O u(t) = 0)

y(t) = Ay(t) + w(t) = (@ — Dy(t) + e(t)
y(t) = 0y(t) + e(t)

Spectral representations

Convolution theorem Convolution theorem
Y(w) = K(w)W(w) + E(w)

Y(w) = A(w).Y(w) + Z(w)
K(w) = FT(K(‘L’))

A(w) = FT(ay, a,..ay)

Cross spectral density Directed transfer functions

gy(w) = (Y)Y (w)') Y () = S(w).Z(w)
S(w)=1-A()™
= K(®). gy (0). K@) + ge(w)

9jj (0)gkr(w) 9jj (w)

Vector autoregressive model
(VAR)
(assuming x(t) = y(t))
N

y) = ) aiy(t—10)+z()

g

i=1

Auto-regression coefficients
A= (Y"9)(¥1Y)
=07y, pp]

Coherence Granger causality Alto- correlation
uto- |
i (7) 2 : o= (- HTEAAE
iy (1) = = |9k ()] _ |Sjsc ()] = (=74
% (0) 21 (0) Cij(w) =———"— Gjr(w) = =In| 1=



DCM for resting state fMRI

Interim summary

« State space models — all connectivity measures can
be derived from them as approximations

« Effective connectivity as what causes observations
(functional connectivity)

« Spectral DCM is accurate, (computationally) efficient
and sensitive relative to stochastic DCM
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Worked example

Chapter 38

Dynamic Causal Modelling for
resting state fMRI

This chapter provides an extension to the framework of Dynamic Causal Modelling (DCM) for
modelling intrinsic dynamics of a resting state network [11, 99]. This DCM estimates the effec-
tive connectivity among coupled populations of neurons, which subtends the observed functional
connectivity in the frequency domain. We refer to this as spectral DCM (spDCM).

38.1 Theoretical background

38 Dynamic Causal Modelling for resting state fMRI
38.1 Theoretical background
38.2 Practical example . :
38.2.1 Defining the GLM
38.
38.

.2 Extracting time series .
.3 Specifying and estimating the DCM

-2

i

RIPC

N

LIPC



Worked example

GLM estimation —to get SPM.mat
CSF/WM signal extraction

GLM estimation —to remove confounds
Extraction of time series from ROls

@ _

PCC [0 -52 26] f '..
mMPFC [3 54 -2] / o)
agE<

A\

> w e

L-IPC [-50 -63 32]
R-IPC [48 -69 35]

RIPC LIPC

N

Di & Biswal, Neurolmage 2014 and Razi et al Neurolmage, 2015



Worked example

> w e

o o

GLM estimation —to get SPM.mat
CSF/WM signal extraction

GLM estimation —to remove confounds
Extraction of time series from ROls

Specify DCM
Estimate DCM

. Review DCM



Worked example
Default mode network

SPM12 ¢12.2): Menu - o KM
Realign (Esti... + Slice timing Smoath
Coregister{.. w Mormalise (.. W Segrment

Specify 1st-level Revie
Specify 2nd-level Estimate
Results

Cynamic Causal Modelling

Display Check Reg Render ... % | FMRI W

Toolko:x: W PPl= ImCalc DICOM Import

Help I Hil=.... W Batch it

Dynamic Causal Modelling (DCM12)

Specify endogenous (fixed) connections from

1 2 3
to FCC 1 e (@ (@ (@
mPFC 2 ® o (o
LIPC 3 ® @ o
RIFC 4 ® ®

done



Worked example
Default mode network

PCC: responses

2 : : . . . T

1+ \ /\ i
N"‘ \//\ *AV ‘ | i

OJ\VA\ ﬂJH\M/‘\/ 0\ /\/W / /\P / | \/\“ \ ‘ \\W )\V ‘u I

TPV AL T AV

2 % 100 50 200 20 00 350

time {seconds}

MPFC: responses

2 T T T T T

L ’ Al -

1 | [ I

| u\ W] /1 M
OA;AH‘H\ \” VM "\ M j ‘ M ﬂ wﬁ | /\ /MQ /N\ \‘ H‘ \‘h“ /\\\[\ A M \“‘\M \ "
U\ | \ N | .
\‘ \H \ }\J J / \‘ ‘\\H\“H\H“ ‘ ’\/ / \/f\\‘ ‘/\ \/ Vj \V/\/ \“ \“
r r r ‘/ r r r
) 50 100 150 200 250 300 350
time {seconds}
LIPC: responses
2 ; T T T T T
| [

o A [\ H \ ’r\ e
VLo [— f H/\ N a
IR nr WA A A

°Tu Hm\)‘ \‘U\ \ w / v M/ \//\ ‘ \/ [ / ’/ “\/ \f/ \w\j ‘\/N/\\

1 x ’\/’ | \/ -

y
2 5ro 1(30 1&20 zoro zgo 3(;0 350
time {seconds}
RIPC: responses
2 T T
1+ //\ ‘V A 1
\ M H \ Ao

o /\ ’ ‘ \pw ’,v \f/‘ //\ /‘ ‘ ‘ “ vf \ AVO/W’, \“ WQ A/ \/_/ /K’ﬂm’

Ak \V/ U J \

2k 4

) 5ro 160 1&0 2(;0 z;o 360 350

fime {seconds}

Input time series

C80: PCCto PCC CSDomPFCIo PCC CED:UPCHO PCC CSD: RIPCD PCOC

15§,

1

0%

15
1

| 05

0% [
e
04
02

008 0
requency Hz

008
frequency Hz

0.1

008 01
frequency Hz

008 01
frequency Hz

CSD:mPFCtomPFC CSD: LIPCtomPFC CSD: RIPCtomPFC

25
2
15
1
0s

0.08
frequency Hz

0.1

Spectral density (BOLD)

002 004 006 002

frequency (Hz)

0.1

3 1.2
1%

2 0%

06

1 04

102

00s 0
frequency Hz

00s 0
frequency Hz

CSD:LIPCtD LIPC CSD: RIPC o LIPC

3
2

1
1
1

T = o

0
0

0o 0a
frequency Hz

0o 0a
frequency Hz

CSD:RIPCH RIPC

0o0s 0
frequency Hz

Data fits for CSD



strencth (Hz)

Worked example
Default mode network

15

0%

DET

15

A - fixed effects

-
[ urc

R

[ Trirc |]

PCCmPFCLIPC RIPC
target region

[

(8> 0.00)

o 4

02t

O

Connectivity parameters: DCM.Ep.A

Neural fluctuation parameters: DCM.Ep.a

A - probability

ans =

ans =

PCCHMPFCLIPG RIPC 0.
target region -1.

2451
L5201
L2431
. 1499

*» DCH.Ep.a

6714
3155

-a.
-1.

»» load('DCM DMN.wat')
> DCM.Ep.A

0359
0349
.Oae5s
L0362

S53Z3
1341

A7 ad
L3647
. 8187
.5346

24006
2338

L2928

0.4746

1881
L0295

5028
33489
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Large-scale DCMs for resting state fMRI

Default 4 Executive

mode . control
d S
Oj |\ 7

Salience

Dorsal
attention

Sensorimotor

Auditory
36 nodes network

Raichle Annual Reviews, 2015



Large-scale DCMs for resting state fMRI

Stochastic DCM

15

5 10 20 25 30 35 40
number of prior eigenmodes

Spectral DCM

5000

4500

4000

3500

3000

2500

2000

Free energy [nats]

1500

1000

500

5
x 107

sl = i

M
m
¥

Free energy [nats]

o
= (5] [

T T
-
I
I
N

36 nodes netWOrk o 5 10 158 20 25 30 35 40

number of prior eigenmodes

Number of modes (m)

Razi, Seghier, Yuan, McColgan, Zeidman, Park, Sporns, Rees, Friston, Net. Neurosci. In press



Large-scale DCMs for resting state fMRI

- Default mode network
- Dorsal attention network

- Control executive network

- Salience network
- Sensorimotor network
- Visual network
- Auditory network

- Excitatory connections
- Inhibitory connections

\/

LN
%‘,\'5 '

gﬂ-\r -
N / {1 \;/9\., &
\Wes

C 34
Razi, Seghier, Yuan, McColgan, Zeidman, Park, Sporns, Rees, Friston, Net. Neurosci. In press



Large-scale DCMs for resting state fMRI

Averaged functional connectivity

(&)
o O
popn  EO0RD
on e uuooon  EOCRE O L
ana, , ooownwtEod—-=aa 55700 PR J—
S T L S Gt et e

BPVV35._= .
]

250 omm

5.
ZoCLE5s.

%
Z,
>00 0 I5BA000TTOCOFRRRNTMOOT—H VIO

D;
>P TN

[ p———)
P o= >
PPIZZZ2TZ

-2 ,_zD
AYT0~ 20

2333

303
ST HEE 50T,
S R R R A LIS i/

[ |
3> 00>
occ

B S
»522LEErEZZ T

Averaged binarized adjacency matrix
after BMR

Averaged effective connectivity
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Averaged functional connectivity
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Averaged binarised after BMR

Averaged effective connectivity
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35

Razi, Seghier, Yuan, McColgan, Zeidman, Park, Sporns, Rees, Friston, Net. Neurosci. In press



Large-scale DCMs for resting state fMRI

0.8

0.7
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> Worked example using SPM DMN connectivity

What's new? Large DCMs




Major Depressive Disorder
Natural time course of positive mood

Task design and timeline

Prior Acute phase Sustained phase
Rest1 Descriptive Captions Rest2 Anatomy Descriptive Captions Rest3
(6 min) (~15 min) (~15 min) (6 min) (9 min) (~15 min) (~15min) | (6 min)
0 +» ~90 Min a . N
Rate Rate Rate Rate Rate Rate . Hatng ofpositive affect
* OHe @ oo
ks
Acute phase descriptive Acute phase captions §
’ 2
oS Correct! oy
) M \ s 9
— Al You responded in Positive feedback &
| Aﬁ Q —) i W‘\Q’ » 8 seconds, which » from study staff © e — Sasined o
: : & cute phase est ustained phase
P o i is 2 seconds faster capfions anatomy Descriptive Captions
s than average 60 . - . ,
=5 15 30 45 60 75
+ Three people have short dark hair ¢ Who lives upstairs? Timefrom first rating (min)
] The woman is standing ] Bad chair day b Self-rating of performance (o] Actual performance
10 100 *
3 | ; | T | == * I
“ All people have pens on the table “ Another 'bald barber' joke? . 3
(=) =
© P.C.Vey / The New Yorker magazine © Tom Cheney / The New Yorker magazine % 2
= 3
. . . . . o -
Sustained phase descriptive Sustained phase captions g ® g
D =
0 0
£ N Descriptive Captions Descriptive ~ Captions
4 Y )
t ."' S
1 The woman's hands are up in the air ¢ Our bagpiper is off sick
Two people are standing next to a car Compliments of your ex
A car is parked behind six horses ¥ Fresh ground compah?
© Michael Maslin / The New Yorker magazine © Drew Dernavich / The New Yorker magazine

Admon & Pizzagalli,(2016) Nat. Comm.



Major Depressive Disorder
Natural time course of positive mood

a Change in VS rest
connectivity

These findings suggest:

1)  that corticostriatal pathways .
contribute to the natural time course
of positive mood fluctuations

2) and that disturbances of those neural 4
interactions may characterize !
individuals with a past history of mood
disorders

b VS-mPFC rest
connectivity

Prior Acute Sustained
(rest1) (rest2) (rest3)

Spectral DCM analysis



Hierarchical organization of intrinsic brain modes

anticorrelated brain modes

— Functional network organization — Network interactivity important for
cognitive function

Hand somato-motor [
Visual .
Mouth somato-motor I3 orsal Attention Network
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Frontal-parietal control [] AT "\J\ A M\;\J |'ﬁ Fﬁ'ﬂ
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Cingulo-opercular control [l o
Dorsal attention [ Time (in TRs)
Salience W Kelly et al. 2008

efault Mode Network
Power et al. 2011

Dorsal Attention Network

Salience Network
(SN)

(DMN)

Tsvetanov et al. 2016



Hierarchical organization of intrinsic brain modes

anticorrelated brain modes

PCC
aMPFC
IAG
rAG

VOIs identified using spatial independent
component analysis (ICA) (N=404)

Functional connectivity matrix
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Functional connectivity
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Hierarchical organization of intrinsic brain modes
anticorrelated brain modes

Effective connectivity matrix
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