Network inference via approximate Bayesian

computation. lllustration on a stochastic

multi-population neural mass model

Irene Tubikanec

joint work with
Susanne Ditlevsen (University of Copenhagen)

Massimiliano Tamborrino (University of Warwick)

JXU

JOHANNES KEPLER
UNIVERSITY LINZ

Irene Tubikanec Johannes Kepler University Linz 1



Irene Tubikanec Johannes Kepler Uni




EEG data with epileptic activity!
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'The data are available at: https://wwv.physionet.org/content/
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EEG data with epileptic activity!
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EEG data with epileptic activity!
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Overview

‘ Data \

[ Part I: Model (SDE) ]

[ Part Il: Numerical method ](—)[ Part Ill: Statistical inference ]
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Part |
Multi-population stochastic neural mass model
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Modelling one neural population?

€d4-1dd

2 Jansen & Rit (Biol. Cybern., 1995),
Ableidinger, Buckwar & Hinterleitner (J. Math. Neurosci., 2017)
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Modelling one neural population?
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> 6-dimensional SDE, describing the activity of one population of neurons:
dX1(t) = Xa(t)dt
dXa(t) = Xs(t)dt
dX3(t) = Xe(t)dt
dXa(t) = [Aa(sig (Xa(t) — Xa(t))) — 2aXa(t) — a*Xa(t)] dt + 7d Wa(t)
dXs(t) = [Aa(p + Cosig(CiXu(t))) — 2aXs(t) — a*Xa(t)] dt + od Ws(t)
dXs(t) = [BbCasig (CsX1(t)) — 2bXs(t) — b*Xs(t)] dt + 7d We(t)

2 Jansen & Rit (Biol. Cybern., 1995),
Ableidinger, Buckwar & Hinterleitner (J. Math. Neurosci., 2017)
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Modelling one neural population?
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> 6-dimensional SDE, describing the activity of one population of neurons:

t) = Xu(t)dt

t) = Xs(t)dt

t) = Xe(t)dt

t) = [Aa(sig (Xa(t) — Xa(t))) — 2aXa(t) — a*Xu(t)] dt + 7dWi(t)
t) = [Aa(u + Gsig(CiXi(t))) — 2aXs(t) — a°Xa(t)] dt + od Wi (t)
t) = [BbCasig (CsX1(t)) — 2bXs(t) — b*Xs(t)] dt + 7d Wi (t)

> Observed process: Y(t) := Xa(t) — Xa(t) (EEG signal)

2 Jansen & Rit (Biol. Cybern., 1995),
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Modelling N neural populations

dX; (t) = X, (t)dt

dX, (t) = Xs (t)dt

dX; (t) = Xs (t)dt

dXa (t) = [A a (sig (Xz(t) - X3(t))) —2a X, (t) — ale(t)] dt + 7 dW, (t)
dXs (t) = [A a (n + G sig(G X () —2a Xs (t) — a2X2(t)] dt + o dWs (t)

dXs (t) = [B b Cs sig (C3 X, (t)) ~2b X (t) — b2X3(t)] dt + 7 dW (t)
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Modelling N neural populations

» 6-dimensional SDE, describing the k-th, k =1,..., N, population of neurons:
dX{(t) = Xi(t)dt
dXs(t) = X&' (t)dt
dXs (t) = X¢(t)dt
dXi(t) = [A a (sig (sz(t) - xf(t))) —2a XK(t) - azxf(t)] dt + 7 dW,(t)
dXE(t) = [A a (n + G sig(G X(t))) — 2a Xé(t) — aZX;(t)] dt + o dWL(t)

dXE(t) = [B b Cs sig (C3 xf(t)) —2b X(t) — bzX;(t)] dt + 7 dW(t)

> Observed process: Y*(t) := X¥(t) — X£(t) (k-th EEG signal)
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Modelling N neural populations

» 6-dimensional SDE, describing the k-th, k =1,..., N, population of neurons:
dXy(t) = Xi(t)dt
dX5(t) = X&(t)dt
dXs(t) = X&(t)dt
dXK(t) = [A a (sig (x;(t) - X;k(t))) —2a XK(t) - azXlk(t)] dt + 7 dWL(t)
dXE(t) = [A a (1 + G sig(G XE(t))) — 22 Xé(t) — azxf(t)] dt + o dW(t)

dXk(t) = [B b Cs sig (C3 xf(t)) —2b X(t) — b2X3k(t)] dt + 7 dWE(t)

> Observed process: Y*(t):= X () — XJ(t) (k-th EEG signal)
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Modelling N neural populations

» 6-dimensional SDE, describing the k-th, k =1,..., N, population of neurons:
dXy(t) = Xi(t)dt
dX5(t) = X&(t)dt
dXs(t) = X&(t)dt
dXK(t) = [Akak (sig (x;(t) - X;k(t))) —2a,XK(t) — aixf(t)] dt + . dW,(t)
dXE(t) = [Akak (i + Corsig(CueXE(1))) — 2a X (t) — aixf(t)] dt + o dWE(t)

dXk(t) = [Bkbk Cassig (C3kX1k(t)) b XE(t) — bix;(t)] dt + T dWE(t)

> Observed process: Y*(t):= X (t) — XJ(t) (k-th EEG signal)
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Modelling N neural populations

» 6-dimensional SDE, describing the k-th, k =1,..., N, population of neurons:
dXy(t) = Xi(t)dt
dX5(t) = X&(t)dt
dXs(t) = X&(t)dt
dXK(t) = [Akak (sig (x;(t) - X;k(t))) —2aXE(t) — aﬁxf(t)] dt + e dW,(t)
dXE(t) = [Akak (1k + Corsig(CueXE(1))) — 2a X (t) — aixf(t)] dt + o dWE(t)

dXk(t) = [Bkbk Carsig (C3kX1k (t)) —2bXE(t) — BEXE (t)} dt + TedWE (t)

> Observed process: Y*(t):= X (t) — XJ(t) (k-th EEG signal)
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Modelling N coupled neural populations®

» 6N-dimensional SDE, describing N interacting populations of neurons,
where the k-th, k =1,... N, population is defined via:

dXk(t) = XF(t)dt

dX5(t) = X&(t)dt

dX5(t) = XE(t)dt

dxk(t) = [Akaks1g ( — x! (t)) —2ai Xk (t) — a2 X! (t)] dt + T dW,(t)

dXE(t) = [Axai (ux + Casie (clkxl ©)) ) = 2aKXd(t) - XK (2)] e

+ o dWE(t)
dxg(t) = [Bkbk Caksig (C3kx1k(t)) — 2beXE(t) — bﬁx;(t)] dt + T dWE(t).

» Observed process (N EEG signals):
Y(£) = (YY), YV() T = 00 () X (0),, 00 () - ()T

3Wendling et al. (Biol. Cybern., 2000)
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dXg(t) = [Akak (uk + Coxsig (ClkX1 (t) ) + Z ijKij{(t)) — 2, X5 (t) — a3 X3 (t)]

J=Tik
+ o dWE(t)
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Modelling N coupled neural populations®

» 6N-dimensional SDE, describing N interacting populations of neurons,
where the k-th, k =1,... N, population is defined via:

dXk(t) = XF(t)dt

dX5(t) = X&(t)dt

dX5(t) = XE(t)dt

dxk(t) = [Akaks1g ( — x! (t)) —2ai Xk (t) — a2 X! (t)] dt + T dW,(t)

dXg(t) = [Akak (uk + Cyysig (ClkX1 (t) ) + Z P kKij{(t)) — 23, X£(t) — a2 X3 (t)]

Jj=1,j#k
+ o dWE(t)

dX§(t) = [ Bubi Carsig (CarXt (1)) — 2b6X¢ () — BEXE(2)| dt + med W (e).
» Observed process (N EEG signals):
Y(£) = (YY), YV() T = 00 () X (0),, 00 () - ()T

» Network: Coupling direction parameters pj < {0,1}

3Wendling et al. (Biol. Cybern., 2000)
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No connections: pj = 0
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No connections: pj = 0
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A. No connections

Johannes Kepler University Linz




Cascade network: p1p = po3 = p3g =1
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B. Cascade network, K = 300
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Cascade network:
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P12 = p23 = p3s =1

B. Cascade network, K = 500
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Part Il
Numerical simulation method: Splitting
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Part Il
Numerical simulation method: Splitting?

* Ableidinger, Buckwar & Hinterleitner (J. Math. Neurosci., 2017)
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Re-formulation: stochastic Hamiltonian type system

»  k-th population of the 6/N-dimensional SDE:

dXk(t) = XK (t)dt
dX£(t) = XE(t)dt
dX¥(t) = Xk (t)dt
)=

dXk(t [Akaksig (X2k(t) - x_,,k(t)) f2akX‘f(t)faiX1k(t)] dt + T d WE(t)

N
dXg(t) = [Akak (#k + Coxsig (Clkxlk(t)) + > ijKij{(t)) —23kX§(f)—3iX'f(f)] dt

J=1.j#k
+ o dWE(1)

dX§(£) = [ Bebk Carsig ( CarXi (1)) ~2bX¢ (1) BEXE(2)| dt + med W (1)

» Re-formulation:

() Ja (o
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Re-formulation: stochastic Hamiltonian type system

»  k-th population of the 6/N-dimensional SDE:

dx[ (1) = X[ (t)dt
dx! (1) = XE(t)dt
dXk(t) = Xk (t)dt
dXk(t) = [Ararsie (XE(8) = X§ (1)) ~2akXE(6) a2 XE(8)] ot + Ted Wi(D)

N
dXg(t) = [Akak (uk + Coxsig (Clkxlk(t)) + > ijKiji(t))—23kX§(f)—3iX'f(f)] dt
=Tk
+ o dWE(1)

dX§(£) = [ Bebk Carsig ( CarXi (1)) ~2bX¢ (1) BEXE(2)| dt + med W (1)

» Re-formulation:

()~ o (o
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Re-formulation: stochastic Hamiltonian type system

»  k-th population of the 6/N-dimensional SDE:

dX[(t) = Xk(t)dt
dXS(t) = XE(t)dt
dXk(t) = Xk (t)dt
d X/ () = [Awarsig (XE(8) = X§ (1)) ~2akXE(6) a2 XE(8)] ot + Ted WD)
N
dXg (t [Akak (Mk + Cosig (Clkxlk(t)) + ) ijKij{(t))—28kX5k(f)—3iX2k(f)] dt

J=1.j#k
+ o dWE(1)

dXk(t) = [Bkbk Caksig (C3kX1k(t)) —2bkx6k(t)—b§x3k(t)] dt + e d WE(t)

» Re-formulation:

() Ja (Yo
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Re-formulation: stochastic Hamiltonian type system

»  k-th population of the 6/N-dimensional SDE:

dXk(t) = [Akaksig (X2k(t) - x_,,k(t)) f2aka(t)faiX1k(t)] dt + T d WE(t)
N
At (1) = [Awar (i + Carsie (CuxXt (D) + D pikuXd(e) ) —2aX$ (a2 Xb (1) dt

J=1.j#k
+ o dWE(1)

dXk(t) = [Bkbk Caksig (C3kX1k(t)) —2bkx6k(t)—b§x3k(t)] dt + e d WE(t)

» Re-formulation:

() e (Jaw
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Re-formulation: stochastic Hamiltonian type system

»  k-th population of the 6/N-dimensional SDE:

dXk(t) = [Akaksig (X2k(t) - x_,,k(t)) f2aka(t)faiX1k(t)] dt + T d WE(t)
N
dxt (1) = [Awar (i + Causie (Cuxt (D) + D pikuXd(8) ) —2aX$ ()22 Xb (1) dt

J=1.j#k
+ o dWE(1)

dXk(t) = [Bkbk Caksig (C3kX1k(t)) —2bkx6k(t)—b§x3k(t)] dt + e d WE(t)

» Re-formulation:

() (o "0 e (Yo
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Re-formulation: stochastic Hamiltonian type system

»  k-th population of the 6/N-dimensional SDE:

dXk(t) = [Akaksig (X2k(t) - Xé‘(t))72aka(t)faiX1k(t)] dt + T d WE(t)
N
dxt (1) = [Awar (i + Carsie (Cuxt (D) + D pikuXd(8) ) —2a0 X8 (a2 Xb (1) dt

J=1.j#k
+ o dWE(1)

dXk(t) = [Bkbk Caksig (C3kX1k(t)) —2bkx6k(t)—b§x3k(t)] dt + e d WE(t)

» Re-formulation:

1(345) = Craro-aruite Jar s ()t
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Re-formulation: stochastic Hamiltonian type system

»  k-th population of the 6/N-dimensional SDE:

dX[ (1) = X\(t)dt
dXK(t) = XL (t)dt
dXs(

(

Jj=1,j#k
+ o dWE(1)

dXk(t) = [Bkbk Caksig (Cg,lek(t)) —2bkxg(t)—b§x3k(t)] dt + e d WE(t)

» Re-formulation:

1(510) = (Crararapioy o) @ + () W'

Irene Tubikanec Johannes Kepler University Linz
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Re-formulation: stochastic Hamiltonian type system

»  k-th population of the 6/N-dimensional SDE:

dX[(t) = X\ (t)dt

dXS(t) = XE(t)dt

dX5(t) = Xk(t)dt
(1)

X (1) = [Araisie (XE(e) = XE (1)) ~2akXd(1) a2 XE(8)] dt + md W (1)
=

Jj=1,j#k

—+ deWé(t)
dxk(t) = [Bkbk Caksig (Cg,lek(t)) —2bkxg(t)—b§x3k(t)] dt + . dWE (1)

» Re-formulation:

¢ (g:g))) - (—F,z(Qk(t)*2l{3:F(’f‘)(t)+Gk(Q(t))) at -+ ((2)3) dWH(2)

Irene Tubikanec Johannes Kepler University Linz
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Re-formulation: stochastic Hamiltonian type system

» Re-formulation of the k-th population:

d<§f§g) - (—riok(t)—zﬁklgp(t)+Gk(o(r))> w0+ (5) o

Irene Tubikanec Johannes Kepler University Linz



Re-formulation: stochastic Hamiltonian type system

> Re-formulation of the k-th population:
‘ (g:gg) - (—Fiok(t) - 25&)&) + Gk(Q(t))> ot @Z) W ()
» Re-formulation of the 6 N-dimensional SDE:
4(2()) = (e - 2rpie « clare)  + (37 weo
e Q=(QY ..., , P=(PL,....PMT

o W=(W...,WMT G(Q)=(GQ),...,Gn(Q)T

e [ =diag[a1, a1, b1,...,an, an, by, L = diag[r1,01,71,..., 7N, 0N, TN]
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» 6N-dimensional SDE:

Q1) _ P(t)
d <P<r>> = (_er(t) —2rP(t) + G(Q(t

p) e+ (

Irene Tubikanec Johannes Kepler University Linz
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Splitting

» 6N-dimensional SDE:

Q) P(t)
d <P<r>> = (_er(t) —2rP(t) + G(Q(1))

o
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Splitting

» 6N-dimensional SDE:

Q1)) _ P(t)
I <P(f)> - (—FZQ(t) —2rP(t) + G(Q(1))

o
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Splitting

» 6N-dimensional SDE:

¢ <§§3> - (frzom

Irene Tubikanec

P(t)
—2IP(t) + G(Q(t))

o
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Splitting
» 6N-dimensional SDE:

d <§§3> - <fFZQ(t) - zlrjg()t) I G(Q(t))) dt + (@EN) dW(t)

> Split it into two exactly solvable subsystems:
QU(t)\ _ P(¢) Osn
d <P[1](t) =\ o —arpi ) T s )dW(t) (1)

I (,‘3[[;]53) - (6(3?27@))) o @)
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Exact solution of subsystem (1)

» Subsystem (1):

dx(t) = AXU(t)dt + £dw(t), A= <@3N
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Exact solution of subsystem (1)

» Subsystem (1):

dx(t) = AXU(t)dt + £dw(t), A= <(_D3r“2’

» Exact solution:

XW() = o (XP(e)) = ™ x1(e) + 61(2),
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Exact solution of subsystem (1)

» Subsystem (1):

dx(t) = AXU(t)dt + £dw(t), A= <(_D3r“2’

» Exact solution:

XW() = o (XP(e)) = " x1(e) + 61(2),
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Exact solution of subsystem (1)

» Subsystem (1):
dx(t) = AXU(t)dt + £dw(t), A= <(_D3r“2’
» Exact solution:

XW() = o (XP(e)) = ™ x1(e) + 61(2),

A8 e "4 (Isy +TA) e "AA
- —re ™A e "4 (Isy — TA)
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Exact solution of subsystem (1)

» Subsystem (1):

dx(t) = AXU(t)dt + £dw(t), A= <(_D3r“2’

» Exact solution:

XW() = o (XP(e)) = ™ x1(e) + 61(2),

A8 e "4 (Isy +TA) e "AA
- —re ™A e "4 (Isy — TA)
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Exact solution of subsystem (1)

» Subsystem (1):

dx(t) = AXU(t)dt + £dw(t), A= <(_D3r“2’ E"r) , == <@§N>

» Exact solution:

X0(t0) = o (XP(e)) = 2XPU(e) + 6(8). 6(8) ~ N (0ow E(2))

A _ <e_rA (Isw +TA) e 2A ) , (ﬁ(A) K(A)>

° _[2eTAA e ™ (Iay — TA) —\W(a) K(D)
L Ea) (AT (w4 R(A)P(A) - 9(A)) 22 R(A)
¢(a) = ( 152 (A)? AT (Lan 4 R(2)9'(D) n’(A)z))

Irene Tubikanec Johannes Kepler University Linz 14



Exact solution of subsystem (2)

> Subsystem (2):

I (fﬁ”g;) (G(%r))) o
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Exact solution of subsystem (2)

> Subsystem (2):
QA(t) [ 0s
I (Ppl(t)) - (6(0127(r))) a*

» Exact solution:

XP(ti11) = B (Xlz](t,-)) = xP(t) + A (G(

Irene Tubikanec Johannes Kepler University Linz
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Part 111

Adapted SMC-ABC algorithm for network inference:
nSMC-ABC
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Classical ABC method?®

Acceptance-rejection ABC algorithm

Input: Observed data y, prior distribution 7(6), threshold ¢.
Output: Samples from the ABC posterior distribution masc(6]y).

. for j=1to M do
Sample 6" from the prior 7().
Conditioned on 0%, simulate synthetic data yp« from the SDE.
Compute summaries s(yp=) and a distance D = d(s(y), s(yo=)).
If D <6, keep 6" as a sample from the ABC posterior.

end for

DU DRE

®Beaumont, Zhang & Balding (Genetics, 2002)
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SMC-ABC method®

lllustration: SMC-ABC

EN

®Moral, Doucet & Jasra (Stat. Comput., 2012)
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SMC-ABC method®

lllustration: SMC-ABC
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SMC-ABC method®

lllustration: SMC-ABC
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SMC-ABC method®

lllustration: SMC-ABC
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Adapted SMC-ABC method for network inference: nSMC-ABC

lllustration: SMC-ABC

lllustration: SMC-ABC
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Adapted SMC-ABC method for network inference: nSMC-ABC

lllustration: SMC-ABC

lllustration: SMC-ABC
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Adapted SMC-ABC method for network inference: nSMC-ABC

lllustration: SMC-ABC

lllustration: SMC-ABC
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Adapted SMC-ABC method for network inference: nSMC-ABC

lllustration: SMC-ABC

lllustration: SMC-ABC
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Inference results
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Inference results

» Observed data:

Observed data

o «w 5
T uopeindod

V]
o w 5
Z uoneindod

o« 8
£ uonendod

o « 8
 uoneindod

10
tis]
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Inference results

» Observed data:

» Parameter vector:

Irene Tubikanec

Observed data
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Inference results - continuous parameters

ABC results A1 ABC results A2 ABC results A3
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Inference results - continuous parameters

ABC results A1 ABC results A2 ABC results A3
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Inference results - continuous parameters

ABC results A1 ABC results A2 ABC results A3
T
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Inference results - discrete (network) parameters

ABC results p12 ABC results p13 ABC results p14 ABC results p21 ABC results p23 ABC results p24
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Inference results - discrete (network) parameters
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Inference results - discrete (network) parameters

ABC results p12 ABC results p13 ABC results p14 ABC results p21 ABC results p23 ABC results p24
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Inference results - EEG data
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Inference results - EEG data
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Inference results - EEG data
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During seizure: stronger connectivity in the left brain hemisphere
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