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Dynamic Causal Modeling (DCM)

Hemodynamic Electromagnetic
forward model: forward model:

neural activity—>BOLD neural activity>EEG
MEG

LFP

\ Neural state equation: /
ax _ F(x,u,8)
fMRI dt EEG/MEG

complicated neuronal model
simple forward model

simple neuronal model
complicated forward model




A mathematical microscope
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Bayesian system
identification

Neural dynamics

Observer function

Inference on model
structure

Inference on parameters

u(t)
i

dx/dt = f (x,u, 6)

y=0(x,0)+¢

p(y[6,m)=N(g(0).2(0))

p(y

p(o

pP(@,m) =N(x,,Z,)

m) = [ p(y|6,m)p(F)dé
_ p(y[6,m)p(0,m)

Y=y m)

Design experimental inputs

Define likelihood model

Specify priors

Invert model

Make inferences



VB in a nutshell (mean-field approximation)

O Neg. free-energy In p(y | m) =F + KL[q 0, /1 (9 Al Y)]
approx. to model

evidence. <In p(y.0,4 > KL[q 0, 1), (H,Mmﬂ
® Mean field approx. p(¢9, A y) ~ (] (6’, /1) =( (H)q (Z)
©® Maximise neg. free q(0) <cexp(l,)= eXp[<|n o(v,6, l)>q(/1)_

energy wrt. ¢ =

minimise divergence, _ i
by maximising q(4) <exp(l;) = exp[<|n P(Y.0, A)>q(0) |

variational energies

O lterative updating of sufficient statistics of approx. posteriors by
gradient ascent.
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bilinear DCM non-linear DCM

modulation
driving driving
input input

modulation

Two-dimensional Taylor series (around x,=0, u,=0):

dx of of o f o f x°

— = f (X, u)~f(xo,0)+—x+—u+ UX + 55—

dt OX ou  oOxou OX
Bilinear state equation: Nonlinear state equation:

dt j=1

i (A+ Dy, B(')jx+Cu Cdbt( [AJFZU BY +ZX Dt

jx+Cu
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Stephan et al. 2008, Neurolmage

Nonlinear Dynamic Causal Model for fMRI

dx
dt
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neural state | dx _ A+ uBY |x+Cu
equation dt =)
!
vasodilatory signal
s = x—xs—y(f —1)[

S
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A
flow induction (rCBF)

stimulus functions

The hemodynamic
model in DCM

hemodynamic f=s
state ¢
equations
Balloon model |
changes in volume changes in dHb
" W=y "= f E(fE,)/E, —v'“qiv|"
v q

AS
A(q,v) = S zV0|:k1(1—

0

k, =4.39,E,TE
Kk, = &1, E,TE

k;=1-¢

q)+k2(1—%j+k3(1—v)}

BOLD signal
change equation
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Stephan et al. 2007, Neurolmage




How interdependent are neural and hemodynamic

parameter estimates?

1
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Stochastic DCM

dx

f(x,u,d
" (x,u,0)+

* accounts for stochastic neural
fluctuations

 can be fitted to resting state data

* w has unknown precision and
smoothness
— additional hyperparameters

Friston et al. (2008, 2011) Neurolmage
Daunizeau et al. (2009) Physica D
Lietal. (2011) Neurolmage
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DCM for EEG, MEG & local field potentials (LFPs)

macro-scale

Jansen & Rit 1995, Biol. Cybern.
David et al. 2006, Neurolmage
Kiebel et al. 2007, Neurolmage
Moran et al. 2009, Neurolmage
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Conductance-based DCMs

CV @ = gL(VL _V(Z)) + g|(52) (VE _V(Z)) + gNMDAfMg(V(Z))(VE -V (2))+Fv
9¢” = ke (25 o(uy” —Ve, 29) —g) +T'¢

spiny ngA = Knmpa (7;'3)0(/“\53) Vg, Z(?’)) - ngA) + 1 \woa
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Marreiros et al. 2010, Neurolmage
Moran et al. 2011, Neurolmage



Generative models, model selection & model validation

« any DCM = a particular generative model of how the data (may)
have been caused

« modelling = comparing competing hypotheses about the
mechanisms underlying the data

— careful definition of model space (hypothesis space) is
crucial

« model selection # model validation!

— model validation requires external criteria (external to the
measured data)



Model comparison and selection

Given competing hypotheses
on structure & functional

mechanisms of a system, which
model is the best?

!

Which model represents the
best balance between model
fit and model complexity?

1 - e : /‘I I\ R p—

e

Goodness of fit

Good

A
|
| Overfitting
¥

Model fit

Generalizability

Poor

P
-

For which model m does p(y|m)
become maximal?

Pitt & Miyung (2002) TICS



Bayesian model selection (BMS)

Model evidence:

p(y[m)= [ p(y| 6, m)p(@|m) do

log p(y | m) =(log p(y| 6, m))
—KL[q(6), p(0]m)]
+KL[q(6),p(0]y,m)]

accounts for both accuracy and
complexity of the model

mmmm)> a measure of generalizability

A Gharamani, 2004

p(ylm)

y o
j \jLISI right

all possible datasets

-

Various approximations, e.g.:

- negative free energy, AIC, BIC

McKay 1992, Neural Comput.
Penny et al. 2004a, Neurolmage



Approximations to the model evidence in DCM

Logarithm is a ‘ Maximizing log model evidence
monotonic function = Maximizing model evidence

Log model evidence = balance between fit and complexity
log p(y | m) = accuracy (m) —complexity (m)

=log p(y | &, m) — complexity (m)

No. of
t
In SPM2 & SPM5, interface offers 2 approximations: / parameters
Akaike Information Criterion: AlIC = Iog p(y 9, m) @ [ Zl;.aogomts

Bayesian Information Criterion: BIC =log p(y |8, m) — g Iog@

‘ AIC favours more complex models,

BIC favours simpler models. Penny et al. 2004a, Neurolmage



VB in a nutshell (mean-field approximation)

O Neg. free-energy In p(y | m) =F + KL[q 0, /1 (9 Al Y)]
approx. to model

evidence. <In p(y.0,4 > KL[q 0, 1), (H,Mmﬂ
® Mean field approx. p(¢9, A y) ~ (] (6’, /1) =( (H)q (Z)
©® Maximise neg. free q(0) <cexp(l,)= eXp[<|n o(v,6, l)>q(/1)_

energy wrt. ¢ =

minimise divergence, _ i
by maximising q(4) <exp(l;) = exp[<|n P(Y.0, A)>q(0) |

variational energies

O lterative updating of sufficient statistics of approx. posteriors by
gradient ascent.



The (negative) free energy approximation

« Under Gaussian assumptions about the posterior (Laplace
approximation), the negative free energy F is a lower bound on
the log model evidence:

log p(y|m)
= (log p(y| 6,m)) - KL[q(6), p(6] )]+ KL[a(6), p(&] y, m)]
= F+KL[q(8), p(&] y,m)]

= F =log p(y|m)— KL[Q(Q)’ p(@\ Y m)]




The complexity term in F

« In contrast to AIC & BIC, the complexity term of the negative
free energy F accounts for parameter interdependencies.

KL[q(8), p(6| m)]

1 1 1 _
= 2G| =2 In[Coy [+ (uty = 1] C5* iy~ t10)

« The complexity term of F is higher

— the more independent the prior parameters (T effective DFs)
— the more dependent the posterior parameters
— the more the posterior mean deviates from the prior mean

 NB: SPMS8 only uses F for model selection !



Bayes factors

To compare two models, we could just compare their log

evidences.

But: the log evidence is just some number — not very intuitive!

A more intuitive interpretation of model comparisons is made

possible by Bayes factors:

5 _ Ply|m,)
“ o op(yImy)

Kass & Raftery classification:

Kass & Raftery 1995, J. Am. Stat. Assoc.

positive value, [0; oof

B, p(m,ly) | Evidence
1to 3 50-75% weak
3to 20 75-95% positive

20 to 150 95-99% strong
> 150 > 99% Very strong
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Bayesian Model Selection

attention

Models

M1 M2 M3 M4

Bayesian Model Selection

M2 better than M1

BF ~ 2966
AF =7.995

<

M3 better than M2

BMS in SPM8: an example

stim

BF ~ 12
AF =2.450

M4 better than M3

Models

BF ~ 23
AF =3.144
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Kumar et al. 2007, PLoS Comput. Biol.



Fixed effects BMS at group level

Group Bayes factor (GBF) for 1...K subjects:

— (k)
GBEY_EIBEj

Average Bayes factor (ABF):
_ (k)
ABEV—%IIBEj
k

Problems:
- blind with regard to group heterogeneity
- sensitive to outliers




Random effects BMS for heterogeneous groups

Dirichlet parameters «
= “occurrences” of models in the population

w Dirichlet distribution of model probabilities r

N\

—
( \\ Multinomial distribution of model labels m

m, ~ Mult(m;L,r) Model inversion

by Variational
‘ — Bayes or MCMC
Yy = Measured data y

Y Y, ~ pCy; [my)

Stephan et al. 2009a, Neurolmage
Penny et al. 2010, PLoS Comput. Biol.
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Data: Stephan et al. 2003, Science
Models: Stephan et al. 2007, J. Neurosci.



o @ plr>r,)=99.7%

i a, =2.2 o
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Stephan et al. 2009a, Neurolmage



Simulation study: random
effects BMS in heterogenous
populations

« Population where 70% of all
subjects' data are generated by
model m; and 30% by model m,

« Random sampling of subjects from
this population and generating
synthetic data with observation
noise

 Fitting both m; and m, to all data
sets and performing BMS

Stephan et al. 2009a, Neurolmage
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nonlinear linear
FEX o - Model space partitioning:
| comparing model families

20 +

p(r1>0.5 | y) = 0.986

CBM, CBM,(s) RBM,, RBMy(s) CBM, CBM, () RBM, RBM,(c) 5 T T T T T T T T i

RFX a 5 a5t @
| 4+

p(ryly)
N
T

CBM, CBM,(s) RBM,, RBMy(s) CBM, CBM, () RBM, RBM,(c)

Model
space
partitioning

Stephan et al. 2009a, Neurolmage
nonlinear models linear models Penny et al. 2010, PLoS Comput. Biol.



Comparing model families — a second example

data from Leff et al.
2008, J. Neurosci 2 L 201)

one driving input, one @- —————————————— ,

modulatory input NN R

26 = 64 possible o
modulations SN R

23 — 1 input patterns @

7x64 = 448 models

_ _ A F P AF PA PF PAF
integrate out uncertainty o1 . . . . .
about modulatory _omr _
patterns and ask where %‘ | ||
auditory input enters S oot | I
S P 1 O O S PR |

Penny et al. 2010, PLoS Comput. Biol. m



Bayesian Model Averaging (BMA)

uses the entire model space
considered (or an optimal family of
models)

averages parameter estimates,
weighted by posterior model
probabilities

particularly useful alternative when

— none of the models (subspaces)
considered clearly outperforms all
others

— when comparing groups for which
the optimal model differs

p(9n | yl..N)
:Zm: p(6, 1y, m)p(m|y, )

NB: p(mly, ) can be obtained by
either FFX or RFX BMS

Penny et al. 2010, PLoS Comput. Biol.



definition of model space

A
inference on model structure or inference on model parameters?

A 4 A 4

inference on inference on
individual models or model space partition? parameters of an optimal model or parameters of all models?
\4 l v l
optimal model structure assumed comparison of model optimal model structure assumed BMA
to be identical across subjects? families using to be identical across subjects?
FFX or RFX BMS

yes no
yes no
FFX BMS RFX BMS
FFX BMS RFX BMS FFX analysis of RFX analysis of
parameter estimates parameter estimates
(e.qg. BPA) (e.g. t-test, ANOVA)

Stephan et al. 2010, Neurolmage



Integration of
tractography G —»G |
and DCM o

0 -2 -1 0 1

low probability of anatomical connection
— small prior variance of effective connectivity parameter

1.6
1.4r
1.2

“ R 1 % 0.8-

0.6
0.4-
0.2-
0

2 E) 0 1
high probability of anatomical connection

Stephan, Tittgemeyer et al. — large prior variance of effective connectivity parameter
2009, Neurolmage
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for coupling

parameters
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Connection-specific prior variance X as a function of
anatomical connection probability ¢
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Models with anatomically informed priors (of an intuitive form) were
clearly superior to anatomically uninformed ones: Bayes Factor >10°



Hierarchical strategy for model validation
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Previous validation studies of DCM

— reliability (reproducibilty)
« parameter estimates are highly reliable across sessions (Schuyler et al. 2010)
» model selection results are highly reliable across sessions (Rowe et al. 2010)

— face validity
» simulations and empirical studies (Stephan et al. 2007, 2008)

— construct validity
« comparison with SEM (Penny et al. 2004)
« comparison with large-scale spiking neuron models (Lee et al. 2006)

— predictive validity:
* infers correct site of seizure origin (David et al. 2008)
* infers primary recipient of vagal nerve stimulation (Reyt et al. 2010)
* infers synaptic changes as predicted from microdialysis (Moran et al. 2008)
* infers conditioning-induced plasticity in amygdala (Moran et al. 2009)
 tracks anaesthesia levels (Moran et al. 2011)
 predicts sensory stimulation (Brodersen et al. 2010)
 infers DA induced changes in AMPA/NMDA ratio from MEG (Moran et al. 2011)
« predicts presence/absence of remote lesion (Brodersen et al. 2011)



Validation: Predicting origin of epileptic seizures from fMRI
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Validation:

microdialysis in rat prefrontal cortex Sensitization of post-
synaptic mechanisms

Synaptic Input Response Function
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Validation: different levels of anaesthesia
(in collaboration with MPI Cologne)

DCM fitted to LFPs from rat
auditory cortex (A1 and PAF)
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Model-based decoding by generative embedding

step 1 —
model inversion

X — Mg

measurements from
an individual subject

> jA \ ()
p(0]z, m)

subject-specific
inverted generative model

j \ q step 4 —

interpretation
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jointly discriminative
model parameters

Brodersen et al. 2011, PLoS Comput. Biol.
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step 3 —
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Model-based decoding of disease status:
mildly aphasic patients (N=11) vs. controls (N=26)
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Brodersen et al. 2011, PLoS Comput. Biol.



Model-based decoding of disease status:
mildly aphasic patients (N=11) vs. controls (N=26)
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Multivariate searchlight Generative embedding
classification analysis using DCM

Voxel-based feature space Generative score space
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