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A computational approach to dissecting spectrum disorders 

𝑥1 𝑥2 

𝑥3 
 Psychiatry lacks 

pathophysiologically 
informed diagnostic 
classifications. 

type 
A 

type 
B 

type 
C 

heterogeneous 
clinical group 

  Could machine 
learning help dissect 
spectrum disorders 
into mechanistically 
defined subgroups? 
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Model-based analysis by generative embedding 

step 4 — 
analysis 

model of group structure 

A 

C 
B 

jointly discriminative 
connection strengths 

step 5 — 
interpretation 
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measurements from an 
individual subject 

step 3 — 
embedding 

representation in 
model-based feature space 

A → B 

A → C 

B → B 

B → C 

subject-specific 
generative model 

A 

C 
B 

step 2 — 
modelling 

step 1 — 
extraction 

time series in 
regions of interest 
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activity 
𝑧1(𝑡) 

Choosing a generative model: DCM for fMRI 

intrinsic 
connectivity direct inputs 

modulation of 
connectivity 

neural state equation 

haemodynamic forward model 
𝑥 = 𝑔(𝑧, 𝜃ℎ) 

BOLD signal 

neuronal states 

t 

driving input 𝑢1(𝑡) modulatory input 𝑢2(𝑡) 

t 

activity 
𝑧2(𝑡) 

activity 
𝑧3(𝑡) 

signal 
𝑥1(𝑡) 

signal 
𝑥2(𝑡) 

signal 
𝑥3(𝑡) 

Friston, Harrison & Penny (2003) NeuroImage 
Stephan & Friston (2007) Handbook of Brain Connectivity 

𝑧 = 𝐴 + ∑𝑢𝑗𝐵
𝑗 𝑧 + 𝐶𝑢  
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Constructing a classifier 

Generative classifiers 

use Bayes’ rule to obtain 
𝑝 𝑋𝑡 𝑌𝑡 ∝ 𝑝 𝑌𝑡 𝑋𝑡 𝑝 𝑋𝑡  

• Gaussian Naïve Bayes 
• Linear Discriminant 

Analysis 
• Gaussian processes 

Discriminative classifiers 

estimate 𝑝 𝑋𝑡 𝑌𝑡  directly 
without Bayes’ theorem 

• Logistic regression 
• Relevance Vector 

Machine 

Discriminant classifiers 

estimate 𝑓 𝑌𝑡  directly 
 

• Fisher’s Linear 
Discriminant 

• Support Vector Machine 

𝑓 𝑌𝑡 that  𝑘  which maximizes  𝑝 𝑋𝑡 = 𝑘 𝑌𝑡, 𝑋, 𝑌  
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Hierarchical classification analyses 

subject 𝑗 

- + - - + 

trial 𝑛𝑗 

trial 1𝑗 

subject 1 subject 2 subject 𝑚 

… 

… 

population 

0
1
⋮
1
0

 

1
1
⋮
0
1

 

0
1
⋮
0
0

 

1
0
⋮
1
1

 

… 

… 
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Towards a mixed-effects model for performance evaluation 

 Bayesian 
mixed-effects 
inference 

𝜋𝑗  

𝑘𝑗 

𝛼,𝛽 𝑝 𝛼, 𝛽  

Beta 𝜋𝑗|𝛼, 𝛽   

Bin 𝑘𝑗|𝜋𝑗 , 𝑛𝑗   

𝑗 = 1 … 𝑚 

 Maximum-likelihood 
random-effects 
estimation 

𝜋𝑗  𝒩 𝜋𝑗|𝜇, 𝜎  

𝑗 = 1 … 𝑚 

𝜇 𝜎 
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Population inference on synthetic classification outcomes 
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(d)  risk functions

ground truth 

sample accuracies 

posterior interval (bb) 

ground 
truth 

sample 
accuracies 

posterior 
mean (bb) 

subjects 
with very  
few trials 

beta-binomial 
model 
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t-test 
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Mixed-effects inference on the balanced accuracy 

Beta- 

binomial 

model 
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+
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−
 

𝜌𝑗 

𝜇,Σ 

𝑗 = 1 … 𝑚 

Bin 𝑘𝑗
−  𝜎 𝜌𝑗,2 ,𝑛𝑗

−
 Bin 𝑘𝑗

+ 𝜎 𝜌𝑗,1 ,𝑛𝑗
+

 

𝒩2 𝜌𝑗 𝜇, Σ  

𝒩 𝜇 𝜇0, Σ/𝜅0   

Bin 𝑘𝑗
+ 𝜋𝑗

+, 𝑛𝑗
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−, 𝑛𝑗
−

 

Beta 𝜋𝑗
−|𝛼−,𝛽−   Beta 𝜋𝑗

+|𝛼+,𝛽+
 

𝑝 𝛼−, 𝛽−
 𝑝 𝛼+, 𝛽+
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Towards a variational approach 

 Bayesian mixed-effects 
inference 

𝜌𝑗 

𝑘𝑗 

𝜇,𝜆 
𝒩 𝜇 𝜇0, 𝜂0  
Ga 𝜆 𝑎0, 𝑏0  

𝒩 𝜌𝑗|𝜇, 𝜆   

Bin 𝑘𝑗|𝜎 𝜌𝑗 , 𝑛𝑗   

𝑗 = 1 … 𝑚 

 Variational Bayes 
approximation 

𝑝 𝜇 𝑘 ≈ 𝒩 𝜇 𝜇𝜇, 𝜂𝜇  
𝑝 𝜆 𝑘 ≈ Ga 𝜆 𝑎𝜆, 𝑏𝜆  

𝑝 𝜌 𝑘 ≈  𝒩 𝜌𝑗 𝜇𝜌𝑗
, 𝜂𝜌𝑗

 

𝑚

𝑗=1

 

iterative optimization of posterior 

moments 

 Conventional 
maximum-likelihood 
estimation 

𝜋𝑗 𝒩 𝜋𝑗|𝜇, 𝜎  

𝑗 = 1 … 𝑚 

𝜇 𝜎 
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Variational algorithm 

𝑝 𝜇, 𝜆, 𝜌 𝑘  

𝑝 𝜇, 𝜆, 𝜌 𝑘 ≈ 𝑞 𝜇, 𝜆, 𝜌 ∝ exp 𝐼 𝜇, 𝜆, 𝜌  
𝐼 𝜇, 𝜆, 𝜌 ≔ ln 𝑝 𝑘, 𝜇, 𝜆, 𝜌  

𝑞 𝜇, 𝜆, 𝜌 = 𝑞 𝜇 𝑞 𝜆 𝑞 𝜌  

𝑞 𝜇 = 𝒩 𝜇 𝜇𝜇, 𝜂𝜇 ,   𝑞 𝜆 = Ga 𝜆 𝑎𝜆, 𝑏𝜆 ,   𝑞 𝜌 =  𝒩 𝜌𝑗 𝜇𝜌𝑗
, 𝜂𝜌𝑗

 𝑚
𝑗=1   

𝐼1 𝜇 = ln 𝑝 𝑘, 𝜌, 𝜇, 𝜆 𝑞 𝜌,𝜆  

⟹ 𝜇𝜇 =
𝜇0𝜂0+𝑎𝜆 𝑏𝜆 ∑ 𝜇𝜌𝑗

𝑚
𝑗=1

𝜂0+𝑚 𝑎𝜆 𝑏𝜆
, 𝜂𝜇 = 𝑚 𝑎𝜆 𝑏𝜆 + 𝜂0  

𝐼2 𝜆 = ln 𝑝 𝑘, 𝜌, 𝜇, 𝜆 𝑞 𝜌,𝜇  

⟹ 𝑎𝜆 =
1

2
𝑚 + 𝑎0  

𝑏𝜆 =
1

𝑏0
+

1

2
∑ 𝜇𝜌𝑗

− 𝜇𝜇

2
+ 𝜂𝜌𝑗

−1 + 𝜂𝜇
−1𝑚

𝑗=1

−1

  

𝐼3 𝜌 = ln 𝑝 𝑘, 𝜌, 𝜇, 𝜆 𝑞 𝜇,𝜆  

𝜌∗ ← 𝜌∗ −
𝑑2𝐼 𝜌

𝑑𝜌2  
𝜌=𝜌∗

−1

×
𝑑𝐼 𝜌

𝑑𝜌
 
𝜌=𝜌∗

  

𝜇𝜌 = 𝜌∗,    𝜂𝜌 = Diag −
𝑑2𝐼 𝜌

𝑑𝜌2  
𝜌=𝜌∗

  

variational inference 

mean-field approximation 

parametric assumptions 

variational algorithm with Laplace approximations 

until convergence 



14 

Computational complexity 

Gibbs/Metropolis-
Hastings sampling 
(30,000 samples) 

100 s/voxel 

Variational Bayes 
0.009 s/voxel 

7:30 min 

Example 

whole-brain (50,000 voxels) 
mass-univariate evaluation of 
classification accuracy 
20 subjects 

57 days 
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Estimation error & computational complexity 
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Example: diagnosing stroke patients 
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Example: diagnosing stroke patients 

anatomical 
regions of interest 

y = –26 mm 
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Example: diagnosing stroke patients 

MGB 

PT 

HG 
(A1) 

MGB 

PT 

HG 
(A1) 

stimulus input 

L R 
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Univariate analysis: parameter densities 

range(d1$x, d2$x) range(d1$x, d2$x) range(d1$x, d2$x) range(d1$x, d2$x) range(d1$x, d2$x) range(d1$x, d2$x) range(d1$x, d2$x) range(d1$x, d2$x)

range(d1$x, d2$x) range(d1$x, d2$x) range(d1$x, d2$x) range(d1$x, d2$x) range(d1$x, d2$x) range(d1$x, d2$x) range(d1$x, d2$x) range(d1$x, d2$x)

L.MGB → L.MGB L.MGB → L.HG L.MGB → L.PT L.HG → L.HG *** L.HG → L.PT *** L.HG → R.HG L.PT → L.MGB L.PT → L.HG 

L.PT → L.PT L.PT → R.PT R.MGB → R.MGB R.MGB → R.HG R.MGB → R.PT *** R.HG → L.HG *** R.HG → R.HG R.HG → R.PT 

R.PT → L.PT R.PT → R.MGB R.PT → R.HG R.PT → R.PT input to L.MGB input to R.MGB patients 
controls 
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Multivariate analysis: connectional fingerprints 

patients 
controls 
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Classification performance 

Activation-based analyses 
a anatomical feature selection 
c mass-univariate contrast feature selection 
s locally univariate searchlight feature selection 
p PCA-based dimensionality reduction 

Correlation-based analyses 
m correlations of regional means 
e correlations of regional eigenvariates 
z Fisher-transformed eigenvariates correlations 

Model-based analyses 
o gen.embed., original full model 
f gen.embed., less plausible feedforward model 
l gen.embed., left hemisphere only 
r gen.embed., right hemisphere only 

activation- 
based 

correlation- 
based 

model- 
based 

a c s p m e z o f l r 

b
al

an
ce

d
 a
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u

ra
cy

 

100% 

50% 

90% 
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70% 

60% 

n.s. n.s. 

* 
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The generative projection 
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L.MGB → L.MGB Voxel (-42,-26,10) mm 
Voxel (-56,-20,10) mm R.HG → L.HG 

controls 

patients 

Voxel-based contrast space Model-based parameter space 

classification accuracy 
(using all 23 model parameters) 

98% 

classification accuracy 
(using all voxels in the regions of interest) 

75% 
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Biologically less plausible models perform poorly 

L.MGB 

L.PT 

L.HG 
(A1) 

R.MGB 

R.PT 

R.HG 
(A1) 

L.MGB 

L.PT 

L.HG 
(A1) 

R.MGB 

R.PT 

R.HG 
(A1) 

auditory stimuli auditory stimuli auditory stimuli 

feedforward connections only 
accuracy: 77% 

left hemisphere only 
accuracy: 81% 

right hemisphere only 
accuracy: 59% 
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Discriminative features in model space 

MGB 

PT 

HG 
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MGB 

PT 
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stimulus input 

L R 
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Discriminative features in model space 

MGB 

PT 

HG 
(A1) 

MGB 

PT 

HG 
(A1) 

stimulus input 

L R 

highly discriminative 
somewhat discriminative 
not discriminative 
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Generative embedding and clustering 

step 4 — 
clustering 

A 

C 
B 

jointly discriminative 
connection strengths? 

step 6 — 
interpretation 

emerging groups of similar 
subjects? 

1 

0 

agreement with  
clinical observations? 

b
al

an
ce

d
 p

u
ri

ty
 

step 5 — 
validation 

step 3 — 
embedding 

step 1 — 
extraction 

measurements from an 
individual subject 

subject-specific 
generative model 

representation in 
model-based feature space 

A → B 

A → C 

B → B 

B → C 

A 

C 
B 

step 2 — 
modelling 

time series in 
regions of interest 
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Dissecting schizophrenia into subtypes 

Deserno, Sterzer, Wüstenberg, Heinz, & Schlagenhauf (2012) J Neurosci 

PC dLPFC 

VC 

WM 

stimulus 

fMRI data acquired during working-memory 
task & modelled using a three-region DCM 

42 patients diagnosed 
with schizophrenia 

41 healthy controls 
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functional 
connectivity 

effective 
connectivity 

78% 

71% 

𝐾 (model selection) 𝐾 (model validation) 

best model 

71% 

 supervised learning: 

SVM classification 

 unsupervised learning: 

GMM clustering 

62% 

78% 
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Discovering new clinical subtypes 
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Question 1 – What do the data tell us about hidden processes in the brain? 

 compute the posterior 

𝑝 𝜃 𝑦, 𝑚 =
𝑝 𝑦 𝜃,𝑚 𝑝 𝜃 𝑚

𝑝 𝑦 𝑚
  

Generative embedding and DCM 

? 

? 

Question 2 – Which model is best w.r.t. the observed fMRI data? 

 compute the model evidence 

𝑝 𝑚 𝑦 ∝ 𝑝 𝑦 𝑚 𝑝(𝑚)  

= ∫ 𝑝 𝑦 𝜃, 𝑚 𝑝 𝜃 𝑚 𝑑𝜃  

Question 3 – Which model is best w.r.t. an external criterion? 

 compute classification accuracy or clustering purity 

𝑝 ℎ 𝑦 = 𝑥 𝑦   

=  𝑝 ℎ 𝑦 = 𝑥 𝑦, 𝑦train, 𝑥train  𝑝 𝑦  𝑝 𝑦train  𝑝 𝑥train  𝑑𝑦 𝑑𝑦train 𝑑𝑥train  

{ patient, 
control } 
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Toolbox releases 
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Accepted first-author manuscripts 
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Reception 
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Reception 

Su et al., (2012) PLoS one 
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Wang et al. (2012) PLoS one 

Mattout (2012) Frontiers in Human Neuroscience 

Smith (2012) NeuroImage 
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