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The "human circulation balance"

Angelo Mosso

(1846-1910)

Sandrone et al. (2014) Brain



Electroencephalography (EEG)

Berger H. Über das Elektrenkephalogramm des Menchen. Archive für Psychiatrie. 1929; 87:527-70., Public 

Domain, https://commons.wikimedia.org/w/index.php?curid=2900591

Hans Berger (1873–1941)



EEG & MEG

• alignment of dendritic trees of pyramidal cell allow 
measurements of 

– electric potentials (EEG)

– magnetic fields (MEG)

• excellent temporal resolution 
(< 1 millisecond)

• limited spatial resolution (≈ 1 cm)

http://www.biosemi.com/pics/Praamstra_cap2_large.jpg
http://www.biosemi.com/pics/Praamstra_cap2_large.jpg


Clinical use of EEG & MEG

Childhood absence epilepsy

Reduced latency of a visual

evoked potential due to

demyelination in MS



Functional magnetic resonance imaging (fMRI)

• non-invasive, radioactivity-free technique

• hemodynamic signal (blood oxygen level dependent: BOLD signal) as an 

indirect index of neuronal activity

• temporal resolution in the sub-second range,

spatial resolution in the micrometer/millimeter range



Where in neurology do you think is functional MRI used?



Clinical case: Preoperative language mapping in epilepsy

• 8-minute auditory 

semantic decision 

task 

• 5 patients with 

previous respective 

surgery (resection of 

lesions guided by 

structural MRI) 

• fMRI after surgery 

showed good 

agreement to 

presurgical

electrocortical

stimulation (ECS)

Genetti et al. 2013, Neurosurgery



Clinical case: Detecting awareness in disorders of 

consciousness

• coma, vegetative state, minimally 

conscious state

• vegetative state: patients who 

emerge from coma appear to be 

awake but show no signs of 

awareness

• single patient, severe traumatic brain

injury, five months unresponsive, 

preserved sleep-wake cycles

• imagery fMRI paradigm:

– "imagine playing tennis"

– "imagine visiting all of the rooms of 

your house, starting from the front 

door"
Owen et al. 2006, Science



Diagnostic classification in psychiatry



DSM-5:  Schizophrenia

delusions

hallucinations

disorganized speech

negative symptoms

different symptoms, 

same diagnosis

delusions

hallucinations

delusions

hallucinations

same symptoms, 

different outcome

• Positive symptoms:

• Delusions

• Hallucinations

• Disorganized speech

• Grossly disorganized or catatonic behavior

• Negative symptoms (e.g., flat affect, anhedonia, avolition, asociality)

+ social or occupational dysfunction

+ continuous signs of the disturbance for at least six months

 2 symptoms
(at least one pos. symptom)

over  1 month



Psychiatric disorders = spectrum diseases

polygenetic basis

gene-environment interactions

environmental variation

variability in clinical

trajectory and treatment

response

multiple disease mechanisms



Tansey et al. 2012, PLoS Med. 9: e1001326

"After quality control, a dataset of 1,790 individuals with high-quality genome-wide genotyping provided 

adequate power to test the hypotheses that antidepressant response or a clinically significant 

differential response to the two classes of antidepressants could be predicted from a single common 

genetic polymorphism. None of the more than half million genetic markers significantly predicted 

response to antidepressants overall, serotonin reuptake inhibitors, or noradrenaline reuptake inhibitors, 

or differential response to the two types of antidepressants..."



Using neuroimaging to predict treatment response

• local differences in activity?

• differences in patterns of activity?

• differences in functional connectivity?



Local differences in activity?

• 49 patients with depression in 

two groups

• subgenual ACC activity in 

response to visually presented 

negative words 

• predicts residual severity after 

cognitive therapy (CT)

• predicts remission under CT:

– Sensitivity 38%

– Specificity 95%

Siegle et al. 2012, Arch. Gen. Psychiatry



Differences in patterns of activity?

• Color pictures of angry, fearful, sad, happy, and 

neutral faces, plus control condition (scrambled 

faces)

• 118 patients with depression

• classified as remitted, gradually improving, 

chronic after 2 years

• Gaussian process classifier trained on contrast 

images (all emotions > control)

• GPC of whole-brain activity predict clinical 

outcome (sensitivity 80%, specificity 67%)

Schmaal et al. 2015, Biol. Psychiatry



Differences in functional connectivity?

• 22 patients with 

paranoid 

schizophrenia

• treatment with CBT

• retrospective study,  

follow-up over 8 

years

• prefrontal and 

amygdala 

connections 

associated with 

positive and 

affective symptoms

after 8 years

Mason et al. 2017, Transl. Psychiatry

p=0.03

p=0.032



But...

• predictions far from perfect

• no mechanistic interpretability

• descriptive, no prospect of an emerging nosology that maps onto

(patho)physiology



Application to brain activity and 

behaviour of individual patients

Computational assays:

Models of disease mechanisms




Detecting physiological subgroups 

(based on inferred mechanisms)


Translational Neuromodeling

Individual treatment prediction

 disease mechanism A

 disease mechanism B

 disease mechanism C

( , , )
dx

f x u
dt

  

Stephan et al. 2015, Neuron



Generative models as "computational assays"

( | , )p y m

( | , )p y m ( | )p m

( | , )p y m

( | , )p y m ( | )p m

y = data,  = parameters, m = model
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Dynamic causal modeling (DCM)

Friston et al. 2003, NeuroImage

( , , )
dx

f x u
dt

  ),(xgy

Model inversion:

Estimating neuronal 

mechanisms

EEG, MEG fMRI

Forward model:

Predicting measured 

activity

dwMRI

Stephan et al. 2009, NeuroImage



Stephan et al. 2015, 

Neuron

DCM for 

fMRI
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Stephan et al. 2008, NeuroImage
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From small circuits to whole-brain connectomics: 

Regression DCM (rDCM)

linear DCM in time domain → Bayesian GLM in frequency domain

Frässle et al., 2017, NeuroImage Frässle et al., 2018, NeuroImage Frässle et al., in prep.



Frässle et al., 2018, 

NeuroImage

Sparse rDCM

automatically 

prune network as 

part of model 

inversion

fast whole-brain 

connectograms: 

>10'000 

connections in 

<1 min
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Generative models as a concept for brain function:

the "Bayesian brain" hypothesis

environm. states

others' mental states

bodily states

( | , )p x y m

( | , ) ( | )p y x m p x m
forward model

perception

neuronal states

perception = inference = inversion of a generative model



Anatomical hierarchies & hierarchical Bayesian inference

Felleman & Van Essen 1991, Cerebral Cortex

.

Rao & Ballard 1999, Nat. Neurosci.

Predictive Coding

belief precision PE  

SUPRA

INFRA



Computational and physiological components of 

hierarchical Bayesian inference

PEs → AMPAR & NMDAR

predictions → NMDAR

precisions → neuromodulation / GABA

xi-1

xi

xi+1

PE predictions

NMDAR AMPAR /

NMDAR

DA/ACh/5HT

precision

belief precision PE  

physiological & computational 

inference targets for computational 

assays

Stephan et al. 2016, Brain



 

 

ventral tegmental area

substantia nigra

basal forebrain

brainstem cholinergic nuclei

locus coeruleus
raphe nucleus dorsalis

Iglesias et al. 2017, WIREs Cogn. Sci.

DOPAMINE

(DA)

ACETYL-

CHOLINE

(ACh)

SEROTONIN

(5HT)

NOR-

ADRENALINE

(NA)



events in the world

association

volatility

Hierarchical Gaussian Filter (HGF)

sensory stimuli

1
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1ku  ku

Mathys et al. 2014, Front. Hum. Neurosci. Marshall, Mathys et al. 2016, PLoS Biology

belief  precision × PE



Hierarchical prediction errors (PEs) in sensory learning
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Low-level (sensory) precision-weighted PEs

first fMRI study
(N=45)

second fMRI study
(N=27)

conjunction across studies

p<0.05 FWE whole-brain corrected

Iglesias et al. 2013, Neuron

(Corrigendum 2019)



Hierarchical precision-weighted PEs in sensory learning

Study 2: N=27

Study 1: N=48

Iglesias et al. 2013, Neuron

(Corrigendum 2019)
p<0.05, SVC FWE corrected

p<0.001, uncorrected

Sensory PEs in VTA/SN Probability PEs in basal forebrain



Hierarchical PEs during social learning

Diaconescu et al. 2017, SCAN



Precision-weighted advice PEs (2)

p<0.05, FWE 

corrected for 

anatomical 

mask

first fMRI study

4

second fMRI study conjunction

x = -4, y = -12, z = -10

4

x = -4, y = -12, z = -10

4

x = -4, y = -12, z = -10

Diaconescu et al. 2017, SCAN



Precision-weighted PEs about adviser fidelity (3)

3 34

first fMRI study second fMRI study conjunction

x = -5, y = 12, z = -7 x = -5, y = 12, z = -7x = -5, y = 12, z = -7

Diaconescu et al. 2017, SCAN

p<0.05, FWE 

corrected for 

anatomical 

mask
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Computational assays: key clinical questions

SYMPTOMS

(behavioural or

physiological data)

MECHANISMS

(computational,

physiological)

CAUSES

(aetiology)

 differential 

diagnosis of alternative 

disease mechanisms

 stratification / 

subgroup detection 

into mechanistically 

distinct subgroups

 prediction of clinical 

trajectories and 

treatment response...

...

...



Synaesthesia

• “projectors” experience 

color externally colocalized

with a presented grapheme

• “associators” report an 

internally evoked 

association

• across all subjects: no

evidence for either model

• but BMS results map

precisely onto projectors

(bottom-up mechanisms) 

and associators (top-down)

van Leeuwen et al. 2011, J. Neurosci.



 Differential diagnosis: inferring synaptic processes
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• inhibitory

interneurons

• excitatory

interneurons

• pyramidal cells

AMPA, NMDA,GABAA

receptors

II

EI

PC

uij = presynaptic input from ensemble j to i

 = CDF of presynaptic depolarization

density around threshold potential VR



NMDA receptor antibody encephalitis



Symmonds et al. 2018, Brain

29 patients with NMDAR-antibody encephalitis

18 control patients (with inflammatory/metabolic encephalopathy)



 Stratification / subgroup detection: 

Generative embedding (unsupervised)

Brodersen et al. 2014, NeuroImage Clinical



Detecting subgroups of patients in 

schizophrenia

• three distinct subgroups (total N=41)

• subgroups differ (p < 0.05) wrt. negative symptoms 

on the positive and negative symptom scale (PANSS)

Optimal 

cluster 

solution

Brodersen et al. 2014, NeuroImage Clinical



 Prediction: Generative embedding (supervised)

Brodersen et al. 2011, PLoS Comput. Biol.

step 2 —

kernel construction

step 1 —

model inversion

measurements from 

an individual subject

subject-specific

inverted generative model

subject representation in the 

generative score space

A → B

A → C

B → B

B → C

A

C
B

step 3 —

support vector classification

separating hyperplane fitted to 

discriminate between groups

A

C
B

jointly discriminative

model parameters

step 4 —

interpretation



Discovering remote or “hidden” brain lesions



Discovering remote or “hidden” brain lesions
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Brodersen et al. 2011, PLoS Comput. Biol.



Connectional fingerprints : 

aphasic patients (N=11) vs. controls (N=26)

6-region DCM of auditory 

areas during passive speech 

listening

Brodersen et al. 2011, PLoS Comput. Biol.

Data from Schofield et al.
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Classification accuracy

Brodersen et al. 2011, PLoS Comput. Biol.

MGB
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MGB
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Prospective patient studies at TNU Zurich

difference 

responders vs. 

non-responders?

individual 

treatment 

response ?

mechanism prediction

Ongoing studies:

• schizophrenia

• depression – completed Dec. 2018

• autism – completed Jan. 2019

• pathological gambling

• multiple sclerosis

• chronic pain



Multimodal

measurements
Research clinic for 

patient  studies

Prospective studies for 

model validation & translation

Development of

mathematical

models & software

TNU
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Open source software TAPAS

www.translationalneuromodeling.org/tapas



Computational Psychiatry Course (CPC) Zurich

www.translationalneuromodeling.org/cpcourse

07-11 September 2020



Thank you – UZH & ETH partnership

Medical Faculty

Faculty of Science

Dept. of Information Technology 

& Electrical Engineering
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