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Our key focus
What makes our brain 

resilient?

• Recover from stroke

• Resist dementia

• Overcome head injury

• Adapt to developmental 
disabilities



What makes our brain resilient?
Brain resilience is determined by many factors

- Biological
- Psychological

- Social
- Environment

The interaction of these factors 
may hold the key to 

understanding

But

Studying such interactions is an 
enormously complicated matter.

Computational modeling can help.



Structured Flows on Manifolds: derive rules 
(manifolds) that constrain the evolution of 

system trajectories (flows).

Move the emphasis from observing only what a 
system does in a given situation to deriving 

models that define not only that realization but 
also other possibilities (dimensionality).

Can we estimate the “full” repertoire of a brain?





The TVB platformThe TVB platform



The Virtual Brain Team

www.thevirtualbrain.org

The Science
Randy McIntosh
Viktor Jirsa
Petra Ritter
Michael Breakspear
Gustavo Deco
Ana Solodkin
Olaf Sporns

The Technology
Jochen Mersmann

Lia Domide
Kelly Shen

Marmaduke Woodman
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Try it, you’ll like it.



Sanz Leon et al Front NeuroInformatics 2013

Individual
cortical

geometry

Focal Stimulation 
(optional)

Individual tractography to 
estimate structural connections

Neural mass model
to generate 

local dynamics

Output local field potentials 
or EEG/MEG & fMRI 

thru forward model

The Virtual Brain – Workflow

26 options for mean-
field models to date



The Virtual Brain 

• Local and global
network dynamics
are integrated with
forward solutions
mapping source to
sensor activity (e.g.,
fMRI, EEG).
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Local dynamics Global dynamics

Deco, Jirsa, McIntosh Nature Rev Neurosci 2011



TVB model of DementiaTVB model of Dementia



AGING & DEMENTIA
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Biophysical Param Scores
Zimmermann et al. 2018 

Neuroimage Clinical 

Replication and extension underway 
using ADNI, PPMI and Sydney MAS 
data sets.



AGING & DEMENTIA
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Stefanovski et al. 2019 
Frontiers Neurosci



But what happens in 
“healthy” aging? 

But what happens in 
“healthy” aging? 



Can we see hints of hidden 
repertoires in aging?



Aging and hidden repertoires

Frontal
Occipital

Temporal

Parietal

Young

Old

Short-term visual memory task
Young (18-35yrs) and Old (65-

80 yrs)

No difference in performance 
Different functional networks 

that support behaviour

Common observation 
that aging brings 

changes in functional 
architecture that may 

preserve cognitive 
function

Is it a hidden repertoire 
or an adaptation?

McIntosh et al, Current Biol, 1999



Aging brings a shift in network 
dynamics.

Characteristics of the shift 
correlates with cognition

Progression between network 
states
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Costa, Goldberger & Peng, Phys Rev Lett, 2002
http://www.physionet.org/physiotools/mse/tutorial/

How do we assess the efficacy of network dynamics?

Multiscale Entropy measure “information” as 
a function of timescale



19

0
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9

1

1 2 3 4 5 6 7 8 9 1011121314

ADULT

CHILD

OLD ADULT

OLD AT RISK

En
tro

py

Timescale
Fine to coarse

Multiscale entropy: Entropy 
as a function of time scale.

The curve morphology relates 
to cognitive status

A metric of network integrity?



Entropy and Brain Health
A metric for risk?

Age-related increase in fine 
scales with aging preserves 

performance
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High health, MoCA = 29
Lower health, MoCA = 27
Mild impairment, MoCA = 22

Higher entropy fine scales 
related to better cognitive 

status in aging



J Cogn Neurosci, 2015

Physical 
Activity

Fine 
Scale

Entropy

Task 
Performance

Coarse 
Scale

Entropy



Parkinson’s Dementia

Bertrand, McIntosh, et al, 2016, Brain Connectivity

Parkinson’s patients who will 
show dementia have lower fine 

scale entropy and high coarse 
scale entropy, along with 

hypersychrony in gamma 1 year 
prior to converting



Can we parse entropy into local 
and distributed sources?

Vakorin, Lippe & McIntosh, J Neurosci, 2011



Local vs Distributed Entropy 
EEG Data

Distributed entropy decreases across hemispheres Distributed entropy increases within hemispheres

Local entropy increases with age
McIntosh,et al; Cereb Cortex, 2013
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Local dynamics Global dynamics

Deco, Jirsa, McIntosh Nature Rev Neurosci 2011

Modelling Functional Connectivity Dynamics in the Virtual Brain



Modelling Functional Connectivity Dynamics in the Virtual Brain

26 Fousek et al (in preparation)

Global coupling strength G
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● FC invariant epochs correspond to local sub-manifolds

● combination of FCs in the epochs describe the overall evolution of 
the system better

Modelling Functional Connectivity Dynamics in the Virtual Brain

Fousek et al (in preparation)
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Increased global coupling by
manipulation of structural connectivity

high performer
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Virtual aging ‐ evidence for dedifferentiation?

Effects on cognition
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28 Lavanga et al bioRxiv 2022

p=0.046
Need to increase global coupling to get to optimal working 
point in (simulated) aging



TVB Healthy Aging Model (TVB‐HAM)
A distribution of possible trajectories in brain health

Plausible & High Probability 

Plausible & Low Probability

Implausible & Low Probability
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Parameter 
distribution

Empirical
Parameter 
distribution

Make use of large datasets 
on health aging (Cambridge 

Centre for Aging 
Neuroscience) to establish 

a distribution of healthy 
aging brain networks

Cognitive
Tests
And
Age

“Statistical 
Transfer 
Function”

“Statistical 
Transfer 
Function”

PLS Analysis

TVB Models

Predicted 
cognitive 
status

New model
(empirical or simulated)

A

B

(A) Relate individual model 
dynamics to cognitive status 

and (B) Validate statistical 
mapping with new data



Final thoughts

• Building TVB models for healthy aging
– There is a wealth of existing data, just needs a robust workflow

• We need to be very mindful of the data used
– Cross‐sectional may not be the best for trajectory estimation

• Great potential for personalization and monitoring
– Mobile device to measure key indicators (e.g., multiscale entropy)

• Need to consider psychosocial factors seriously 
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RM0



Slide 30

RM0 learn more when a model doesn’t work
Randy McIntosh, 2023-02-27T18:58:23.073



What makes our brain resilient?
Brain resilience is determined by many factors

- Biological
- Psychological

- Social
- Environment

The interaction of these factors 
may hold the key to 

understanding

But

Studying such interactions is an 
enormously complicated matter.

Computational modeling can help.
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“The results showed no association between cross-sectional brain age 
and the rate of brain change measured longitudinally.

Rather, brain age in adulthood was associated with the congenital 
factors of birth weight and polygenic scores of brain age, assumed to 
reflect a constant, lifelong influence on brain structure from early life. 

The results call for nuanced interpretations of cross-sectional indices 
of the aging brain and question their validity as markers of ongoing 
within-person changes of the aging brain.

Longitudinal imaging data should be preferred whenever the goal is to 
understand individual change trajectories of brain and cognition in 
aging.”

CAUTION
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…Together, these results highlight the pitfalls of a 
one-size-fits-all modelling approach and the effect of 
biased phenotypic measures on the interpretation and 
utility of resulting brain–phenotype models. 

CAUTION
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Generative vs Predictive Models

Infer a model (Y) that generates the data (X)

Example: Infer the neural network properties 
that generate observed MRI data (X)

Advantage: enables causal and mechanistic 
inferences

Disadvantage: need to assess model fit

Use the data (X) to discover a model based 
on the ability to predict the indices of Y

Example: Use MRI data to infer salient 
network features for prediction

Advantage: identify most important indicator 
for prediction

Disadvantage: causal and mechanistic 
inference difficult


