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Cooperation and competition

How do competitive
interactions
shape brain dynamics?

Does the brain’s network
architecture include
competition?




Modelling competitive interactions

tractography



Modelling competitive interactions

a | species-specific brain activity and connectivity b | generative effective connectivity from whole-brain modelling
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Modelling competitive interactions

a | species-specific brain activity and connectivity b | generative effective connectivity from whole-brain modelling ¢ | simulated dynamics
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Modelling competitive interactions across species

a | species-specific brain activity and connectivity

A fMRI

M
diffusion
tractography
fMRI

DWI +
tract-tracing

fMRI

tract-tracing

b | generative effective connectivity from whole-brain modelling

empirical FC

simulated FC

/y cooperative interaction

/:ompetitive interaction

Hopf oscillator

¢ | simulated dynamics

cooperative + competitive model

Vs

cooperative-only model
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Widespread competitive interactions across species

a | negative effective connectivity
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Superior group-level fit to-empirical FC

a | group FC fit cooperative-only




Superior group-level fit to-empirical FC

a | group FC fit cooperative-only b | group FC fit with competition




Superior subject-wise fit to empirical FC

a | group FC fit cooperative-only b | group FC fit with competition c | subject-wise FC fit

real-sim correlation




ross species

t acri

Superior FC f

wise FC fit

C | subject

b | group FC fit with competition

a | group FC fit cooperative-only
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.. Superior FC fit across species

a | group FC fit cooperative-only b | group FC fit with competition c | subject-wise FC fit
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. better than 2X parameters

Competitive interactions

d | metastability fitting

c | MI fitting

b | FC fitting

a | connectome density
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a | using simulation to assess model fidelity to ground truth

ground-truth
generative
connectivity

simulate BOLD
from known
generative

connectivity WAV

fidelity to
ground truth

recovered
generative
connectivity

. Recovering ground truth. " - -
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b | generative connectivity recovered by the model has high correspondence with underlying ground-truth connectivity

fidelity
(correlation with ground-truth

generative connectivity)

09 |
0.8 g
0.7 " -
& £
0.6 §
3
0.5
2
0.4
O >
@ .
RN c’}\)c&
O @, ,@’ O
& & e,c}\ 3 (\OQ‘
Qeo(\o 00

z"@

*k%k 0.95 *kk
. y
0.9 Ii_. 4 0.9 5
0.8 . . 0.85 S .
: 0.8
0.7 32
0.75 :
0.6 : .
O > O >
& @ & T
2 o 06‘0 N & 2y 0"0 N
[N & L (O & L
¢ & > @ e & X > @
€ o & VS &L N
&) (\(\ & S (\(\ &
M M



Systematic organisation of competitive connections

c | connection length
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Systematic organisation of competitive connections

c | connection length
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Systematic organisation of competitive connections

a | network clustering
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self-self

Subject-specificity . -
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Differential identifiability
self-self (diagonal)
minus
self-other (off-diagonal)
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Enhanced subject-specificity

a | individual-specificity of model fit
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Enhanced subject-specificity

a | individual-specificity of model fit
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self-self minus self-other FC correlation

. Enhanced subjec;t-épecific,ity X

b | model with competitive interactions is more individual-specific
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Meaningful brain patt:ems'?'. '
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_.Matching cognitive _br:a'm -pétte'rn's '

a | cognitive matching

attention  imagery movement

NeuroSynth
maps

spatial correlation
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a | cognitive matching b| cognitive matching for model evaluation
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More hierarchical character

b | local-global hierarchy @
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Competitive interactions stabilise.metastability”
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Increased synergistic information

d | synergistic information 0.7 ¢
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Improved computational capacity
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. Improved computational cép,aéify' :

b | improved computational performance with competitive interactions
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Improving models along multiple dimensions

empirical FC =

simulated FC

/ycooperative interaction
/ycompetitive interaction

Hopf oscillator

matching the emergenceof
function from structure

E enhanced
Py subject-
5 specificity

subjects (empirical)

generating
cognitively
relevant patterns



Dynamical consequences of competitive interactions
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Long-term goal: Modelling as Rosetta Stone

Behaviour/Cognition/Symptoms

Network organisation

Micro- and Chemo-
architecture



A Synergistic Effort

Competitive interactions shape brain dynamics and computation across species
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