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Motivation

What if something goes wrong?
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Motivation

What if something goes wrong?

Alzheimer

Stroke

Parkinson’s Disease
... and many others ...
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Motivation

State of the Art:

we still don’t know how to treat them

we still don’t know how to predict them

they are related to energy-impairment

they are related to wrong oscillatory patterns
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Motivation

State of the Art:

we still don’t know how to treat them

we still don’t know how to predict them

they are related to energy-impairment

they are related to wrong oscillatory patterns

phase models
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Motivation

State of the Art:

we still don’t know how to treat them

we still don’t know how to predict them

they are related to energy-impairment

they are related to wrong oscillatory patterns
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Motivation

State of the Art:

we still don’t know how to treat them

we still don’t know how to predict them

they are related to energy-impairment

they are related to wrong oscillatory patterns

Our Aim

To make use of Systems Theory to analyze and characterize
some aspects on the complex relationship

BRAIN ENERGY
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we still don’t know how to treat them

we still don’t know how to predict them

they are related to energy-impairment

they are related to wrong oscillatory patterns

Our Aim

To make use of Systems Theory to analyze and characterize
some aspects on the complex relationship

BRAIN ENERGY
oscillations
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Outline: how did we handle this goal?

MITOCHONDRIA
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Mitochondria & Mitochondrial Dynamics
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Mitochondria & Mitochondrial Dynamics

MITOCHONDRIA

double membrane-bound organelles
found in all eukaryotic organisms

possess their own genome
(mitochondrial DNA)

involved in several tasks

generate most of the cells supply of
ATP (= energy)

Chiara Favaretto Population models for complex non-linear phenomena in biology 6



Mitochondria & Mitochondrial Dynamics

MITOCHONDRIA

MITO
DYNAMICS

constant changes in shape, size,
number and location

affected by mitochondrial morphology

controlled mainly by the processes of
fission and fusion
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Mitochondrial Dynamics: the Model
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Mitochondrial Dynamics: the Model

1

Aging ROS

OXPHOS

defect

mtDNA

mutation

membrane

proteins

damage

membrane

lipids

damage

1

1

Exercise
β-Adrenergic stimulation/

Cold

Ca2+

CaMK/

CN

cAMP

CREB

Energy

Deprivation

⇑NAD+ ⇑AMP/ATP

SIRT1 AMPK

PGC-1α

NRF-1, NRF-2, ERR, RXR, PPAR

1

Mfn1/2

outer

membrane

fusion

Opa1

Inner

membrane

fusion

Parkin

Mff, Fis1, Mid49, Mid50

Drp1

Pink1 Parkin Ubiquitin

1

damage

Chiara Favaretto Population models for complex non-linear phenomena in biology 8



Mitochondrial Dynamics: the Model
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Mitochondrial Dynamics: the Model
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Mitochondrial Dynamics: the Model
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Mitochondrial Dynamics: the Model
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Mitochondrial Dynamics: the Model
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Mitochondrial Dynamics: the Model
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α: biogenesis

δ: damage

µ: mitophagy

ϕ: fusion

ψ1, ψ2: fission

β, η, ε: atp production

u: energy stress

Differential equations

ẋh =

(
α0 +

α1

K + xnATP

)
xh︸ ︷︷ ︸

biogenesis

+ψ1xf︸︷︷︸
fission

− δxh︸︷︷︸
damage

−ϕxhxd︸ ︷︷ ︸
fusion

ẋd = δxh︸︷︷︸
damage

+ψ2xf︸︷︷︸
fission

−ϕxhxd︸ ︷︷ ︸
fusion

− µxd︸︷︷︸
mitophagy

ẋf = ϕxhxd︸ ︷︷ ︸
fusion

− (ψ1 + ψ2)xf︸ ︷︷ ︸
fission

ẋATP = βxh + εxd + ηxf︸ ︷︷ ︸
atp production

−u · xATP︸ ︷︷ ︸
atp use

xh: healthy

xd: damaged

xf : fused

u: input

Main advantages:
1. atp-dependence
2. opportunity to test several hypotheses
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Mitochondrial Dynamics: the Model

Differential equations

ẋh =

(
α0 +

α1

K + xnATP

)
xh︸ ︷︷ ︸

biogenesis

+ψ1xf︸︷︷︸
fission

− δxh︸︷︷︸
damage

−ϕxhxd︸ ︷︷ ︸
fusion

ẋd = δxh︸︷︷︸
damage

+ψ2xf︸︷︷︸
fission

−ϕxhxd︸ ︷︷ ︸
fusion

− µxd︸︷︷︸
mitophagy

ẋf = ϕxhxd︸ ︷︷ ︸
fusion

− (ψ1 + ψ2)xf︸ ︷︷ ︸
fission

ẋATP = βxh + εxd + ηxf︸ ︷︷ ︸
atp production

−u · xATP︸ ︷︷ ︸
atp use

xh: healthy

xd: damaged

xf : fused

u: input

Main advantages:
1. atp-dependence
2. opportunity to test several hypotheses

α
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δ
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ϕ
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µ
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ε η
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1
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ATP feedback advantage

α

1

δ

1

1

ϕ

ψ1

ψ2

µ

β

ε η

u

1

u�

t = 50 sec: energy stress increases

atp-feedback −→ system reactivity
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Equilibrium analysis

x̄d =
ψ1 + ψ2

ψ2ϕ

(
α1 − kδ − δx̄ATP

k + x̄ATP

)
x̄h =

(ψ1 + ψ2)µ

δ(ψ1 + ψ2)− ψ1ϕx̄d
· x̄d

x̄f =
ϕ

ψ1 + ψ2
· x̄hx̄d x̄ATP = solution of 3rd-deg poly

Equilibrium point
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Equilibrium analysis

x̄d =
ψ1 + ψ2

ψ2ϕ

(
α1 − kδ − δx̄ATP

k + x̄ATP

)
x̄h =

(ψ1 + ψ2)µ

δ(ψ1 + ψ2)− ψ1ϕx̄d
· x̄d

x̄f =
ϕ

ψ1 + ψ2
· x̄hx̄d x̄ATP = solution of 3rd-deg poly

Equilibrium point

Nullclines analysis
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Synchronization: the Kuramoto Model
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Synchronization: the Kuramoto Model

OSCILLATIONS

Oscillator: generator of signals characterized by a periodic pattern −→ PHASE

θ̇i
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Synchronization: the Kuramoto Model

Oscillator: generator of signals characterized by a periodic pattern −→ PHASE

Kuramoto Model

θ̇i = ωi +
∑n

j=1 aij sin(θj − θi)

ωi

θ̇i

ωi : natural frequency
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Synchronization: the Kuramoto Model

Oscillator: generator of signals characterized by a periodic pattern −→ PHASE

Kuramoto Model

θ̇i = ωi +
∑n

j=1 aij sin(θj − θi)

G = (V, E): graph

V = {1, . . . , n}: set of nodes

E ⊆ V × V: set of edges

A = [aij ]: weighted adjacency matrix

θ̇i
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Synchronization: the Kuramoto Model

Oscillator: generator of signals characterized by a periodic pattern −→ PHASE

Kuramoto Model

θ̇i = ωi +
∑n

j=1 aij sin(θj − θi)

θ̇i

coupling

ωi :

[aij ]:

sin(θj − θi):

isolated dynamics

adjacency matrix

coupling function
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Synchronization: the Kuramoto Model
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θ̇i
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Synchronization overview

Phase
cohesiveness

|θj(t)− θi(t)| ≤ γ ∀i , j , tPhase
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|θj(t)− θi(t)| ≤ γ ∀i , j , t

Phase
locking |θj(t)− θi(t)| ≡ γ ∀i , j , tPhase
locking |θj(t)− θi(t)| ≡ γ ∀i , j , t

γ

Phase
synchronization |θj(t)− θi(t)| ≡ 0 ∀i , j , tPhase
synchronization |θj(t)− θi(t)| ≡ 0 ∀i , j , t

Frequency
synchronization

∣∣∣θ̇j(t)− θ̇i(t)
∣∣∣ ≡ 0 ∀i , j , t

Full network
synchronization
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locking

Phase
synchronization

Frequency
synchronization

Clusters
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Clusters synchronization
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Clusters synchronization

P2

P1

P3

P3

P = {P1, . . . ,P4}:
⋃

k Pk = V Pi

⋂Pj = ∅
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Clusters synchronization

P2

P1

P3

P3

Phase & Frequency synchronizable P
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Clusters synchronization

P2

P1

P3

P3

Phase & Frequency synchronizable P

∃ θ(0):

{
θi(t) = θj(t)

θ̇i(t) = θ̇j(t)
∀i , j ∈ Pk and ∀k
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Clusters synchronization: our contribution
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Clusters synchronization: our contribution

Analysis Necessary and sufficient conditions
for clusters invariance
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Clusters synchronization: our contribution

Analysis Necessary and sufficient conditions
for clusters invariance

t = 0
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Clusters synchronization: our contribution

Analysis Necessary and sufficient conditions
for clusters invariance

t = 0 t > 0
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Clusters synchronization: our contribution

Analysis Necessary and sufficient conditions
for clusters invariance
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Generalized Equitable Partition

(GEP)

P1 = {1, 2, 3} → ω1

P2 = {4, 5, 6} → ω2
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k∈P`

aik − ajk = 0 ∀i , j ∈ Pz ∀` 6= z
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Clusters synchronization: our contribution

Analysis Necessary and sufficient conditions
for clusters invariance
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Clusters synchronization: our contribution

Analysis Necessary and sufficient conditions
for clusters invariance
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Clusters synchronization: our contribution

Analysis

Control

Necessary and sufficient conditions
for clusters invariance

How to modify the adjacency matrix
to impose clusters invariance

with structural constraints

t = 0 t > 0
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Clusters synchronization: our contribution

Analysis

Control

Necessary and sufficient conditions
for clusters invariance

How to modify the adjacency matrix
to impose clusters invariance

with structural constraints

t = 0t = 0 t > 0
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Clusters synchronization: control
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Clusters synchronization: control
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Task: Modify A to make P invariant without modyfying
the dotted edges
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∆ ∈ H structural constraints
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Clusters synchronization: control
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Task: Modify A to make P invariant without modyfying
the dotted edges

min
∆
‖∆‖2

F

s.t. (A + ∆) respects GEP

∆ ∈ H structural constraints

Frobenius norm
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Clusters synchronization: control

4

1

2 5

6 3

9 7

9

2

10

5

12

5
2

4

1

2 5

6 3

9 7

9

2

2

1

11

5

12

5
2

Chiara Favaretto Population models for complex non-linear phenomena in biology 16



Clusters synchronization: control

4

1

2 5

6 3

9 7

9

2

10

5

12

5
2

4

1

2 5

6 3

9 7

9

2

2

1

11

5

12

5
2

Chiara Favaretto Population models for complex non-linear phenomena in biology 16



Brain

BRAIN

MITOCHONDRIA

MITO
DYNAMICS

OSCILLATIONS

FULL &
CLUSTERS

SYNC

Chiara Favaretto Population models for complex non-linear phenomena in biology 17



Brain

clusters of nodes

BRAIN

Chiara Favaretto Population models for complex non-linear phenomena in biology 17



Brain

clusters of nodes clusters of links

BRAIN

Chiara Favaretto Population models for complex non-linear phenomena in biology 17



Brain

clusters of nodes clusters of links

BRAIN

SIGNALS
ANALYSIS

&
MODELS

Chiara Favaretto Population models for complex non-linear phenomena in biology 17



Brain: a complex system

A1 A2
statistical
measure

condition

measured
data

connectivity
matrix

•
SC

•
EC

•
FC

•
DTI

•
fMRI

•
MEG

analysis

clustered dynamics

fMRI vs MEG

REST vs TASK

condition

measured
data

connectivity
matrix

•
SC

•
EC

•
FC

•
DTI

•
fMRI

•
MEG

•TASK

analysis

clusters dynamics

fMRI vs MEG

REST vs TASK

• opposite behavior

• coherent behavior

• opposite behavior

Chiara Favaretto Population models for complex non-linear phenomena in biology 18



Brain: a complex system

A1 A2

statistical
measure

connectivity
matrix

condition

measured
data

connectivity
matrix

•
SC

•
EC

•
FC

•
DTI

•
fMRI

•
MEG

analysis

clustered dynamics

fMRI vs MEG

REST vs TASK

condition

measured
data

connectivity
matrix

•
SC

•
EC

•
FC

•
DTI

•
fMRI

•
MEG

•TASK

analysis

clusters dynamics

fMRI vs MEG

REST vs TASK

• opposite behavior

• coherent behavior

• opposite behavior

Chiara Favaretto Population models for complex non-linear phenomena in biology 18



Brain: a complex system

A1 A2

statistical
measure

measured
data

connectivity
matrix

condition

measured
data

connectivity
matrix

•
SC

•
EC

•
FC

•
DTI

•
fMRI

•
MEG

analysis

clustered dynamics

fMRI vs MEG

REST vs TASK

condition

measured
data

connectivity
matrix

•
SC

•
EC

•
FC

•
DTI

•
fMRI

•
MEG

•TASK

analysis

clusters dynamics

fMRI vs MEG

REST vs TASK

• opposite behavior

• coherent behavior

• opposite behavior

Chiara Favaretto Population models for complex non-linear phenomena in biology 18



Brain: a complex system

A1 A2

anatomical connections

# fibers

Structural Connectivity

statistical
measure

measured
data

connectivity
matrix

•
SC

•
DTI

condition

measured
data

connectivity
matrix

•
SC

•
EC

•
FC

•
DTI

•
fMRI

•
MEG

analysis

clustered dynamics

fMRI vs MEG

REST vs TASK

condition

measured
data

connectivity
matrix

•
SC

•
EC

•
FC

•
DTI

•
fMRI

•
MEG

•TASK

analysis

clusters dynamics

fMRI vs MEG

REST vs TASK

• opposite behavior

• coherent behavior

• opposite behavior

Chiara Favaretto Population models for complex non-linear phenomena in biology 18



Brain: a complex system

A1 A2
statistical
measure

source level

Effective Connectivity

measured
data

connectivity
matrix

•
SC

•
EC

•
DTI

•
fMRI

•
MEG

condition

measured
data

connectivity
matrix

•
SC

•
EC

•
FC

•
DTI

•
fMRI

•
MEG

analysis

clustered dynamics

fMRI vs MEG

REST vs TASK

condition

measured
data

connectivity
matrix

•
SC

•
EC

•
FC

•
DTI

•
fMRI

•
MEG

•TASK

analysis

clusters dynamics

fMRI vs MEG

REST vs TASK

• opposite behavior

• coherent behavior

• opposite behavior

Chiara Favaretto Population models for complex non-linear phenomena in biology 18



Brain: a complex system

A1 A2

Functional Connectivity

statistical
measure

recorded signal

measured
data

connectivity
matrix

•
SC

•
EC

•
FC

•
DTI

•
fMRI

•
MEG

condition

measured
data

connectivity
matrix

•
SC

•
EC

•
FC

•
DTI

•
fMRI

•
MEG

analysis

clustered dynamics

fMRI vs MEG

REST vs TASK

condition

measured
data

connectivity
matrix

•
SC

•
EC

•
FC

•
DTI

•
fMRI

•
MEG

•TASK

analysis

clusters dynamics

fMRI vs MEG

REST vs TASK

• opposite behavior

• coherent behavior

• opposite behavior

Chiara Favaretto Population models for complex non-linear phenomena in biology 18



Brain: a complex system

A1 A2
statistical
measure

measured
data

connectivity
matrix

•
SC

•
EC

•
FC

•
DTI

•
fMRI

•
MEG

condition

measured
data

connectivity
matrix

•
SC

•
EC

•
FC

•
DTI

•
fMRI

•
MEG

analysis

clustered dynamics

fMRI vs MEG

REST vs TASK

condition

measured
data

connectivity
matrix

•
SC

•
EC

•
FC

•
DTI

•
fMRI

•
MEG

•TASK

analysis

clusters dynamics

fMRI vs MEG

REST vs TASK

• opposite behavior

• coherent behavior

• opposite behavior

Chiara Favaretto Population models for complex non-linear phenomena in biology 18



Brain: a complex system

A1 A2
statistical
measure

measured
data

connectivity
matrix

•
SC

•
EC

•
FC

•
DTI

•
fMRI

•
MEG

Energy consumption
Task Activity

any kind of activity

only involved areas actived

links: activity-dependent

condition

measured
data

connectivity
matrix

•
SC

•
EC

•
FC

•
DTI

•
fMRI

•
MEG

•TASK

analysis

clustered dynamics

fMRI vs MEG

REST vs TASK

condition

measured
data

connectivity
matrix

•
SC

•
EC

•
FC

•
DTI

•
fMRI

•
MEG

•TASK

analysis

clusters dynamics

fMRI vs MEG

REST vs TASK

• opposite behavior

• coherent behavior

• opposite behavior

Chiara Favaretto Population models for complex non-linear phenomena in biology 18



Brain: a complex system

A1 A2
statistical
measure

measured
data

connectivity
matrix

•
SC

•
EC

•
FC

•
DTI

•
fMRI

•
MEG

Energy consumption
Resting State (RS)

complete rest

resting state network

most energy

condition

measured
data

connectivity
matrix

•
SC

•
EC

•
FC

•
DTI

•
fMRI

•
MEG

•TASK

•REST

analysis

clustered dynamics

fMRI vs MEG

REST vs TASK

condition

measured
data

connectivity
matrix

•
SC

•
EC

•
FC

•
DTI

•
fMRI

•
MEG

•TASK

analysis

clusters dynamics

fMRI vs MEG

REST vs TASK

• opposite behavior

• coherent behavior

• opposite behavior

Chiara Favaretto Population models for complex non-linear phenomena in biology 18



Brain: a complex system

A1 A2
statistical
measure

measured
data

connectivity
matrix

•
SC

•
EC

•
FC

•
DTI

•
fMRI

•
MEG

condition

measured
data

connectivity
matrix

•
SC

•
EC

•
FC

•
DTI

•
fMRI

•
MEG

•TASK

•REST

analysis

clustered dynamics

fMRI vs MEG

REST vs TASK

condition

measured
data

connectivity
matrix

•
SC

•
EC

•
FC

•
DTI

•
fMRI

•
MEG

•TASK

•REST

analysis

clusters dynamics

fMRI vs MEG

REST vs TASK

• opposite behavior

• coherent behavior

• opposite behavior

Chiara Favaretto Population models for complex non-linear phenomena in biology 18



Brain: a complex system

A1 A2
statistical
measure

measured
data

connectivity
matrix

•
SC

•
EC

•
FC

•
DTI

•
fMRI

•
MEG

condition

measured
data

connectivity
matrix

•
SC

•
EC

•
FC

•
DTI

•
fMRI

•
MEG

•TASK

•REST

analysis

clustered dynamics

fMRI vs MEG

REST vs TASK

condition

measured
data

connectivity
matrix

•
SC

•
EC

•
FC

•
DTI

•
fMRI

•
MEG

•TASK

•REST

analysis

clusters dynamics

fMRI vs MEG

REST vs TASK

• opposite behavior

• coherent behavior

• opposite behavior

Chiara Favaretto Population models for complex non-linear phenomena in biology 18



Brain: a complex system

A1 A2
statistical
measure

measured
data

connectivity
matrix

•
SC

•
EC

•
FC

•
DTI

•
fMRI

•
MEG

condition

measured
data

connectivity
matrix

•
SC

•
EC

•
FC

•
DTI

•
fMRI

•
MEG

•TASK

•REST

analysis

clustered dynamics

fMRI vs MEG

REST vs TASK

condition

measured
data

connectivity
matrix

•
SC

•
EC

•
FC

•
DTI

•
fMRI

•
MEG

•TASK

•REST

analysis

clusters dynamics

fMRI vs MEG

REST vs TASK

0 1

Dorsal Attention Network
(DAN)

Visual Network
(VIS)

• opposite behavior

• coherent behavior

• opposite behavior

Chiara Favaretto Population models for complex non-linear phenomena in biology 18



Brain: a complex system

A1 A2
statistical
measure

measured
data

connectivity
matrix

•
SC

•
EC

•
FC

•
DTI

•
fMRI

•
MEG

condition

measured
data

connectivity
matrix

•
SC

•
EC

•
FC

•
DTI

•
fMRI

•
MEG

•TASK

•REST

analysis

clustered dynamics

fMRI vs MEG

REST vs TASK

condition

measured
data

connectivity
matrix

•
SC

•
EC

•
FC

•
DTI

•
fMRI

•
MEG

•TASK

•REST

analysis

clusters dynamics

fMRI vs MEG

REST vs TASK

fMRI delta theta alpha beta gamma1 gamma2

R
E
S
T

T
A
S
K

T
A
S
K
−
R
E
S
T

DAN VIS

L-dFEF
L-pIPS
L-SPL
R-dFEF
R-pIPS
R-SPL
PreCu
R-vTPJ
L-MT
L-V3AV7
L-V4V8
R-MT
R-V3AV7
R-V4V8

• opposite behavior

• coherent behavior

• opposite behavior

Chiara Favaretto Population models for complex non-linear phenomena in biology 18



Brain: a complex system

A1 A2
statistical
measure

measured
data

connectivity
matrix

•
SC

•
EC

•
FC

•
DTI

•
fMRI

•
MEG

condition

measured
data

connectivity
matrix

•
SC

•
EC

•
FC

•
DTI

•
fMRI

•
MEG

•TASK

•REST

analysis

clustered dynamics

fMRI vs MEG

REST vs TASK

condition

measured
data

connectivity
matrix

•
SC

•
EC

•
FC

•
DTI

•
fMRI

•
MEG

•TASK

•REST

analysis

clusters dynamics

fMRI vs MEG

REST vs TASK

fMRI delta theta alpha beta gamma1 gamma2

R
E
S
T

T
A
S
K

T
A
S
K
−
R
E
S
T

DAN VIS

L-dFEF
L-pIPS
L-SPL
R-dFEF
R-pIPS
R-SPL
PreCu
R-vTPJ
L-MT
L-V3AV7
L-V4V8
R-MT
R-V3AV7
R-V4V8

• opposite behavior

• coherent behavior

• opposite behavior

Chiara Favaretto Population models for complex non-linear phenomena in biology 18



Brain: a complex system

A1 A2
statistical
measure

measured
data

connectivity
matrix

•
SC

•
EC

•
FC

•
DTI

•
fMRI

•
MEG

condition

measured
data

connectivity
matrix

•
SC

•
EC

•
FC

•
DTI

•
fMRI

•
MEG

•TASK

•REST

analysis

clustered dynamics

fMRI vs MEG

REST vs TASK

condition

measured
data

connectivity
matrix

•
SC

•
EC

•
FC

•
DTI

•
fMRI

•
MEG

•TASK

•REST

analysis

clusters dynamics

fMRI vs MEG

REST vs TASK

fMRI delta theta alpha beta gamma1 gamma2

R
E
S
T

T
A
S
K

T
A
S
K
−
R
E
S
T

DAN VIS

L-dFEF
L-pIPS
L-SPL
R-dFEF
R-pIPS
R-SPL
PreCu
R-vTPJ
L-MT
L-V3AV7
L-V4V8
R-MT
R-V3AV7
R-V4V8

• opposite behavior

• coherent behavior

• opposite behavior

Chiara Favaretto Population models for complex non-linear phenomena in biology 18



Brain: a complex system

analysis

clustered dynamics

fMRI vs MEG

REST vs TASK

modeling

spiking models

Kuramoto Model

clusters dynamics

condition

measured
data

connectivity
matrix

•
SC

•
EC

•
FC

•
DTI

•
fMRI

•
MEG

•TASK

•REST

analysis

clustered dynamics

fMRI vs MEG

REST vs TASK

modeling

spiking models

Kuramoto model

clusters dynamics

condition

measured
data

connectivity
matrix

•
SC

•
EC

•
FC

•
DTI

•
fMRI

•
MEG

•TASK

•REST

Structural connectivity

Chiara Favaretto Population models for complex non-linear phenomena in biology 18



Brain: a complex system

analysis

clustered dynamics

fMRI vs MEG

REST vs TASK

modeling

spiking models

Kuramoto Model

clusters dynamics

condition

measured
data

connectivity
matrix

•
SC

•
EC

•
FC

•
DTI

•
fMRI

•
MEG

•TASK

•REST

analysis

clustered dynamics

fMRI vs MEG

REST vs TASK

modeling

spiking models

Kuramoto model

clusters dynamics

condition

measured
data

connectivity
matrix

•
SC

•
EC

•
FC

•
DTI

•
fMRI

•
MEG

•TASK

•REST

Structural connectivity

Chiara Favaretto Population models for complex non-linear phenomena in biology 18



Brain: a complex system

analysis

clustered dynamics

fMRI vs MEG

REST vs TASK

modeling

spiking models

Kuramoto Model

clusters dynamics

condition

measured
data

connectivity
matrix

•
SC

•
EC

•
FC

•
DTI

•
fMRI

•
MEG

•TASK

•REST

analysis

clustered dynamics

fMRI vs MEG

REST vs TASK

modeling

spiking models

Kuramoto model

clusters dynamics

condition

measured
data

connectivity
matrix

•
SC

•
EC

•
FC

•
DTI

•
fMRI

•
MEG

•TASK

•REST

Structural connectivity

Chiara Favaretto Population models for complex non-linear phenomena in biology 18



Brain: a complex system

analysis

clustered dynamics

fMRI vs MEG

REST vs TASK

modeling

spiking models

Kuramoto Model

clusters dynamics

condition

measured
data

connectivity
matrix

•
SC

•
EC

•
FC

•
DTI

•
fMRI

•
MEG

•TASK

•REST

analysis

clustered dynamics

fMRI vs MEG

REST vs TASK

modeling

spiking models

Kuramoto model

clusters dynamics

condition

measured
data

connectivity
matrix

•
SC

•
EC

•
FC

•
DTI

•
fMRI

•
MEG

•TASK

•REST

Structural connectivity

fMRI signals

Chiara Favaretto Population models for complex non-linear phenomena in biology 18



Brain: a complex system

analysis

clustered dynamics

fMRI vs MEG

REST vs TASK

modeling

spiking models

Kuramoto Model

clusters dynamics

condition

measured
data

connectivity
matrix

•
SC

•
EC

•
FC

•
DTI

•
fMRI

•
MEG

•TASK

•REST

analysis

clustered dynamics

fMRI vs MEG

REST vs TASK

modeling

spiking models

Kuramoto model

clusters dynamics

condition

measured
data

connectivity
matrix

•
SC

•
EC

•
FC

•
DTI

•
fMRI

•
MEG

•TASK

•REST

Structural connectivity

fMRI signals

Chiara Favaretto Population models for complex non-linear phenomena in biology 18



Brain: a complex system

analysis

clustered dynamics

fMRI vs MEG

REST vs TASK

modeling

spiking models

Kuramoto Model

clusters dynamics

condition

measured
data

connectivity
matrix

•
SC

•
EC

•
FC

•
DTI

•
fMRI

•
MEG

•TASK

•REST

analysis

clustered dynamics

fMRI vs MEG

REST vs TASK

modeling

spiking models

Kuramoto model

clusters dynamics

condition

measured
data

connectivity
matrix

•
SC

•
EC

•
FC

•
DTI

•
fMRI

•
MEG

•TASK

•REST

Structural connectivity

fMRI signals

Chiara Favaretto Population models for complex non-linear phenomena in biology 18



Brain: a complex system

analysis

clustered dynamics

fMRI vs MEG

REST vs TASK

modeling

spiking models

Kuramoto Model

clusters dynamics

condition

measured
data

connectivity
matrix

•
SC

•
EC

•
FC

•
DTI

•
fMRI

•
MEG

•TASK

•REST

analysis

clustered dynamics

fMRI vs MEG

REST vs TASK

modeling

spiking models

Kuramoto model

clusters dynamics

condition

measured
data

connectivity
matrix

•
SC

•
EC

•
FC

•
DTI

•
fMRI

•
MEG

•TASK

•REST

Structural connectivity

fMRI signals

Chiara Favaretto Population models for complex non-linear phenomena in biology 18



Brain: a complex system

analysis

clustered dynamics

fMRI vs MEG

REST vs TASK

modeling

spiking models

Kuramoto Model

clusters dynamics

condition

measured
data

connectivity
matrix

•
SC

•
EC

•
FC

•
DTI

•
fMRI

•
MEG

•TASK

•REST

analysis

clustered dynamics

fMRI vs MEG

REST vs TASK

modeling

spiking models

Kuramoto model

clusters dynamics

condition

measured
data

connectivity
matrix

•
SC

•
EC

•
FC

•
DTI

•
fMRI

•
MEG

•TASK

•REST

Structural connectivity

fMRI signals

phase
model

Chiara Favaretto Population models for complex non-linear phenomena in biology 18



Brain: a complex system

analysis

clustered dynamics

fMRI vs MEG

REST vs TASK

modeling

spiking models

Kuramoto Model

clusters dynamics

condition

measured
data

connectivity
matrix

•
SC

•
EC

•
FC

•
DTI

•
fMRI

•
MEG

•TASK

•REST

analysis

clustered dynamics

fMRI vs MEG

REST vs TASK

modeling

spiking models

Kuramoto model

clusters dynamics

condition

measured
data

connectivity
matrix

•
SC

•
EC

•
FC

•
DTI

•
fMRI

•
MEG

•TASK

•REST

Structural connectivity

fMRI signals

Rulkov Neuron Model

Kuramoto Model

Fitzhugh Nagumo Model

Chiara Favaretto Population models for complex non-linear phenomena in biology 18



Brain: a complex system

analysis

clustered dynamics

fMRI vs MEG

REST vs TASK

modeling

spiking models

Kuramoto Model

clusters dynamics

condition

measured
data

connectivity
matrix

•
SC

•
EC

•
FC

•
DTI

•
fMRI

•
MEG

•TASK

•REST

analysis

clustered dynamics

fMRI vs MEG

REST vs TASK

modeling

spiking models

Kuramoto model

clusters dynamics

condition

measured
data

connectivity
matrix

•
SC

•
EC

•
FC

•
DTI

•
fMRI

•
MEG

•TASK

•REST

Structural connectivity

fMRI signals

Kuramoto Model

Chiara Favaretto Population models for complex non-linear phenomena in biology 18



Brain: a complex system

analysis

clustered dynamics

fMRI vs MEG

REST vs TASK

modeling

spiking models

Kuramoto Model

clusters dynamics

condition

measured
data

connectivity
matrix

•
SC

•
EC

•
FC

•
DTI

•
fMRI

•
MEG

•TASK

•REST

analysis

clustered dynamics

fMRI vs MEG

REST vs TASK

modeling

spiking models

Kuramoto model

clusters dynamics

condition

measured
data

connectivity
matrix

•
SC

•
EC

•
FC

•
DTI

•
fMRI

•
MEG

•TASK

•REST

Structural connectivity

fMRI signals

Kuramoto Model
θ̂

Chiara Favaretto Population models for complex non-linear phenomena in biology 18



Brain: a complex system

analysis

clustered dynamics

fMRI vs MEG

REST vs TASK

modeling

spiking models

Kuramoto Model

clusters dynamics

condition

measured
data

connectivity
matrix

•
SC

•
EC

•
FC

•
DTI

•
fMRI

•
MEG

•TASK

•REST

analysis

clustered dynamics

fMRI vs MEG

REST vs TASK

modeling

spiking models

Kuramoto model

clusters dynamics

condition

measured
data

connectivity
matrix

•
SC

•
EC

•
FC

•
DTI

•
fMRI

•
MEG

•TASK

•REST

Structural connectivity

fMRI signals

Kuramoto Model

phase
transform

θ

θ̂

Chiara Favaretto Population models for complex non-linear phenomena in biology 18



Brain: a complex system

analysis

clustered dynamics

fMRI vs MEG

REST vs TASK

modeling

spiking models

Kuramoto Model

clusters dynamics

condition

measured
data

connectivity
matrix

•
SC

•
EC

•
FC

•
DTI

•
fMRI

•
MEG

•TASK

•REST

analysis

clustered dynamics

fMRI vs MEG

REST vs TASK

modeling

spiking models

Kuramoto model

clusters dynamics

condition

measured
data

connectivity
matrix

•
SC

•
EC

•
FC

•
DTI

•
fMRI

•
MEG

•TASK

•REST

Structural connectivity

fMRI signals

Kuramoto Model

phase
transform

θ

θ̂probability
density

function

Chiara Favaretto Population models for complex non-linear phenomena in biology 18



Brain: a complex system

analysis

clustered dynamics

fMRI vs MEG

REST vs TASK

modeling

spiking models

Kuramoto Model

clusters dynamics

condition

measured
data

connectivity
matrix

•
SC

•
EC

•
FC

•
DTI

•
fMRI

•
MEG

•TASK

•REST

analysis

clustered dynamics

fMRI vs MEG

REST vs TASK

modeling

spiking models

Kuramoto model

clusters dynamics

condition

measured
data

connectivity
matrix

•
SC

•
EC

•
FC

•
DTI

•
fMRI

•
MEG

•TASK

•REST

Structural connectivity

fMRI signals

Kuramoto Model

phase
transform

θ

θ̂probability
density

function

θj − θi
• real data

• model

Chiara Favaretto Population models for complex non-linear phenomena in biology 18



Conclusion & ongoing research

MITOCHONDRIA

BRAIN

SIGNALS
ANALYSIS

&
MODELS

Chiara Favaretto Population models for complex non-linear phenomena in biology 19



Conclusion & ongoing research

MITOCHONDRIA

MITO
DYNAMICS

BRAIN

SIGNALS
ANALYSIS

&
MODELS

Chiara Favaretto Population models for complex non-linear phenomena in biology 19



Conclusion & ongoing research

MITOCHONDRIA

MITO
DYNAMICS

resu
lts

• population model

• mito dynamics + energy

• feedback regulation

• stability & sensitivity
analyses

OSCILLATIONS

BRAIN

SIGNALS
ANALYSIS

&
MODELS

Chiara Favaretto Population models for complex non-linear phenomena in biology 19



Conclusion & ongoing research

MITOCHONDRIA

MITO
DYNAMICS

resu
lts

• population model

• mito dynamics + energy

• feedback regulation

• stability & sensitivity
analyses

o
p

en
research

• non-linear feedback
control

• damaged vs healthy
model

• more classes

OSCILLATIONS

FULL &
CLUSTERS

SYNC

BRAIN

SIGNALS
ANALYSIS

&
MODELS

Chiara Favaretto Population models for complex non-linear phenomena in biology 19



Conclusion & ongoing research

MITOCHONDRIA

MITO
DYNAMICS

OSCILLATIONS

FULL &
CLUSTERS

SYNC

re
su

lt
s

• full phase cohesiveness

• clusters phase
cohesiveness

• phase locking

• sync invariance

BRAIN

SIGNALS
ANALYSIS

&
MODELS

Chiara Favaretto Population models for complex non-linear phenomena in biology 19



Conclusion & ongoing research

MITOCHONDRIA

MITO
DYNAMICS

OSCILLATIONS

FULL &
CLUSTERS

SYNC

re
su

lt
s

• full phase cohesiveness

• clusters phase
cohesiveness

• phase locking

• sync invariance

o
p

en
re

se
ar

ch

• clusters sync attractivity

• brain fitting

BRAIN

SIGNALS
ANALYSIS

&
MODELS

Chiara Favaretto Population models for complex non-linear phenomena in biology 19



Conclusion & ongoing research

MITOCHONDRIA

MITO
DYNAMICS

OSCILLATIONS

FULL &
CLUSTERS

SYNC

BRAIN

SIGNALS
ANALYSIS

&
MODELS

re
su

lt
s

• data analysis

• modeling

• rest vs task

• fMRI vs MEG

Chiara Favaretto Population models for complex non-linear phenomena in biology 19



Conclusion & ongoing research

MITOCHONDRIA

MITO
DYNAMICS

OSCILLATIONS

FULL &
CLUSTERS

SYNC

BRAIN

SIGNALS
ANALYSIS

&
MODELS

re
su

lt
s

• data analysis

• modeling

• rest vs task

• fMRI vs MEG

o
p

en
research

• stroke modeling

• rest vs task

• fMRI vs EEG

• FC dynamics
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