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Complex (or Complicated?) Network Brain

structure function

order disorder

fluctuations 
(endogenous/exogenous)

control; movement;
perception; attention;
learning; memory;
knowledge; emotions;
motivation; language;
thinking; planning; 
personality; self-identity;
consciousness; …;
dysfunctions

# neurons: ~ 1010

# synapses/neuron: ~ 103 - 104

length of all connections: ~ 107- 109 m
(~2.5 x distance earth-moon)

connectivity factor: ~ 10-6 (adult) 
connectivity factor: ~ 10-4 (juvenile)
ion channels / neuron: ~ 102 - 103

neurotransmitter & 
other active substances: ~ 50
# glia cells: ~3-fold # neurons
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Brain Networks - Relevance

properties of functional/structural brain networks are sensitive to:

behavioral variability
cognitive ability
genetic information
shared genetic factors
gender
age
drugs
…

Alzheimer’s disease
schizophrenia
acute depression
multiple sclerosis
attention deficit hyperact. dis.
spinal cord injury
epilepsy
…
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small-scale:

nodes   neurons (glia cells?)
links  synapses 
desirable, but hard (impossible?) to access

Inferring Networks of the Brain - Structure

large-scale:

nodes   brain regions 
links  fiber bundles
high-res. MRI, DTI, parcellation schemes, …

medium-scale:  ???
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small-scale:

nodes   single neuron (glia) dynamics
links  synaptic (other) interactions 
emerging technology

Inferring Networks of the Brain - Function

large-scale:

nodes   sensors (dynamics of networks of neuron networks)
links  interactions (weighted and/or directed), 

time series analysis
EEG, iEEG, MEG, fMRI, … medium-scale:  ???
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Inferring Functional (Interaction) Brain Networks
recordings of brain dynamics (EEG, iEEG, MEG, fMRI, …)

interaction matrix I adjacency matrix A

sensor

se
ns

or

node

no
de

A = f(I)

- thresholding
- significance testing
- …
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Network: 
set of nodes connected by links
binary, weighted, directed, weighted and directed
various approaches for characterization

Ansatz for node and link identification:
nodes ↔ sensors ↔ subsystems
links ↔ interactions between subsystems

Caveat:
network inference is an inverse problem … no unique solution !

From Multichannel Data to Networks
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- node identification (nodes ↔ sensors ↔ subsystems)
spatial sampling, discretization

- link identification (link ↔ interactions)
temporal sampling
indirect vs. direct interactions, common sources
reliability of estimators for interactions

- interpretation of findings
comparison of empirical networks
appropriate null models / surrogate networks

Challenges
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Node Identification

spatially extended dynamical system (brain, climate, etc)

decomposition into (independent) subsystems ……. justified?

placement of sensors 
- optimal sampling of dynamics of subsystems
- spatial organization of subsystems usually not known
- educated guess
- mostly rectangular arrangement of sensors ….. other?
- distance between sensors ?

Nyquist-Shannon sampling theorem, 
but requires knowledge about (sub-)system(s) dynamics

- accuracy / reproducibility of sensor placement
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Node Identification
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Chaos 20, 013134, 2010

Node Identification
brain activity (MEG) spatial model

C = 0.58 ; L = 3.13 C = 0.57 ; L = 3.14



First International Summer Institute on Network Physiology (ISINP) S. Bialonski, MT Horstmann & KL
Chaos 20, 013134, 2010

Node Identification

rectangular arrangement
of sensors
+
link identification error 
in the per mille – percent 

→ small world network
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Node Identification
nodes ↔ sensors ↔ subsystems

- ansatz appears justified in many cases

- caveat: “wrong” spatial sampling can lead to
mis-characterization of network properties

- are there better approaches ?
refine sampling strategies ?
determine the actual structural organization?
coarse graining?
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Link Identification

link ↔ interactions

- “good” observables, time scales 

- temporal sampling (Nyquist-Shannon sampling theorem)

- measuring interactions

- confounding variables
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Link Identification: Temporal Sampling
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– time scales of the system

– choices to make:
- observation time
- (temporal) sampling frequency

 determines length of time series
time

am
p.

temporal oversampling:

 temporal correlations

time

am
p.

S. Bialonski, M Wendler & KL 
Plos One 6, e22826, 2011

Link Identification: Temporal Sampling
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– N = 100 time series 
(T = 500 sampling points)

– for each time series: 
– values independently drawn 

from some probability distribution
– temporal correlations induced 

by moving average of size M

C
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0.5

M

0.4
0.3
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0.1

0

L

M
0    20    40    60    80  100

2.6

2.4

2.2

– signal interdependence:
abs. value of correlation coefficient

– binary networks via thresholding
(link density = 0.1)

S. Bialonski, M Wendler & KL 
Plos One 6, e22826, 2011

Link Identification: Temporal Sampling
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– N = 100 time series 
(T = 500 sampling points)

– for each time series: 
– values independently drawn 

from some probability distribution
– temporal correlations induced 

by moving average of size M

C

0    20    40    60    80  100

0.5

M

0.4
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L

M
0    20    40    60    80  100

2.6

2.4

2.2

– signal interdependence:
abs. value of correlation coefficient

– binary networks via thresholding
(link density = 0.1)

small-world networks
(C/Cr > 2, L/Lr < 2)

S. Bialonski, M Wendler & KL 
Plos One 6, e22826, 2011

Link Identification: Temporal Sampling
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– N = 100 time series 
(T = 500 sampling points)

– for each time series: 
– values independently drawn 

from some probability distribution
– temporal correlations induced 

by moving average of size M

– signal interdependence
abs. value of correlation coefficient

– binary networks via thresholding
(link density = 0.1)
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S. Bialonski, M Wendler & KL 
Plos One 6, e22826, 2011

Link Identification: Temporal Sampling
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– N = 100 time series 
(T = 500 sampling points)

– for each time series: 
– values independently drawn 

from some probability distribution
– temporal correlations induced 

by moving average of size M

– signal interdependence
abs. value of correlation coefficient

– binary networks via thresholding
(link density = 0.1)
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assortative networks
(a>0)

S. Bialonski, M Wendler & KL 
Plos One 6, e22826, 2011

Link Identification: Temporal Sampling
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binary networks

- thresholding
criteria for threshold selection
uniqueness of threshold
“reliability” of links

- significance testing
choice of significance level
multiple testing problem
“reliability” of links

which to choose? …. other methods ? 

Link Identification: Measuring Interactions
interaction matrix I

se
ns

or

sensor

adjacency matrix A

no
de

node

?



First International Summer Institute on Network Physiology (ISINP) 

weighted networks

- est. strength of interaction (s) 
~ coupling strength (k); 
~ structural properties (σ)
~ other?

- s = F(k, σ,…)
- how does F look like? 
- given F, resolve “weak” (“strong”) couplings 

- which nontrivial properties of data are
captured by network measures?

Link Identification: Measuring Interactions
strength matrix S

se
ns

or

sensor

adjacency matrix A

no
de

node

?
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Link Identification: Measuring Interactions
link ↔ interactions

assumption: (sub-)systems interact!

probing (active) vs. observing (passive)

probing (actio est reactio)
repeated measurements,
limited number of data points, 
nonstationarity, “true” dynamics?

observing (if probing is not possible)
large amount of data, nonstationarity
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requirements
- different aspects of dynamics / synchronization phenomena
- robustness against noise/measurement errors
- strength and/or direction of interaction (other properties?)
- computing time (field data analyses)
- interpretability (causality? direct vs. indirect; common sources)

(linear/nonlinear) time series analysis techniques
- statistical approaches
- approaches in time/frequency domain
- information theoretical approaches
- state-space-based approaches 
- Fokker-Planck-formalism
- …

Link Identification: Measuring Interactions
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- mostly bivariate analysis techniques

- applied to all pairwise interactions ..… justified ?

- impact of indirect interactions (other confounders ?)
→ partial measures ….. only recently 

….. reliable ? …..widely applicable ?

- true multivariate approaches
MVAR, random matrix theory ..… rare ….. reliable ?
…..other ?
wide applicability not yet shown

Link Identification: Measuring Interactions
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Link Identification: Confounding Variables
- node dynamics

different natural frequencies, noise distributions, 
dimensionalities,.. 
more active vs. more passive system

- finiteness of data (N and T)
- univariate properties of dynamics (e.g. power spectral contents)
- time scales (node dynamics, coupling, due to sampling)
- bias due to time series analysis techniques

- incomplete measurements 
direct/indirect interactions, differentiability?
common sources

- other ?
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Strength of Interactions and Couplings
active experiment: coupling function known, coupling strength k adjustable

… and with unknown systems?

st
re

ng
th

 o
f i

nt
er

ac
tio

n 
(s

)

coupling strength (k)

min

max
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Confounding Variables: Common Sources

F. Mormann et al., Physica D 144, 358, 2000 S. Porz, M. Kiel & KL Chaos 24, 033112, 2014
C. J. Stam et al. Hum Brain Mapp 28, 1178, 2007
M. Vinck et al. NeuroImage 55, 1548, 2011

mean phase coherence

phase lag index

weighted phase lag index

superposition with [0,1)

mixing with [0,0.5)

Modeling impact of 
common sources
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coupled oscillator models

R
- strongly affected by CS
- more robust to noise (meas. + dyn.)

P and PW
- less influenced by CS
- less robust to noise (compared to R)
- dependent on oscillator type and
direction of coupling !

- no advantage of PW over P

Confounding Variables: Common Sources
R
P
PW
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Confounding Variables: Common Sources
- 20 h iEEG recording, seizure-free interval
- moving-window analysis (20,48 s; 4096 data points)

Ref-Electr.: 
GLA1+GLA2

SOZ: 
GLA6

Lesion: 
GLD3+GLD4
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Confounding Variables: Common Sources
TR06 – TL03

TR06 – TL05

GLB4 – GLB3

GLB4 – GLA3

TR07 – GLA3

TR02 – GLB1R
P

equivalence (light gray) 
non-equivalence (dark gray) 

of power spectra

R - PW

R
 -

P
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Link Identification: Measuring Interactions
direction matrix D

se
ns

or

sensor

adjacency matrix A

no
de

node

?

directed networks

- est. direction of interaction (d)
~ coupling direction (Δ) 
~ structural properties (σ)
~ coupling strength (k)
~ node dynamics 
~ other?

- d = F(Δ, σ, k, …)
- F ? 
- resolve “correct” directionality / causality
- distinguish directionality @k=0 and @k=max
- which nontrivial properties of data are

captured by network measures?
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coupling strength 
0

1 influencing factors:
- number of data points
- noise
- system properties
- uncoupled vs. fully coupled

Measuring Directional Interactions

H. Osterhage et al., Phys Rev E 77, 011914, 2008; 
KL & H. Dickten, Phil Trans Roy Soc A 373, 20140094, 2015

evaluate both 
strength and direction

S
|D|

direction direction DD
strength strength SS

? ?
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Confounding Variables: Indirect Interactions

(Pearson) correlation coefficient partial correlation coefficient(Pearson) correlation coefficient

jjii

direct interaction

jjii

kk

indirect interaction

similar approaches for other measures: 
(renormalized) partial directed coherence, 
partial (symbolic) transfer entropy, 
partial phase dynamics, ….
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Confounding Variables: Indirect Interactions

T. Rings & KL, Chaos, 26, 093106, 2016 

- network of diffusively coupled Rössler oscillators
- adjustable: network size, coupling strength and topology, 

edge density, amount of indirect interactions
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Confounding Variables: Indirect Interactions

T. Rings & KL, Chaos, 26, 093106, 2016 

similar findings for:
- small-world networks
- scale-free networks

partialized approach (slightly) more efficient 
for small networks or for large but sparse networks
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Confounding Variables: Indirect Interactions

T. Rings & KL, Chaos, 26, 093106, 2016 

intracranial EEG recording (76 hrs) from an epilepsy patient
76 recording sites, moving-window phase-based directionality estimation

consistent estimation of directionality: 95 % match
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Delayed Directed Interactions

H Dickten & KL, Phys Rev E 90, 062796,2014

TL01-TL05

TR01-TR05 TLL4-TLR4

- 36 h iEEG recording, patient with right MTLE
- averaged delayed symbolic transfer entropy

- driving post. MTL -> ant. MTL
- delay times: ~ 50 - 60 ms
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weighted and directed networks

- as before
- measures that can do both? 
- if not, how to combine?

Link Identification: Measuring Interactions

adjacency matrix A

no
de

node

?

strength matrix S

se
ns

or

sensor

direction matrix D

se
ns

or

sensor

?
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Interpretation of findings

comparison of empirical networks

- how similar are empirical networks?
group statistics, detection of changes, 
temporal networks, …

- which “distance” measures to choose

- what can trivially be expected? 
… how to differentiate?

- is the network approach really necessary ??
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Interpretation of findings

null models and surrogates

analytical results for random graphs or lattices 
(with prescribed properties, e.g. degree distr.)

surrogate networks from Monte Carlo simulations
preservation of arbitrary properties, define constraints,
null hypothesis testing

time series surrogates
phase-randomization, IAAFT, …
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Interpretation of findings

G. Ansmann & KL, Phys. Rev. E 84, 026103, 2011; 
J Neurosci Methods 208, 165, 2012

weighted functional networks: 

- trivial properties of link weights or  
nodes strengths influence C and L

- surrogate networks
preserve link weight and/or node strength

- surrogate normalization
improve differentiability
improve interpretability
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Interpretation of findings

if networks do not differ, what does this mean?
- methodology
- statistical issues 
- …

if networks differ, what does this mean?
- relation to system dynamics
- other possible explanations
-…
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What’s next?

- ignore

- be careful (particularly when using toolboxes)

- interpret only changes

- test inference sensitivity using numerical simulations

- model both system dynamics and observation process

- improve methodologies!


