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What is it about?

Mutlilevel phenomics and psychological forces.
Attractor networks.

Simulations with Emergent.

Recurrence Quantification and TDA.
Microstates + RQA.

Brain Disorders.

Trajectories and transition probability.

Spectral analysis and a few more ideas.




Multi-level phenomics

2008: TheConsortium for Neuropsychiatric PhenomicsiEa e
aX OFGS3az2NASas ol &SR dzLl2 :
symptoms, may not capture fundamental underlying
YSOKIF YA&aYa 2 MselRt&li Foday. Ol A 2

RDOC NIMHMatrix(6 large scale systems/psychologic - i { hous
O2yadNHzOGa u tS@Stay 3S

minutes

Phenomics at different levels will help to define
endophenotypesNetwork level is in the middle and
connects to the mental and molecular levels.
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http://www.phenomics.ucla.edu/
https://www.nimh.nih.gov/research/research-funded-by-nimh/rdoc/constructs/rdoc-matrix

Largescalebrain networks

Classification of mental diseasesRgsearch
DomainCriteria(RDo(, matrix based on the
multi-level neuropsychiatric phenomics
describing 8arge brain systems.

fMRI identifiedlarge-scale networksesponsible

for specific brain function activity. Mindfulness,
self context
o L w therapies, TMS
Activity of these networks is influenced by:
genes, proteins, neuronsjrcuits, TR
neurotransmitters, whole physiology, leading dACC/VMPEC

to specific forms of behavior and brain disorders.
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Duch W. (2018), MuHevel Explanations in Dopamine-
. ) i ) noradrenaline
Neuroscience |: From genes to subjective experiences. reuptake
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Recent TMRI/EEG/MEG PhD thesis

w KarolinaFing Dynamics and plasticity of human brain functional network during working
memory task performance.

Analyzing fMRI data and using graph theory measures, | describe human functional brain r
changes during increasing demands of working memory task. Training of the challenging task

iIncreases network segregation and dynamic reconfiguration of the DMN and the FPN netw

W KamilBonng Neural correlates of prediction errors during reward and punishment learnir

Investigation of prediction error correlates in the rewaséeeking and punishmersgvoiding _
contexts from behavioral, localization, and network perspectives supports dual system hypothe3|s

W a A O Kdm®rowski Locally specific human brain dynamics automatically modeled using
spectral features of MEG/EEG signals. - i A

Opensource modular Toolbox for Frequerogised Spectral FingerprintingjdFF), for automatic _
construction of spectral markers of brain activity for a selected atlas of brain areas, at the leve: u
iIndividual subjects or a selected group of subjects.

W EwaRatajczakMicrostate neurodynamics in HRV biofeedback.

Neurodynamics specific to HRV biofeedback, and trairelajed changes in the restirgjate brain
functions, were assessed via EEG neuroimaging, predicting who responds to biofeedback tr




Brainse: Minds

Define mapping(Mg S(B. BCI: intentiony actions, subjectivé objective
How do we describe the state of mind?

Verbal description is not sufficient, words should be represented in a space
with dimensions that measure different aspects of our experience.

Stream of brain statee movement of thoughts in psychological spaces.

Problems

1. Discretization of continuous processes for explainable,
symbolic, verbalized models.

2. Lack of good phenomenologyve are not able to describe
our mental states.

Neurodynamicsbioelectrical activity of the brain, neural activity
IS measured using EEG, MEG, MRSPET, fMRI ...

Psychology: conceptual descriptions.

EricSchwitzgabelPerplexities of Consciousness. MIT Press 2011
W. Duch, Kurt Lewin, psychological constructs and sources of brain cognitive activity (2018)



Kurt Lewin: psychological forces

Fig. 5. “Positive central force field corresponding to a positive valence (Va>0)" (Lewin, fig. 33)

Field Theory in
Social Science:
Selected
Theoretical Papers

Thinking,
Fast and Slow

“G, region of a positive valence (Va(G)>0), located in C; P, person; the forces fac, frc, or Daniel Kahneman
fLc correspond to Va(G) in case P is located at A, H, or L, respectively; fx,y = fxc .” Laweie Kart Winner of the Nobel Prize O

Kurt Lewin, founder of social psychology, analyzed interactions between people and their environment
creating theories of psychology inspired by field theory. Kahneman Nobel speech: | still read this.

Transitions between mental states are due to the psychological forces, psychodynamics.

Regions of positive valence are in basinattrhctors of neurodynamics

K. Lewin:Principles of Topological Psychol¢f§936); Conceptual Representation & Measurement of Psychological
Forces (1938¥-ield Theory in Social ScieQt@51).

Duch W. (2018), Kurt Lewin, psychological constructs and sources of brain cognitive activity.
Polish Psychological Forum 23(1)%



Hopfield associative memory-networks

J.J. Hopfield (1982)leural networks and physical systems with emergent collective computational
abilities PNAS 79(8), 2554, encodes information in the network energy landscape.

Based on Ising/spin glasses idea. SeéNiWs Webinar 2024

A standard model to study neural networks through statistical mechanics, implemented in
electronic hardware (Coherent Ising Machines).

Hopfield network stores patterns in energy minima @ =

,:-\\‘

All nodes fully connected,
symmetric connections: __ , \

Vo0 Uog

YAY B 0

Learning: adjusb -+
to create local minima.
Inference: findwypatterns that minimize energy.

Artem Kirsanov



https://youtu.be/4fb_qrsOdI4?si=Lx3fiMAYVSnBcWdr
https://www.youtube.com/watch?v=1WPJdAW-sFo

Attractor neurodynamics

rajectories

Hopfield networks and Boltzmann machines belong to a larger Landscape
category of dynamical systems calkstiactor networks pattern Concentration D

of Ach
=, baseline level

pattern 1

In the Hopfield network system settles In a point attractor,

states, blended states, cyclic or stochastic states.

Different kinds of attractor neural networks can simulate
varioustypes of memory, perception, and motor actions.

Networks CUP.

Thoughts are chains of transitions between attractor states.

Attractor networks explain why some information may become higher
YSYSas 2N) ddzyAia awkiosgA916yzNI f ———= ongoing ansiive dynamics

effect of top-down glutamatergic spike volleys to layer1

iIntegrated into a conceptual framework of the memory system.

Duch W. (2021Memetics and Neural Models of Conspiracy TheoHatierns. Cell Press.



http://www.scholarpedia.org/article/Attractor_network
https://doi.org/10.1016/j.patter.2021.100353

[ Category traffic light: Passive Viewing ] [ Category zebra: Passive Viewing ]

Watching traffic lights: V4: color perception. IPS: sensooyor
link, Frontal area (FEF, FO): planning behavior, action.

ldea: represent concepts as patterns corresponding to brain
activation, or vectors in the feature space.

Can we simulate such maps of activity? ech e dte Sl

Aud“‘?\“ il : PB/:nef,g
J.R. Binder et al, Toward a Briased Componential Semantic 5"“\:& \ oyt
Representation, 2016. Y
Huth, A. G., de Heer, W. A., Griffiths, TTheunissenF. E., & Gallant, J. L.

(2016).Natural speech reveals the semantic mépeat tile human cerebral

cortex.Nature 532(7600), 458458.


https://doi.org/10.1038/nature17637

Brain as a substrate of mind

Brain: substrate for the mind, a maze of mutual activations.

A Conscious impressions resfrthm strong coherent activations, a shadow of
neurodynamics that can be linked to phonological representations.

Without phonological representation of brain states there will be no language,
precise thoughts and logic, only direct associative actions.

A
A Each ROI in the brain represented by a neuron in the model.
A Follow brain activations to label metastable states, create transition graphs.

Gy = 0OSXN, . DO, a2




Computational Models

O'Reilly, Emergent simulatanodels at various level of detalil.

1 Minimal model with some biological elements, includes
neurons with 3 types of ion channels, aX, leak.

Models of attention:

1 Posner spatial attention;

1 attention shift between visual objects.
Models of word associations:

1 sequence of spontaneous thoughts.
Models of motor control.

Initial focus for attention models: the leak channels,
2-pore K, looking for genes/proteins.

Critical control of the increase in intracellular calcium,
which builds up slowly asfunction of activation

Cys-loop

chioride  BCC  (GABA, nACh, glycine, 5HT)
2-pore K*
ionotropic glutamate
K /GIRK
ENaC/ASICIP2X

PKD
TRP

IPs/ryanodine

CNG

voltage-gated cation




Model of reading & dyslexia

Learning: mapping one of the 3 layers to the other two, LEABRA algorithm.
Fluctuations around final configuration = attractors representing concepts.

How to see trajectory of neurodynamics, attractor basins, transitions?
Genesissimulator offers more detailed neuron models, but is harder.

Emergentneural simulator:

R O'Reilly, Munakatg MJ Frank, TE Hazy, Computational Cognitiv
Neuroscience, Bed, 2024.

Point neurons with 3 kinds of ion channels.

3-layer model of reading:

orthography, phonology, semantics = distribution of activity
over 140 elementsdefiningmicrofeaturesof concepts.

Hidden layers €&/0O-P/SP_Hid
Brain subnetworks => microfeatures. - W Bl R R OW R W

=d B B @A e a0 nEk

Phonology

DyslexiaNet VValue: act




Semantic layer

Semantic layer, 140 units, node = attractor state, la/ebrain patterns.

¢KS LI GOSNy T2N 62NR GOl aS¢z dzLJLISNJ T 1 dzy
lower physical properties. Representation is spaisgamic nodes

Concepts/words araentified by relationsbetween patterns of active features.

Associations = transitions between patterns, can be formed in many ways.
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Example of simulations using Emergent 8.



Trajectory in-2D

tSNEGA &dzk f ATIFTOA2Y 2F mMnnan RAY UNF2SOG2NKSA:



Multiple starts from the same state
lead to different trajectories.

Some lead to repeated behavior.
Calculate transition probabilities
between metastable states from
frequency of transitions

Why such transitiord

Linked state have patterns sharing
few features, that recruit less active,
but strongly connected neurons,
and depolarize those currently
active, making the previous state
Inaccessible for some time
(refractory period).

3716 \\ 3/3
1116 Y

rope




Attractor strength

How can we characterize attractor basins and forces that keep the system inside?

Variance around the center of a cluster grows with synaptic noise; for narrow and deep attractors it
will grow slowly, but for wide basins it will grow fast.

Jumping out of the attractor basin reduces the variance due to inhibition of desynchronized neurons
What factors Contrlbute to tranSIthnS') 0m Size of attractor basing in semantics layer [dyslex. proj]

High noise (temperature) => asymptotic freedom . EIRE

New stimuli => WTA inhibits current 0.016

synchronization => attractors may dissolve. 0014

Spontaneous desynchronization due to the leak s
lon channels.

0.01

o
—
=)
—
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=
[}

Attractor force in a neural network
=> psychological force in mental space?




Recurrence plots

Trajectory of dynamicaystem(neural activities) may be visualized using recurrence plots (RP).
Qo o6@

F.Taken5(1981) delay embedding theorem: a smoaitractor can be reconstructed from

observations of timeadelayed multiple points on the trajectory, ex values of a single component

X = [u(ty), u(ty +t) , uy+dt)]
Y - g(- T, oINAQ pE D
Y Yoyl GQ pE

Recurrence matrix R can be binary or soft, based on approximate equalltyapéctory points
of d-dimensional vectors. For similarity based on threshold binary mijrig obtained.

Many measures of complexity and dynamical invariants are derived from RP matrices:
generalized entropies, correlation dimensions, mutual information, redundancies, etc.

N. Marwan et al, Recurrence plots for the analysis of complex system. Physics Reports 438 (2328 237



Recurrence Plot (flag)

Transitions to new patterns that share some active units (microfeatures);
In recurrence plots attractor basins are seen.



Probability of recurrence

Probagilay of Recurranca (PoR = 0 (358337

0 1 130 20 X0 WO 3B 4N &0 s5;

a0 2E0 20 350 400 450 S00

Probability of recurrence may be computed from recurrence plots,
allowing for evaluation how strongly some basins of attractors capture neurodynamics.



Trajectory visualization

Multidirnensi

Recurrence Plot

1800

1600

1400

1200

1000

B00

400

Recurrence plots and MDS visualization of trajectories of the brain activity.
Here evolution of 144lim semantic layer activity during spontaneous associations
inthe406 2 NRa4 YAONRBR2YFIAY A& LINBASYUSRZ &aidl NIAY:

Duch, W., &Dobosz K. (2011). Visualization for understanding of neurodynamical systems.
Cognitive Neurodynamics(2), 145160



A £ =10% of Max Dist
0

Recurrence network [ \

Real brainsECoGlata: recurrence plots

depend on the similarity threshold \\\
cosine distance, N\
Takensembedding of oscillatory data 0 100 150
with dimensiond |y R 13 _ o £ = 20% of Max Dist

Basins of attractors have different
resolution based on threshold

Varley, T. F., &porns O. (2022). Network
Analysis of Time Series: Novel Approaches
to Network Neuroscience.

Frontiers in NeurosciencEb.

’
50 100 150

£ =30% of Max Dist

For more mathematically inclined:

Caput L.,PidnebesnaA., & Hlinka, J. (2021).
Promises and pitfalls of topological data analysi
for brain connectivity analysis.

Neurolmage238, 118245.

.u;ﬂ

50 100 150



https://www.frontiersin.org/article/10.3389/fnins.2021.787068

Trajectories

Can we characterize attractor states of the brain using EEG data?

tSNHor simulated attractor network, color=time, each dot
represents 140 ROIs.

Large and small attractor basins,

large clusters = long trapping time,

fast transitions between some states,

Recurrence near the end.

UMAP STFT visualization of real EEG data, single channels/source

Dobosz, Duch W. (2010) Understanding Neurodynamical Systems
via Fuzzy Symbolic Dynamics. Neural Networks 23 (201)382010



Persistence diagram

Betti Curves

Bettl number

Flltration parameter

Fig. 2. Schematic of persistent homology and relative visualizations. a) & b) Example of point cloud and construction of filtration. a) Shows the
intuitive idea of inflating balls around each point. b) Show the construction of simplex and the resulting simplicial complex each time 2 balls touch each other
(forming a line or a 1-simplex), 3 balls touch each other (forming a triangle or 2-simplex), and so on. ¢) Persistence diagram Represents persistent homology
as a persistence diagram, where each point represents a topological feature detected during filtration. d) Betti curves Representation of the evolution of the
Betti number 3p and /31, respectively, counting the number of connected components and closed loops as a function of the filtration parameter.




Persistence diagrams in
topological data analysis
(TDA) visualize the
lifespan of topological
features (homology
classes) across different
scales.

Forl €connected
components) and

| $1-dim. loops/holes),
diagrams encode when
features appear ("birth")
and disappear ("death")
as a filtration parameter
(e.qg., distance threshold)
Increases.

ROC for LSVM on 2
features for adolescent
schizophrenia data.

Figure 3: Persistence diagram

Classification

Receiver Operating Characteristic

True Positive Rate

w— ROC curve (ares « 0.83)

04 06 0B 1.0
False Postive Rate

Number of points H1 Persistence entropy H1

| i 7T

5000 11 4[
¢ L +

Control Patients Control Patients
Group Group

Figure 4: Relevant homological features number of
homological features of dimension one (closed loops)
and relative persistence entropy.

Accuracy
Correlation Takens STFT  All features  Selected features
0.59 0.75 0.58 0.65 £ 0.15 0.73 + 0.12
0.59 0.75 066 0.68 £ 0.16 0.77 £ 0.10
0.57 0.74 0.69 0.80 & 0.08 0.80 + 0.11

Control

Pavients

Table 1: Summary of classification performance




Typical:Development vs.' Autism
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Trajectories show activation of 3 Gaussian prototypag Ge(t),Gs(t)).

Neurodynamics depends on properties of single neurons, noise in the system.
{0F NOAY 3 T NRoépeddent Ieal channgarheier d8t&rmines rate of
spontaneous depolarization of neurons,. 4= 0.01 is normal casb,,. 4= 0.005 slows
depolarization, trapping times are long, fewer states, slow Hebbian learning.



Typical'Development vstADHD

Activation in Semant &3, proj Activation in Semantics
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G, p=1[0.80213,..,0.11623], o =2 G, = [0.067325, . [180BB), o= 2 G, = [0.80213,... 0.11623], 5= 2 G, = [D.0B7326, . 0.60BG], o = 2

{O0FNIAY3I FNRY I KispendenNgak adnanh@aranieter det@rrhires ratSof
spontaneous depolarization of neurons, 0.01 is normal da®&2, leads to fast depolarization.

CNF LILIAY I GAYSEA NB akK2NIZ Ylyeée 6SIF1 | GdadN: Of
associations, the system needs stimulants to increase synchronization. Surprising, but this is
probably why stimulants like Ritalin are used to treat ADHD.



Rapid:-Serial Visual Presentation

Any RSVP applications for fast reading.

Simulation: showing series of words, looking for attention/associations.
star => flea => tent => lock => tart => hind



RSVPtypical brain

Recurrence Plot Recurrence Plot

3 —‘n—-—s T 3§ TH T—'i TF—'—g B
cap w GRS ! Tl S TR i

— .-4
o : : : | : y
» ] |

Normal speed too fast, speed 5x
associations, contextunderstanding microstates get blurred,

Some shallow microstates, no associations few associations



RSVP simulations::HFA

High functioning ASD case (HFA):
normal presentation fast presentation
long dwelling times enforced quick resynchronization
more internal stimuli.



Rapid-stimulation in deep-ASD

Normal speed fast presentationricher dynamics,
skipping some words, more complex internal states,
no associations some associations arise (affagonal)

More states/time window = better connectome development.



Learning in real situations

Learning complex information in Growing Neural Gas model, trained on blue patches creates
conceptual grid, each node = metastable brain state, memory of {na@sed semantics,

links = associations, thinking = transitions between states, following associations.

Conceptual grid approximates environmental states, tapid learning distorts relations

Strong emotions increase neuroplasticity, but may lead to accidental associations, save mental

7
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aSYZ2ZARa X
Study memory distortions, forces of misbelief. In extreme cases everything is associated with one

greatidea or caused ! f A $epedt&d-aidhousand time3 SO2 YS & ( NMHzi K& o

World view is totally distorted, mind states form
one bigmemplexX

Extraterrestialspolitics, Nazis, religion, apocalypse
gl OOAYySaz pDX LRfAGAOA

W Simplifies dynamics, saves energy.

(RFHN) model => badtractor basins
Overtraining => inhibition of alternatives!

Duch W. (2021) Memetics and Neural Models of
Conspiracy Theories. Patterns. Cell Press

ArielyD. Misbelief. HarpeCollins 2023




Brain fingerprinting

Find unique patterns of brain activity:

(W brain regions of interest (ROI),
W active neural networks,
W mental states, tasks, processes.

Several approaches:

1. Spatial distributions, power maps and spectral fingerprints ‘
(Keitel & Gross 2016)

2.Large scale networks seen in fMRI can be recreated from EEG
(Yuan et al, 2015).

3. Temporal information, microstates and their transitions ‘
(Michel & Koenig 2018).

4. Recurrence plots and RQA, recurrence quantification analysis.

5. Connectivity, functional correlations and many more
I LILINR | OK S & X




Effects of ioad and training.

Two experimental conditions-ldack, 2back, 35 subjects, letter-Nack.

Anatomical Functionalg?”
Mol |lati parcellationlf .
definition PEIEE [T
(90nodes)  (264nodes)
Weighted
correlation
matrices
Binary Threshold &
correlation (0.01-0.6)
matrices

global efficiency | local efficiency |  modularity

Fing Bonng LewandowskaWwolak, Nikadon DreszerDuch,Y N KTyansition of the
functional brain network related to increasing cognitive demands. Human Brain

[ W P o Yo e Tal md ~ o Yatw D e Ya Y B



Brain modules and-cognitive processes

Simple and more difficult tasks, requiring
the wholebrain network reorganization.

Connector hubs

Left: Xback connector hubs
Right: 2back connector hubs

Average over 3participants.

Dynamical change of the landscape of
attractors, depending on the cognitive load
¢ System 2Khanemain

DMN areas engaged in global binding!

|| Fronto-parietal (FP) | [Jl] Defouit Mode M) [l Cinguio-Opericuiar (co)  [JJlJ Dorsal Attention (DA)

B Memory (MEM) B Ventral Attention (vA) [] Auditory (AU) [ visual (vis)
. Somato-Motor (SOM) Salience (SA) Subcortical (SUB) D Other

FincK,BonnaY = X 5YdROSY(201X Yransitionof the functionalbrain networkrelatedto
Increasingcognitivedemands Human BrairMapping38(7), 36593674



https://onlinelibrary.wiley.com/doi/10.1002/hbm.23621/full

SupkFunSim

QpFunSimour libraryMatlab/tollbox, direct models for EHGIEG
Provides many spatial filtefer reconstruction of EEG sourcdsearly constrained minimumariance
(LCMV)eigenspace.CMV, nullingNL), minimuravariance pseudainbiased reducedank (MV(PURE).

Sourcelevel directed connectivity analysizartial directed coherence (PDQ@)rected transfer function
(DTF) measures. Works with FiBlgh EEG MEG software. Modular, objedriented, usinglupyter
notes, allowing for comments and equationd_aT ex

A:=Hg.p =R 'H
B:=Hg,.y :=N""H

8¢8file calculate H Src.m
function model = calculate H Src(MODEL)
model = MODEL;

model.H Src R pinv(sgrtm(model.R)) * model.H Src;
model.H Src N pinv(sgrtm(model.N)) * model.H Src;
end

Rykaczewsl, NikadonJ, Duch W, Piotrowski T. (208)pFunSimspatialfiltering toolbox for EEG.
Neuroinformatics 19, 107125



Atlas of the natural frequenciersssting brain

9.5/18.2 Hz 11.6 /222 Hz
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Frequency (Hz)

Peak frequepmes In - e

selected brain areas _zae
observed using MEG in : ‘ =
the resting brain.

CapillZ ! ®@X | NI-lydzSaNp ot OM. )EXPs)J., & Campo, P. (2021).
The natural frequencies of the resting human brain: An M&<€ed atlas
BioRxi\202111.17.468973



Spectralanalysis

~ Sensor Space ,

[Preprocessing]|!

' |

'| 1-s segments |! _ 1st-level _ 2nd-level
LCMV GM models | I GM models )

|
Artefact : . ||
Rejection : weights AAL Atlas k-means | || k-means
: clustering |, 1| clustering
|
i GM GM

- Single-trial Source Area
ourier spectraji™ ,r5ection average

MRI-MEG Spectral
co-registration normalisation

Create spectral fingerprints of ROIs.

Analyze EEG/MEG power spectra in short time windows;
project them to the source space of ROIs based on brain atlas;
clusterize individual/group to create spectra.

Compare spectral atlas for many brain disorders.

A. Keitel & J. GrosBLoSBiol 14, e1002498, 2016

KomorowskiX 5 dzO K ToRFgiTeatboxdor frequencpased
fingerprinting of brain signalfleurocomputing544, 126236.
ToFFtoolbox

Normalised power-
=



https://github.com/micholeodon/ToFFi_Toolbox

Spectral fingerprints

s«:narPIl dFInedGl sslan | Mm e Col turs

Single
subject

d e ROI

Precentral Gyrus (left)

Group model
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Recurrence plots

CP4,emb=9td =2
sub: testSubject timestamp 26.0

Electrode: CP4, sub: testSubject, timestamp: 26.0
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STFT rep.

=]

Amplitude (pV)

Example of STFT vectors, time windows
~1.25sec, showing a shift and split of the S - -

peak frequency after 20Ms. Frequency Domain (s, s
O1 electrode (occipital area), eyes closed.

| 1
Y i
= [=]
=1 =1

Compare spectra,;SS: many types of
similarity measures may be used.

Which channels have similar spectra?

How long they arenetastable (trapping time)?
How frequent ardransitions?

Recurrence to the same state?

_ ®  CdzNX I Yy MinatigK.¢52dd@BP3), [ @
ShortTime Fourier Transform and Embedding
Method for Recurrence Quantification Analysis
of EEG Time Series.

3
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RQA measures

RR¥ ,becurrence rate density of recurrence points in a recurrence plot:

percentage of recurrence points which form diagonal lines in the recurrence
plot of minimal length/., or predictability of the dynamical system.

N
Z‘Ezfmin £ P(F)

DET = — -
> o1 LP(€)

The averaged diagonal line length:

Trapping time, measuring the average length of the vertical lines




RQA features for 64 electrodes

Eyes closed/open test.

Histograms of the

RQA features for all 98
Subjects, 64 electrodes:

TT (trapping time),

DET (determinism),

L (average diagonal line length).

Histograms of the projection of 320 FS featu
values (5 RQA features x 64 electrodes),
for all subjects, LSVM projection, for all data.ji

UMAP visualization of the 3z2llmensional
Z column vectors.
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Recurrence plots for real data are quite complex, even for a single electrode.
Here RPs for delta and theta ban#&gelectrode.
Dark squares on the diagonal show metastable states, lasting abouh4.00



Simplifying neurodynamics: microstates

Global Field Powed-7 states, 6a150ms.

Khanna et al.2015) Microstatesn
RestingState EEGQ\euroscience and
Biobehavioral Reviews

Symbolic dynamicstatistics of AD symbol
strings.Fuzzy Symbolic Dynamics (FSD) +
visualizations.

Duch WDobos. (2011). Cognitive
Neurodynamics 5, 145



