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What is it about?

ωMutlilevel phenomics and psychological forces. 

ωAttractor networks.

ωSimulations with Emergent.

ωRecurrence Quantification and TDA.  

ωMicrostates + RQA.

ωBrain Disorders.

ω Trajectories and transition probability.

ωSpectral analysis and a few more ideas. 



Multi-level phenomics

2008: The Consortium for Neuropsychiatric Phenomics

άΧ ŎŀǘŜƎƻǊƛŜǎΣ ōŀǎŜŘ ǳǇƻƴ ǇǊŜǎŜƴǘƛƴƎ ǎƛƎƴǎ ŀƴŘ 
symptoms, may not capture fundamental underlying 
ƳŜŎƘŀƴƛǎƳǎ ƻŦ ŘȅǎŦǳƴŎǘƛƻƴέ όInselet al., 2010). 

RDOC NIMHMatrix(6 large scale systems/psychological 
ŎƻƴǎǘǊǳŎǘǎ μ ƭŜǾŜƭǎΥ ƎŜƴŜǎ Χ ōŜƘŀǾƛƻǊΣ ǎŜƭŦ ǊŜǇƻǊǘǎύΦ

Phenomics at different levels will help to define 
endophenotypes. Network level is in the middle and 
connects to the mental and molecular levels. 

Duch W. (2019), ASD and deep attractors in neurodynamics. 
Ch. 13, pp.135-148, Springer Handbook of Multi-Scale Models 
of Brain Disorders: From Microscopic to Macroscopic 
Assessment of Brain Dynamics.

http://www.phenomics.ucla.edu/
https://www.nimh.nih.gov/research/research-funded-by-nimh/rdoc/constructs/rdoc-matrix


Large-scalebrain networks

Classification of mental diseases by Research
DomainCriteria(RDoC),  matrix based on the 
multi-level neuropsychiatric phenomics
describing 6 large brain systems. 

fMRI identified large-scale networksresponsible 
for specific brain function activity.  

Activity of these networks is influenced by: 
genes, proteins, neurons, circuits, 
neurotransmitters, whole physiology, leading 
to specific forms of behavior and brain disorders.  

Duch W. (2018), Multi-level Explanations in 
Neuroscience I: From genes to subjective experiences.



Recent fMRI/EEG/MEG PhD thesis

ωKarolina Finc,  Dynamics and plasticity of human brain functional network during working 
memory task performance. 

Analyzing fMRI data and using graph theory measures, I describe human functional brain network 
changes during increasing demands of working memory task. Training of the challenging task 
increases network segregation and dynamic reconfiguration of the DMN and the FPN networks.

ωKamil Bonna, Neural correlates of prediction errors during reward and punishment learning.  

Investigation of prediction error correlates in the reward-seeking and punishment-avoiding 
contexts from behavioral, localization, and network perspectives supports dual system hypothesis. 

ωaƛŎƘŀƱKomorowski, Locally specific human brain dynamics automatically modeled using 
spectral features of MEG/EEG signals. 

Open-source modular Toolbox for Frequency-based Spectral Fingerprinting (ToFFi), for automatic 
construction of spectral markers of brain activity for a selected atlas of brain areas, at the level of 
individual subjects or a selected group of subjects.

ωEwa Ratajczak, Microstate neurodynamics in HRV biofeedback. 

Neurodynamics specific to HRV biofeedback, and training-related changes in the resting-state brain 
functions, were assessed via EEG neuroimaging, predicting  who responds to biofeedback training.



Brains ė Minds

Neurodynamics: bioelectrical activity of the brain, neural activity 
is measured using EEG, MEG, NIRS-OT, PET, fMRI ...

Psychology: conceptual descriptions. 

Define mapping S(M)ėS(B). BCI: intentions Ý actions, subjective ėobjective
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 states ė movement of thoughts in psychological spaces.  

Problems: 
1. Discretization of continuous processes for explainable, 
    symbolic, verbalized models. 
2. Lack of good phenomenology ς we are not able to describe 
    our mental states. 

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



Kurt Lewin: psychological forces

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

Transitions between mental states are due to the psychological forces, psychodynamics. 
Regions of positive valence are in basins of attractors of neurodynamics.

K. Lewin:  Principles of Topological Psychology (1936); Conceptual Representation & Measurement of Psychological 
Forces (1938); Field Theory in Social Science (1951). 
Duch W. (2018), Kurt Lewin, psychological constructs and sources of brain cognitive activity. 
Polish Psychological Forum 23(1), 5-19.



Hopfield associative memory networks

INNS Webinar 2024

J.J. Hopfield (1982). Neural 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. See my INNS 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:

ύὭὮ ύὭὮ   

Ƴƛƴ Ὁ  В ύὭὮ ὼὭὼὮ

Learning: adjust ύὭὮ 
to create local minima. 
Inference: find ὼὭ patterns that minimize energy. 

Artem Kirsanov

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


Attractor neurodynamics

Hopfield networks and Boltzmann machines belong to a larger 
category of dynamical systems called attractor networks. 

In the Hopfield network system settles in a point attractor, 
in Boltzmann machines stochastic dynamics can lead to metastable 
states, blended states, cyclic or stochastic states.  

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

Amit, D.J. (1992). Modeling Brain Function: The World of Attractor Neural 
Networks. CUP.

Thoughts are chains of transitions between attractor states. 
Attractor networks explain why some information may become 
ƳŜƳŜǎΣ ƻǊ άǳƴƛǘǎ ƻŦ ŎǳƭǘǳǊŀƭ ƛƴŦƻǊƳŀǘƛƻƴέ (Dawkins, 1976), 
integrated into a conceptual framework of the memory system.

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

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


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

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

Can we simulate such maps of activity? 

J.R. Binder et al, Toward a Brain-Based Componential Semantic 
Representation, 2016.
Huth, A. G., de Heer, W. A., Griffiths, T. L., Theunissen, F. E., & Gallant, J. L. 
(2016). Natural speech reveals the semantic maps that tile human cerebral 
cortex. Nature, 532(7600), 453ς458. 

https://doi.org/10.1038/nature17637


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

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

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

Å Each ROI in the brain represented by a neuron in the model. 

Å Follow brain activations to label metastable states, create transition graphs. 



Computational Models

O'Reilly, Emergent simulator, models at various level of detail.

¶ Minimal model with some biological elements, includes 
neurons with 3 types of ion channels, ex, inh, leak.

Models of attention: 

¶ Posner spatial attention; 

¶ attention shift between visual objects. 

Models of word associations: 

¶ 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 as a function of activation. 



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?
Genesis simulator offers more detailed neuron models, but is harder. 

Emergent neural simulator:

R O'Reilly, Y Munakata, MJ Frank, TE Hazy, Computational Cognitive 
Neuroscience, 5th ed, 2024. 

Point neurons with 3 kinds of ion channels.

3-layer model of reading: 

orthography, phonology, semantics = distribution of activity 
over 140 elements defining microfeatures of concepts. 

Hidden layers O-S/O-P/S-P_Hid. 

Brain subnetworks => microfeatures.



Semantic layer, 140 units, node = attractor state, layer ė brain patterns.  
¢ƘŜ ǇŀǘǘŜǊƴ ŦƻǊ ǿƻǊŘ  άŎŀǎŜέΣ  ǳǇǇŜǊ тл ǳƴƛǘǎ ŎƻŘŜ ŀōǎǘǊŀŎǘ ƳƛŎǊƻŦŜŀǘǳǊŜǎΣ 
lower physical properties.   Representation is sparse. Dynamic nodes. 
Concepts/words are identified by relations between patterns of active features.  
Associations = transitions between patterns, can be formed in many ways.

Semantic layer

Example of simulations using Emergent 8.



tSNE ǾƛǎǳŀƭƛȊŀǘƛƻƴ ƻŦ мпл ŘƛƳ ǘǊŀƧŜŎǘƻǊƛŜǎΣ ƎƻƛƴƎ άŦǊƻƳ ǘƘƻǳƎƘǘ ǘƻ ǘƘƻǳƎƘǘέΦ 

Trajectory in 2D



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 transitions? 

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). 



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 contribute to transitions? 

High noise (temperature) => asymptotic freedom.

New stimuli => WTA inhibits current 
synchronization => attractors may dissolve. 

Spontaneous desynchronization due to the leak 
ion channels.  

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



Recurrence plots

Trajectory of dynamical system (neural activities) may be visualized using recurrence plots (RP). 

F. Takens' (1981) delay embedding theorem: a smoothattractor can be reconstructed from 
observations of time-delayed multiple points on the trajectory, ex values of a single component   

xi = [u(t0), u(t0 +t),éu(t0+d.t)]

Recurrence matrix R can be binary or soft, based on approximate equality of N trajectory points 
of d-dimensional vectors. For similarity based on threshold binary matrix Rij is 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 (2007) 237ς329

Õὸ όὭὸ

Ὑ ὛὼὭȟὼὮȟ ὭȟὮ ρỄὔ

Ὑ ‐ ɡ‐ ȿὼὭ ὼὮȿȟὭȟὮ ρỄὔ



flag

rope

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



Probability of recurrence

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



Trajectory visualization

Recurrence plots and MDS visualization of trajectories of the brain activity. 
Here evolution of 140-dim semantic layer activity during spontaneous associations 
in the 40-ǿƻǊŘǎ ƳƛŎǊƻŘƻƳŀƛƴ ƛǎ ǇǊŜǎŜƴǘŜŘΣ ǎǘŀǊǘƛƴƎ ǿƛǘƘ ǘƘŜ ǿƻǊŘ άŦƭŀƎέΦ  

Duch, W., & Dobosz, K. (2011). Visualization for understanding of neurodynamical systems. 
Cognitive Neurodynamics, 5(2), 145ς160



Varley, T. F., & Sporns, O. (2022). Network 
Analysis of Time Series: Novel Approaches 
to Network Neuroscience. 
Frontiers in Neuroscience, 15. 

For more mathematically inclined: 

Caputi, L., Pidnebesna, A., & Hlinka, J. (2021). 
Promises and pitfalls of topological data analysis 
for brain connectivity analysis. 
NeuroImage, 238, 118245. 

Recurrence network

Real brains, ECoG data: recurrence plots 
depend on the similarity threshold e, 
cosine distance,
Takens embedding of oscillatory data 
with dimension d ŀƴŘ ƭŀƎ ˍΦ 
Basins of attractors have different 
resolution based on threshold e.

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


Trajectories

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

tSNE for 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/sources.

Dobosz K, Duch W. (2010)  Understanding Neurodynamical Systems 
via Fuzzy Symbolic Dynamics. Neural Networks 23 (2010) 487-496, 2010



TDA

RESULTS OF THE CLASSIFICATION FOR CORRELATION COEFFICIENT



Persistence diagrams in 
topological data analysis 
(TDA) visualize the 
lifespan of topological 
features (homology 
classes) across different 
scales. 
ForIє(connected 
components) and
Iѕ(1-dim. loops/holes), 
diagrams encode when 
features appear ("birth") 
and disappear ("death") 
as a filtration parameter 
(e.g., distance threshold) 
increases.
ROC for LSVM on 2 
features for adolescent 
schizophrenia data. 



Typical Development vs. Autism

Trajectories show activation of 3 Gaussian prototypes (G1(t),G2(t),G3(t)). 
Neurodynamics depends on properties of single neurons, noise in the system.  

{ǘŀǊǘƛƴƎ ŦǊƻƳ άŦƭŀƎέΦ ±ƻƭǘŀƎŜ-dependent leak channelparameter determines rate of  
spontaneous depolarization of neurons, binc_dt = 0.01 is normal case, binc_dt = 0.005  slows 
depolarization, trapping times are long, fewer states, slow Hebbian learning. 



Typical Development vs ADHD

{ǘŀǊǘƛƴƎ ŦǊƻƳ ǘƘŜ ǿƻǊŘ άŦƭŀƎέΦ ±ƻƭǘŀƎŜ-dependent leak channelparameter determines rate of  
spontaneous depolarization of neurons, 0.01 is normal case, 0.02  leads to fast depolarization.  
¢ǊŀǇǇƛƴƎ ǘƛƳŜǎ ŀǊŜ ǎƘƻǊǘΣ Ƴŀƴȅ ǿŜŀƪ ŀǘǘǊŀŎǘƻǊǎ ŀǊŜ ŦƻǊƳŜŘΣ άŦƭŜŜǘƛƴƎ ǘƘƻǳƎƘǘǎέ ŜƴŘ ƛƴ ǎƘŀƭƭƻǿ 
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



RSVP: typical brain

Normal speed          too fast, speed 5x
associations, context=>understanding 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 presentation, richer dynamics,  
skipping some words,                  more complex internal states, 

no associations    some associations arise (off-diagonal)

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 brain-based semantics, 
links = associations, thinking = transitions between states, following associations. 
Conceptual grid approximates environmental states, but rapid learning distorts relations. 
Strong emotions increase neuroplasticity, but may lead to accidental associations, save mental 
ŜƴŜǊƎȅΣ ŎǊŜŀǘƛƴƎ αǎƛƴƪǎέ ǘƘŀǘ ŀǘǘǊŀŎǘ Ƴŀƴȅ ǳƴǊŜƭŀǘŜŘ ŜǇƛǎƻŘƛŎ ƳŜƳƻǊȅ ǎǘŀǘŜǎΦ 



aŜƳƻƛŘǎ Χ 
Study memory distortions, forces of misbelief. In extreme cases everything is associated with one 
great idea or cause.  ά! ƭƛŜ ǘƘŀǘ ƛǎrepeated a thousand timesōŜŎƻƳŜǎ ǘǊǳǘƘέΦ

World view is totally distorted, mind states form 
one big memplex Χ

Extraterrestials, politics, Nazis, religion, apocalypse, 
ǾŀŎŎƛƴŜǎΣ рDΣ ǇƻƭƛǘƛŎǎ Χ ŀƴȅǘƘƛƴƎΦ 

ωSimplifies dynamics, saves energy. 

The rapid freezing of high neuroplasticity 
(RFHN) model => big attractor basins. 
Overtraining => inhibition of alternatives!

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

Ariely D. Misbelief. Harper-Collins 2023



Brain fingerprinting

Find unique patterns of brain activity:

ω brain regions of interest (ROI),
ω active neural networks,
ωmental 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 
ŀǇǇǊƻŀŎƘŜǎΧ

1

2

3

4



Effects of load and training. 

Two experimental conditions: 1-back, 2-back, 35 subjects, letter N-back.

Node 
definition

Weighted 
correlation 

matrices

Threshold
(0.01 - 0.6)

Binary 
correlation 

matrices

Anatomical 
parcellation
(90 nodes)

Functional 
parcellation
(264 nodes)

CƛǎƘŜǊΩǎ 
z-scores

global efficiency      |       local efficiency      |      modularity

Finc, Bonna, Lewandowska, Wolak, Nikadon, Dreszer, Duch, YǸƘƴ. Transition of the 
functional brain network related to increasing cognitive demands.  Human Brain 
Mapping 38, 3659ς3674, 2017. 



Brain modules and cognitive processes
Simple and more difficult tasks, requiring 
the whole-brain network reorganization. 

Left:   1-back   connector hubs

Right: 2-back   connector hubs

Average over 35 participants.

Dynamical change of the landscape of 
attractors, depending on the cognitive load 
ς System 2 (Khaneman). 
DMN areas engaged in global binding! 

FincK, BonnaYΣ Χ 5ǳŎƘ ²Σ YǸƘƴS. (2017)Transitionof the functionalbrainnetwork relatedto 
increasingcognitivedemands. Human Brain Mapping38(7), 3659ς3674

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


SupFunSim

SupFunSim: our library/Matlab / tollbox, direct models for EEG/MEG. 

Provides many spatial filtersfor reconstruction of EEG sources:  linearly constrained minimum-variance 
(LCMV), eigenspace LCMV, nulling(NL), minimum-variance pseudo-unbiased reduced-rank (MV-PURE).

Source-level directed connectivity analysis: partial directed coherence (PDC), directed transfer function
(DTF) measures. Works with FieldTrip EEG/ MEG software. Modular, object-oriented, using Jupyter
notes, allowing for comments and equations in LaTex. 

RykaczewskiK,  NikadonJ, Duch W, Piotrowski T. (2021) SupFunSim: spatialfiltering toolboxfor EEG. 
Neuroinformatics 19, 107ς125



CapillaΣ !ΦΣ !ǊŀƴŀΣ [ΦΣ DŀǊŎƝŀ-IǳŞǎŎŀǊ, M., aŜƭŎƽƴ, M., Gross, J., & Campo, P. (2021).
The natural frequencies of the resting human brain: An MEG-based atlas. 
BioRxiv202111.17.468973

Atlas of the natural frequencies, resting brain

Peak frequencies in  
selected brain areas 
observed using MEG in 
the resting brain. 



Spectral analysis

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. Gross. PLoS Biol  14, e1002498, 2016 

Komorowski Χ 5ǳŎƘ όнлноύΦ ToFFi ς Toolbox for frequency-based 
fingerprinting of brain signals. Neurocomputing, 544, 126236.   
ToFFi toolbox 

https://github.com/micholeodon/ToFFi_Toolbox


Spectral fingerprints

!Φ YŜƛǘŜƭ ƛ WΦ DǊƻǎǎΣ αLƴŘƛǾƛŘǳŀƭ ƘǳƳŀƴ ōǊŀƛƴ ŀǊŜŀǎ Ŏŀƴ ōŜ ƛŘŜƴǘƛŦƛŜŘ ŦǊƻƳ ǘƘŜƛǊ 
ŎƘŀǊŀŎǘŜǊƛǎǘƛŎ ǎǇŜŎǘǊŀƭ ŀŎǘƛǾŀǘƛƻƴ ŦƛƴƎŜǊǇǊƛƴǘǎέΣ PLoS Biol 14(6), e1002498, 2016 



Recurrence plots



_Φ CǳǊƳŀƴΣ ²Φ 5ǳŎƘΣ [Φ Minati, K. ¢ƻƱǇŀ (2022), 
Short-Time Fourier Transform and Embedding 
Method for Recurrence Quantification Analysis 
of EEG Time Series.

STFT rep.

Example of STFT vectors, time windows 
~1.25-sec, showing a shift and split of the a 
peak frequency after 200 ms. 
O1 electrode (occipital area), eyes closed.

Compare spectra S1, S2: many types of 
similarity measures may be used. 
Which channels have similar spectra? 
How long they are metastable (trapping time)? 
How frequent are transitions? 
Recurrence to the same state? 



RR(ʁ ύ, recurrence rate, density of recurrence points in a recurrence plot:

RQA measures

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

The averaged diagonal line length:

Trapping time, measuring the average length of the vertical lines



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 feature 
values (5 RQA features x 64 electrodes), 
for all subjects, LSVM projection, for all data.

UMAP visualization of the 320-dimensional 
Z column vectors.

RQA features for 64 electrodes 

CǳǊƳŀƴ _Σ ¢ƻƱǇŀ K, Minati L, Duch W. (2022)  Short-Time Fourier Transform and Embedding Method for Recurrence 
Quantification Analysis of EEG Time Series.  European Physical Journal Special Topics, 1-15, (2022)

https://www.springer.com/journal/11734


Recurrence plots for real data are quite complex, even for a single electrode. 
Here RPs for delta and theta bands, Fz electrode.  
Dark squares on the diagonal show metastable states, lasting about 100 ms. 

Recurrence plots d, q



Simplifying neurodynamics: microstates

Global Field Power. 4-7 states, 60-150 ms.

Khanna et al. (2015) Microstates in 
Resting-State EEG. Neuroscience and 
Biobehavioral Reviews. 

Symbolic dynamics: statistics of A-D symbol 
strings. Fuzzy Symbolic Dynamics (FSD) + 
visualizations. 

Duch W, Dobosz K. (2011). Cognitive 
Neurodynamics 5, 145


