oV

Neurodynamics ;
and recurrence quantlflcatlor%%

for analysis of EEG data.
2 02RI Aa0l g 5 dzOK

Neurocognitive Laboratory, Center for Modern Interdisciplinary Technologies
& Dept. of Informatics, Faculty of Physics, Astronomy & Informatics,
Nicolaus Copernicus University 2 N.Bofand
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Neuroinformatics
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Bioi Neurcoinformatyki.

WbSAZNPAYTF2NXYIF Gl G2
s NBS2 Y20yl R2ai0l 6
1979ComputerTomography

w{eYdzZ 0O2S b LYUSNLINBGIFO2I &aeéedayl Us

W Perspektywyneurotechnologii

W Planujemyz UW/IPPT++ aokupodsumowanieR T A | O Z
w Polsce

G58Y I YATEFS FYyFEATE YFGSYL 8% .l_JﬁQ@\

O
malﬂaurmeﬁut


https://damsi.umk.pl/en/centre/neuroinformatics-and-artificial-intelligence/

On the thraess

Final goal optimize brain processés

To repair damaged brains and increase efficiency of
healthy brains we need to understand brain processe: GER

1.

2.

e

Createmodels of cognitive architecturdblat help
to understand information processing in the brain

Findfingerprints of specific brain activifyegions,
subnetworks) using neurotechnologies.

Creatediagnostic and therapeutic procedures

Useneurofeedback decoding local activity and
functional connectivityo stimulate the brain

Stimulate neuroplasticityn a closed loop,
monitoring brain activity and applying TMS, DCS,
and other forms of neuromodulation.

UKNSaK2ftf R

Gtecwireless NIRS/EEG on my he



Brain disorders are-costly

HEAVY BURDEN ADDICTION Direct health-care costs I

Six categories of illness account for more than B €277 bn Direct non-medical costs [l
half of the costs of brain disorders in Europe. T £13.6 b : Indirect costs
Gy,

Indirect costs — such as working time lost to
illness — are responsible for about 40% of the
total financial burden.

ANXIETY DISORDERS

. S Iy I €46.3 bn
€65.7h €0.1bn

DEMENTIA
I €17 bn
€105.2bn | N €00.2 bn

U HEADACHE

BILLION n
MOOD DISORDERS

& I €26 bn
7 ciiaapn | €15.4 bn

PSYCHOTIC DISORDERS

:£93.9bn —629 bn
S ' - ~* No data

Current costs well over 1000 bn?
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loan Opris
Manuel F. Casanova Fditors

Books

Vahid Asadpour
Andries Engelbrecht

Brain Computer Interface
EEG Signal Processing

Narayan Panigrahi
Saraju P. Mohanty

Modern
Approaches
to Augmentation
of Brain Function

@ Springer

SPRINGER BRIEFS IN
ELECTRICAL AND COMPUTER ENGINEERING

Chr i .'A»-\,“lztww'i'; N/
Ginter Edlinger Editors

- Brain—Computer
Interface Research
A State-of-the-Art
Summary

B am Disorders

Integrated Neural Gircuits Supporting
the Emergence of Mind

@ Springer

SPRINGER BRIEFS IN
ELECTRICAL AND COMPUTER ENGINEERING

Brain-Computer
Interface

Research
A State-of-the-Art
Summary 9

) Springer

1 e g
*-| ; ‘-f'. ...
KL 901&‘) 6
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Interface -

SPRINGER BRIEFS IN AUGMENTATION OF BRAIN
ELECTRICAL AND COMPUTER ENGINEERING FUNCTION: FACTS, FICTION
AND CONTROVERSY

'VOLUME I: BRAIN-MACHINE INTERFACES

\
X ‘%}ég ! . Novel
° neurotechnologies:
(1001 1! ° rotecnn S
o J LT | - > intervening in the brain
Cae +‘ °

Brain-Computer

' Interface
Research
A State-of-the-Art
| Summary 10
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Nonrinvasive, partially invasive and invasive methods carry increasing amot
of information, but are more difficult to implement.
EEG+ML still reigns supreme!

Supervised

Classifiers
(LDA, SVM)

I/0O Models for

Frequency Regression

Analysis (FIR, NN

: Decision
(Continuous) T I Process

Rate Coding

{Semi- Semi-Supervised
Continuous) Reinforcement
Learning

Spikes . Trajectory
(Point Unsupervised
Metrics
State
Machines
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Over -30.companies

NeuroskyMindWaveMobile 2 GTec,0OpenBCl
ANTneuro,WaveguargdGoogle Wireless EEG



https://store.neurosky.com/pages/mindwave
https://www.google.com/search?q=Wireless+EEG

BCltools

Combination of Virtual Reality with BCI has great potential.

InteraXon Looxid Labs Neurable




HD DCS a3 CBI

Reading brain states =>
transforming to common
space => duplicating in
20KSNJ 0NI Ay a
Depression, neurplasticity,
pain, psychosomatic
disorders, teaching!

Multielectrode DCS
stimulation with 256
electrodes induces changes
In the brain increasing
neuroplasticity.

Butno-one really knows
gKe Al 62NJ a



BCBI:: BrakComputerBrain

Bidirectional BCI
, External
Decode Encode >>> <<< — Controller
brain state stimulation — -:

Wireless data
& power

v

Recording

S Sense & Actuate
amplifier

Record Stimulate brain for

brain ==~ sensory feedback
signals

BCI + brain stimulation = B&E closed loop through which the brain begins
to restructure itself. The body can be replaced by signals in Virtual Reality.



Invasive brain computanterfaces

d 1] ‘I'.-lrl mnT
1 |
3

A ||| . ' |J_ I
i ;'I%I I-I| __|"I|| .||Il‘--||-| rh

People with Parkinson's disease or compulsigsessive disorder who
have pacemakers implanted in their brain can regulate their behavior with
an external controller.



Epilepsy

The RNS® System

Responds in real time

The neurostimulator and detector stops attacks of dragistant epilepsy
before cramps occur. About 1% of people in the world have epilepsy.




Intracortical array _
with 192 electrodes. Ao M ’
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A milllon nanowires in the brain?

DARR initiative Neural Engineering System Design (NE&) other projects.

An interface that reads the impulses of°X@®urons, stimulates Fheurons,
simultaneously reads and stimulates®I@urons.

DARPA awarded grants to research groups for projects under the program
Electrical Prescription&(ectRY whose aim is to develop BCBI systems
modulating the activity of peripheral nerves for therapeutic purposes

Neuraldust¢ microscopic wireless sensors in the brain.

Elon Musk and the mueheralded technologyeuralink(neurallace).



https://www.darpa.mil/program/our-research/darpa-and-the-brain-initiative
https://www.darpa.mil/program/electrical-prescriptions
https://en.wikipedia.org/wiki/Neural_dust
https://neuralink.com/

Biomarkers from fMRI

Data Acquisition Image Preprocessing Feature Selection
(three sites in Japan) -
s 2 i . n’ Model for ASD
ff'ﬁ’ PR & CEgs
' ‘_‘z e q;q SLR
@ D 5 L1-SCCA
ASD Ayl
(N=74) Models for other covariates
Demographic Medication

» properties status

f &.} Time course from Correlation matrix
fi’ each region among 140 regions

TD

‘ : 181 matrices with
Per subject diagnostic labels
AUC =0.57

AUC = 0.93 C P=0.65
P=6.7x10"2 ASD

Accuracy

N. Yahata et aRsychiatry and Clinical Neuroscien2@$7:71



Biomarkers: of mental disorders

Functional connectivity-based Recasting current nosology in more
classifiers for mental disorders biologically meaningful dimensions

|

|

Normal _—
(typically-developed)
i
/

»
Each axis represents proneness to
a specific disorder derived from the

corresponding FC-based classifier.

MDD, deep depression, SCZ, schizophrenia, OCD, obsessipalsive disorder, ASD
autism spectrum disorder. fMRI biomarkers allow for objective diagnosis.

N. Yahata et aRsychiatry & Clinical Neuroscien2047;71. 215237

Use it in neurofeedback.







Recent PhDs

W KamilBonng Neural correlates of prediction errors during
reward and punishment learning (UMK2 NJXzZ

w a A O Kdm@rowskiLocally specific human brain dynamics
automatically modeled using spectral features of MEG/EEG
signals (IPPT PAN, Warszawa).

W EwaRatajczakMicrostate neurodynamics in HRV biofeedback
(UMK¢ 2 NHzZ



Brain fingerprinting

W Find unique patterns of brain activity, identify:
w ONIAY NBIAZYyAEA 2F AY
w OUAGS ySdaNI f ySigég2z2N]

Ve

w fAY] 6AGK YSydlt adl

Several approaches:

o

W 1. Microstates and their transitions, GFP+SD ‘
(Michel & Koenig 2018)

2. Spectral Fingerprints (Keitel & Gross 2016)

3. Recurrence quantification analysis.
nd® FawlL VS iBp@uid 29150 . dzl
5. Contextual Connectivitf{ricet al. 2018)

Y
©

€ € Echam

6. Reconfigurable tasttependent modes
(Krienenet al. 2014)

1) ¢5! 3> YIFyeée Y2NB I LILINE

e




EEG localization and reconstruction

Dipo!e model Distributed model

—— v 2
d; = argmin || ¢ —Z.‘K)dj £
7

Rotating dipole

= Moving » Rotating
- Fixed

He et al. Rev. Biomdfng(2018)

Sparse and Beamforming and
Bayesian framework scanning algorithms

i=ar%min vz, +eall#ll,

ST. | p—Kj |l gi*< &

IRES Beamformer (VBB)

MN (£;) family

i= arg}min Il d—571,%+ 207 II,°
f=T¢p =3 (KI" + D'
MN

« LORETA

Nonlinear post hoc
normalization

’4nn—Tﬂl4l¢

S, =K' (KXK' +al)'K

= 7@ (154160) " # mn(®
sLORETA




Spatial filters

W LCMV (Linearly Constrained Minimum Variance), classical reconstruction filter,
is a solution to the following problem: how measurfgdon scalp relate to sources
K- leadHield matrix; g ¢ dipole positions,j ¢ activations; W ¢ spatial filter,leadfield

B=0(Y @, BB, GO( U F L
W LCMV has large error if:
w az2dz2NDOSa N5 O2NNBf |l 0SRZ
w aA 3y I ratio (SRRjsylov 0B S
w T2NBI NR -doidiBonedSY A a Af f

W Minimum variance pseudanbiased reducedlank, MVPURE:
T. Piotrowski, |I. Yamada, IEEE Transactions on Signal Pro66s3u#1@83423, 2008

W =(arg minHWK(é’) —1,
jeY WeXxX,

2
J

whereX is a set of all matrices of rank at m@stnd set denotes all unitary norms.
We use 15000 verteixreeSurfebrain tessellation together with brain atlases that
provide parcellation of the mesh elements into P80 cortical patches (ROISs).



S 2

w

SupkFunSim

SupFunSimour libraryMatlab/tollbox, direct models for EEG/ME&; GitHuh

Provides many spatial filters for reconstruction of EEG sources: linearly constrai
minimumvariance (LCMV), eigenspace LCMV, nulling (NL), miniratiance
pseudeunbiased reducegank (MMt | w9 0 X

Sourcelevel directed connectivity analysis: partial directed coherence (PDC),
directed transfer function (DTF) measures.

Works withFieldTripEEG/ MEG software. Modular, objexiented, usinglupyter
notes, allowing for comments and equationd_ialex

A=Hg p:=R”H
B:=Hg,.y :=N"'"2H

88file 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

K.Rykaczewski.Nikadon W. Duch, T. Piotrowsleuroinformaticd9, 107125, 2021.



https://github.com/IS-UMK/supFunSim.git

Understanding brains: ERP

ERP characteristics

What do brain signals tell us?
Evokedpotentials

W Visualevokedpotential VEPSSVEP
W Auditoryevokedpotential AEP

W Somatosensorgvokedpotential SEP
W Motor evokedpotentials MEP

EventRelated Potentials, higher cognitive processing.

ERR; most popular, average of many trials.

W Negativity:N100wVisual NXoN170wN200wN2pcwN400

W Positivity:P2000wP300wP3awP3bwlLate positive componenrbP600
W Contingentnegativevariation(CNV)Errorrelated negativity(ERN)
W Mismatch NegativitfyMMN), Centreparietal positivity(CPP)



https://en.wikipedia.org/wiki/Evoked_potential#Visual_evoked_potential
https://en.wikipedia.org/wiki/Steady_state_visually_evoked_potential
https://en.wikipedia.org/wiki/Evoked_potential#Auditory_evoked_potential
https://en.wikipedia.org/wiki/Evoked_potential#Somatosensory_evoked_potential
https://en.wikipedia.org/wiki/Evoked_potential#Motor_evoked_potentials
https://en.wikipedia.org/wiki/N100_(neuroscience)
https://en.wikipedia.org/wiki/Visual_N1
https://en.wikipedia.org/wiki/N170
https://en.wikipedia.org/wiki/N200_(neuroscience)
https://en.wikipedia.org/wiki/N2pc
https://en.wikipedia.org/wiki/N400_(neuroscience)
https://en.wikipedia.org/wiki/P200
https://en.wikipedia.org/wiki/P300_(neuroscience)
https://en.wikipedia.org/wiki/P3a
https://en.wikipedia.org/wiki/P3b
https://en.wikipedia.org/wiki/Late_positive_component
https://en.wikipedia.org/wiki/P600_(neuroscience)
https://en.wikipedia.org/wiki/Contingent_negative_variation
https://en.wikipedia.org/wiki/Error-related_negativity
https://en.wikipedia.org/wiki/Mismatch_negativity
https://www.nature.com/articles/s41598-019-41024-4

Understanding brains: microstates

GIObaI EEG POWGI’. Schematic Controls vs. SCZ
4-7 states, 6€150ms. /.| mm— & | —

Khanna et al.4015)
Microstatesin
RestingState EEG. '
Neuroscience and B A B
Biobehavioral
Reviews B -

Symbolic dynamics
statistics of AD
symbol stringsFuzzy
Symbolic Dynamics
(FSD) + visualizations

Duch WDobosZ.
(2011). Cognitive =3
Neurodynamics 5, 145

Dobosz, Duch W.
(2010). Neural Networks,
23(4), 48¢496.

Y
o

Fronto-Temporal
Dementia

AN
o

Panic
Disorder

)
=}

Percent change in microstate duration of
condition vs. control

Schizophrenia

@
=]




Microstates and their sources

Michel, C. M., & Koenig, T. (2018). EEG microstates as a tool for studying the tempc
dynamics of wholdorain neuronal networks: A revieMeurolmage180, 5771593.




HRMEEGeedback

Influence of HRV biofeedback training on microstate
and fluent intelligence (PhD &waRatajczalk

W distinguished 9 microstates during HB¥B;
W #5 (G): prefrontal and right temporoparietal areas

W #9 (E): left hemispheric prefrontal cortex, insular
cortex and temporoparietal cortex

Visually guided somatosensory and affective control.

R|(v) | XY.Z)=(22-55-16)[mm] ; (0,00E+0) ; 1

#1 #2 #3
C B A




HRVEEGraining

HRVBFB training increased activation of microstates
W #4 (D): attentional/cognitive control network :

w #7 (F): insula/circuit network ()
W Related to neural activity in EE@ndd bands,
neuroplasticity.

W Switching between external/internal attention
networks, enhanced cognitive control.

R|(Y) | XY.Z)}=(6,4-15)mm] ; (756E-3) ; 1




EEG and neurodynamics



Atlas of the natural frequencieresting brain

Peak frequencies in AR Susfaae

selected brain areas b Wite

observed using £ .SZJ roco " oy B

MEG in the resting @&y % @ )

brain, averaged PG o
over 128 people. 14.9Hz o .
Individual ol " =5 P ——

differences?

) SOGL . SPG-L PoCG-R
Brain disorders? %o@ @

20.1 Hz 23.3 Hz 27.1Hz

il S -

10 20 10 20 30 10 20 30
PoCG-L ., PreCG-R

CapillZ ! ®@X | NI-lydzSa )t OM. )EIods)J., & Campo, P.
The natural frequencies of the resting human brain: An {&<&d atlas
Neurolmage258 (2022) 119373



Spectralkanalysis

~ Sensor Space ,
Preprocessing |,
|

1-s segments |! _ 1st-level . 2nd-level
LCMV GM models |, 1+ GM models

|

|

|

: I

| Artefact :

| . |

: Rejection ' weights AAL Atlas k-means | k-means
| : | clustering clustering
' |

I

| |

! J

. Sipgle-trial Seuree = —
(Fourter spectral; ™} projection average

i IR Spectral | "TTTTTTTOC é _e_ct—re_il—P_r_ f_ilés
co-registration normalisation P "

Suppl. Motor Are:

Create spectral fingerprints of all ROIs.

Analyze EEG/MEG power spectra in 1 sec timdj
windows; project them to the source space of i
ROIs based on brain atlas;

clusterize individual/group to create spectra.

Normalised power-
=

A. Keitel & J. Gross. Individual human brain areas c
be identified from their characteristic spectral
activation fingerprints.

PLoSiol 14, 1002498, 2016



Spectral fingerprints

Scatter Plot and Fitted Gaussian Mixture Contours

Modei 0
Modelt

Single
subject

|
d e ROI

€<

Precentral Gyrus (left)

* Plctures from Keltel & Gross 2016 and Fieldtrip Group model

One ROI, two or more spectra. Static picture showing natural frequencies.
' ® YSAGSES Wo DNRAaar alLyRAQGARIZ £ KdzYly 6
ALISOGNI £ | Ol A ®LoSBiola4(6), E1002ME RUENA v (§ & € =




Spectral fingerprints

HCP-RUN 2 N=88 HCP-RUN 2 N=88

. Raw spectral modes in ROl 2: Precentra _  Raw spectral modes in ROl 11; Frontal_Inf Oper L
Raw spectral modes in ROI 1: Precentral_L 1.5 - - -
—1-T=41%
2-T=61%

=
i
=
(&}
(=3
=)
@
L
@
c
L
(=]
=

10 20 5 10 20 5 o . . 10 20
Frequencies (Hz) Frequencies (Hz) Freguencies (Hz)

W Example of spectra showing modes of oscillation characteristic to precentral left
and right gyrus, and much more complex opercpilaint of inferior frontalgyrus.
MEG data from the Human Connectome Project (HCP).



Spectral:kingerprint Challenges

The brain contour
of neurofeedback External chains of the neurofeedback system

Feedback

Electrodes

Amplifier

= . Source O. R. Dobrushinet al. Front. Hum. Neuroscil4, 2020
a A O Kdm@rowski

Method was tested for MEG® Can we extract W Can we do it in real time
restingstate data, now features that will be for neurofeedback
applied to EEG récordings. useful as biomarkers applications?

for brain disorders? _ _
i G “ > & B de®d K Are linear constraint
R ROMOTOWS z OdlmihlR Variance filters

ToFFt+ Toolbox for Frequenelgased Fingerprinting of (LCMV) sufficient for signal

Brain Signals. Neurocomputing (revisedrxives. reconstruction?



Spectral fingerprints of cognitive processes

Decompose neurOdynamICS Into a Local activity

activations of subnetworks binding
ROIs at specific frequencies.

b Coherent
oscillations
(spectral

Oscillations can rapidly change, fingerprints)
each ROl is engaged in different
subnetworks for short time periods. [gs—"

This is reflected very crudely in G
microstates, recurrence plots show ; £ < €
more precise information. Coriputition! ‘Compiletion? Computation’’ Coputatio 4

= e we w= Frequency i ii, it iv, v Cognitive variables

Figure 4 | Large-scale spectral fingerprints of cognitive processes. Schematic

Slege’l M . Don ner’ T. H . &ngej A. K_ illustration of how coherent oscillations provide ‘spectral fingerprints' for regrouping of

cognitive processes 1-3. a | Studies of neuronal activity in individual brain regions (circles)

(20 12) S pectrah n gerprl ntsof |arge_ elucidate the activation of different regions (bold circles) and the encoding of

various cognitive variables (Roman numerals) during different cognitive processes.

SCaI eneuron al I nte ractl ons Several cognitive variables (for example. different sensory features) are simultaneously

encoded in each region, but for simplicity only one variable is depicted per region. Note
1 I that the pattern of local activity and encoding can be similar between processes.
N atu re ReVI ewg\l euroscien C’d' 3’ 1 2 1 b | Coherent oscillations allow for the characterization of the interactions between

different brain regions (coloured lines) during different cognitive processes. The frequency

of these oscillations (indicated by the colours) allows the corresponding network



Recurrence analy:




Recurrence Quantification Analysis

Signal representation: up to 256 channels, sampling 512 Hz.
Takengheorem: attractors are recreated from signals sampled usmg-delay

embedding, vector&i= (U, U o € Uqmuov).
Heremis the embedding dimension, atdis an index enumerating time delays.

Works for simple dynamical systems, but EEG/MEG is not simple at all.

Alternative representation: STFT, shows power distribution in subsequent time
windows. Here changes of spectrum every hi¥) O1 electrode.

Recurrence matrices: 1 if closer tharD otherwise; or use color for distance.

R, t;e)= @ efxt) x0|)

Recurrence plots: plot matrices to see the dynamics.
Visualize trajectories.
RQA: calculate various statistical measures based on recurrence matrices.



Simulations

Emergenteural simulator:

Aisa B., Mingus, B., and O'Reilly, R
The emergent neural modeling system. ‘
Neural Networks, 21, 1045, 2008. @ :l

Point neurons with 3 kinds of ion channels

Semantics

3-layer model of reading:

. " S
orthography, phonology, semantics = .
distribution of activity over | -
140 microfeaturegdefining concepts.
Hidden layers OS/O8P_Hidn between.

In the brain: microfeature = subnetwork. OShidden SPhidden
Learning: mapping one of the 3 layers to %
the other two, LEABRA algorithm. q al |
Fluctuations around final configuration = o -Llie 1‘.;'1 m“%"é

: J i ﬁl“ 11 LY
attractors representlng concepts. """" TEIEE MR “““\‘

How to see trajectory of neurodynamics, ekl e

attractor basins, transitions?



[rajectory visualization

Recurrence Plot Multidimensi

1800

1600

1400

1200

1000

kOO0

400

u]
200 400 600 800 1000 1200 1400 1600 1800 2000

Recurrence plots and MDS visualization of trajectories of the brain activity.

Here evolution of 14@lim semantic layer activity during spontaneous association:
inthe406 2 NRa4 YAONRR2YIAY A& LINBaSyidaSREZ
Trajectories may be displayed ust8NE UMAP, MDS or our FSD visualization.
|ldentify metastable states, calculate trapping times, recurrence rates, entropy ...



Recurrence network

Real brainsECoGQGlata: recurrence
plots depend on the similarity
thresholde cosine distance,
Takenembedding of oscillatory
data with dimensiord| Y R | 3

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

Frontiers in Neurosciencks.
10.3389/fnins.2021.787068

For mathematically inclined:

Caputj L.,PidnebesnaA., & Hlinka, J.
(2021). Promises and pitfalls of
topological data analysis for brain
connectivity analysis.
Neurolmage238, 118245.

£ =10% of Max Dist
0 .
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’
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https://www.frontiersin.org/article/10.3389/fnins.2021.787068

t/f rep and bumps

High frequency
intermittent signals,
and low beta strong

Wavelet transform

- - S signal, h wavelet
actlvatlon,Ec;gCijata, W, time-frequency map
BCI Competition Il . Wf.s‘f.ﬂ‘_’: feh

Mscthesis of MSzupke
(2011), usindeEGLab

Bump decomposition 1 /1

@
=
~J
w

Frequency (Hz)

1.61618 4.84853



STFT vs. embeddi

Takendheorem: attractors are
recreated from signals sampled
usingtime-delay embedding,
vectorsXi= (U, U 4o € Upmuor).
Heremis the embedding
dimension, andJis an index
enumerating time delaysggd.

Amplitude (pV)

Alternative representation: STFT,
shows power distribution in
subsequent time windows. Here
changes of spectrum every 1@tk
O1 electrode.

2@ 5dzOKZX ¢® OCKNaY, |
ShortTime Fourier Transform and
Embedding Method for Recurrence
Quantification Analysis of EEG Time

Series. The European Physical Journ;
DOI: 10.1140/epjs/s11734-022-00683-7

A
2

1.0
Time (s)]

Frequency Domain {ffty, ftz, fft)



https://doi.org/10.1140/epjs/s11734-022-00683-7

Time/frequency spectrograms & RPS

Information in t/f Spectrogram

spectrograms is Recurrence Plot
represented in
recurrence plots, that
can be analyzed using
RQA, recurrence
guantification analysis
to extract nonlinear :
features characterizing 0 10 20 3.0
dynamics, see “%0 08 16 24 32 e}
recurrenceplot.tk s

Freq (Hz)

Frequency Domain

Pipelines: raw signal to
X emb)orY (STFT) to
recurrence matrix to
non-linear features.
U=>X=>RX=>FX
U=>Y=>RS=>FS

Power (uV?)

15.0
Freq (Hz)



http://www.recurrence-plot.tk/rqa.php

Recurrence plotd , Q

Electrode: Fz, delta band, embedding 4, time delay = 0
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UnthresholdRPs for delta and theta bandszelectrode.

Distance scale changes parameters of the metastable states along diagonal, and
influence nonlinear parameters. dz] Fuéran buildBrainPuls¢ools for analysis
of RPsThis movieshows changes of t/f spectra, RPs and STFT power spectra.
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