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How can we find fingerprints of specific activit
of brain structures (regions, networks)?

Al and mind/brain theory.

Braine Mind relations.

Brain networks; space for neurodynamics.
Fingerprints of Mental Activity.

Dynamic functional brain networks.
Neurocognitive technologies.
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Final goal Use your brain to the max
Optimization of brain processes?

Duch WNeurocognitiveénformaticsManifesta In: Series of Information
and Managemen&ciencesCaliforniaPolytechnicStateUniv 2009



file:///D:/public_html/cv/09-NeuroCog-Manifesto.pdf

Al and abstract models
of mind/brain



Al in Europe

Communication From The European CommissiBryssels, 25.4.2018

Artificial Intelligence for Europe.
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our society and our industry. Al is one of the most strategic technologies of t
21st century. The stakes could not be higher. The way we approach Al will
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In the period 20142017 NP dzy R MdmM . ¢ K-lelated deSeSrgh
and innovation under the Horizon 2020, in big data, health, rehabilitation,
transport and spaceriented research. Investments in neuromorphic chips,

high-performance computers, flagship projects on quantum technologies and
mapping of the human brain are also important.

t dzof AO YR LINAGIGS 9! aSOui2NAR aKz2d
2020 and more than EUR 20 billion per year over the following decade.
PanEuropean network of Al excellence centers will be created.
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A Standard Model of the Mind

Laird JH,ebiereC, & Rosenbloom, PS (2017). A Standard Model of the Mind:
Toward a Common Computational Framework across Artificial Intelligence,
Cognitive Science, Neuroscience, and RobakicMagazine38, 1326.

Laird: A mind is a functional entity that can think.

Newell: Mind is a control system that determines behavior of organism
iInteracting with complex environment.

Cognitiveinformatics, N
A _ eclarative
Neurocognltlve Informatics Long-term Memory

BICA = Brain Inspired
Cognitive Architecture.

Review: DuchQentaryq
PasquierCognitive
architectures: where do we

go from her® 2008

:
Procedural
Long-term Memory

Working Memory
C—



https://fizyka.umk.pl/publications/kmk/08-AGI.html

Unified theories of brain functions

Physics principle of least action => laws of mechanics: Newtorliagrangian
Hamiltonian, and general relativity (Hilbert) equations of motion.

Artificial Intelligence search in problem spaces (Newell, Simon).

Cognitive systentsminimization of surprise or prediction errors, active
iInference, selorganization to minimize surprigsensory) ensure homeostasis,
select a limited number of internal action states.

Mathematical formulationis based on variational Bayesian methods.
Behavior = F(Brain State, Sensations).

Brain State depends on stimsgland latent internal parameters of the model
(agent)m while surprise is measured by entropy:
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Free energy

We do not know the latent parametersof the model, but may estimate free
energy to find the upper bound:

F(t)2 L(t)

Free energy principleHriston an information theory measurgEthat bounds
from above the surprise on sampling some data, given a generative model.

Adaptive systems (animals, brains) resist a natural tendency to disorder
Perception optimizes predictions. Action minimizes prediction errors.

The freeenergy principle (FEP): any satganizing system that is at
equilibrium with its environment must minimize its free energy.

Maximum a posteriori estimatioMAP estimation) <= EMXpectation
maximization algorithm extension from single most probable value of hidden
parameters to fully Bayesian estimation of an approximation to the

entire posterior distribution p(¢/] s) of the parameters and latent variables.



https://en.wikipedia.org/wiki/Maximum_a_posteriori_estimation
https://en.wikipedia.org/wiki/Expectation-maximization
https://en.wikipedia.org/wiki/Posterior_distribution

Free energy

The freeenergy principle (FEP): any satfanizing system that is at equilibrium
with its environment must minimize its free energyredict => activenference

Constraints for brain
architecture: EST,
Evolutionary Systems Theory
(Badcock2012).

Combination of FEP with EST
IS a candidate for standard
theory of cognitive systems.

Still only a sketch of a theory.
Can FEP be derived from
computational neuroscience?




Brainse Minds

Define mapping S(M) S(B), as in BCI.
How do we describe the state of mind?
Verbal description is not sufficient unless words are

represented in a space with dimensions that
measure different aspects of experience.

Stream of mental states, movement of thoughts
e trajectories in psychological spaces.

Two problems discretization of continuous
processes for symbolic models,

and lack of good phenomenologyve are
not able to describe our mental states.

Neurodynamics: bioelectrical activity of the
brain, neural activity measured using
EEG, MEG, NIRH, PET, fMRI

E. Schwitzgabel, Perplexities of Consciousness. MIT Press 2011.



Brain networks:
space for neurodynamics



Fluid nature Connectome Project

Development of brain in infancy: first learning how to move, sensorimotor
activity organizes brain network processes.
The Developing Human Connectome Prajeotate a dynamic map of human

brain connectivity from 20 to 44 weeks pasinceptionakge, which will link
together imaging, clinical, behavioral, and genetic information.

Pointing, gestures, prenguistic (ouBabyLah

Low-creative network

v Ny Prefrontal

\ Tempdral

Cerebellun

Brainstem



http://www.developingconnectome.org/

Multi-level phenomics

Instead of classification of

mental disease by symptoms use
Research Domain Criteria
(RDoQ matrix based on multi -
level neuropsychiatric
phenomics describing large
brain systems deregulation.

self context
1. Negative Valence Systems, therapies, TMS

Mindfulness,

2. Positive Valence Systems
. Positive affect

3. Cognitive Systems dACCIVMPFC
4. Social Processes Systems
5. Arousal/Regulatory ROFE

SyStemS Striatum Striatum
Include genes, molecules, cells,
circuits , physiology, behavior, opanie
self-reports and paradigms. noradrenaline

reuptake
inhibitors

o

Negative affect

ACC/MPEC

Insula

Amygdala A Amygdala

O  Serotonin ® Cognitive
|| reuptake behavioural

' inhibitors, DBS therapies

Attention Cognitive control

msPFC DLPFC DLPFC
LPFC. LPFC

‘ al al | PCG PCG
alPL

DPC DPC

Precuneus

Attention ® Cognitive
training, training, TMS
stimulants




Mental state: strongcoherent activation
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Many processes go on in parallel, controlling homeostasis and behavior.
Most are automatic, hidden from our Self. What goes on in my head?

Various subnetworks compete for access to the highest Evabdntrol-
consciousness, the winnésikesmost mechanism leaves only the strongest.
How to extract stable intentions from such chaos? BCI is never easy.



Brain networks: canvas féhe mind

ROI=brain Region
of Interest

Connections

Nodes

Somatomotor

Visual

Bassett DSSpornd0: NetworkneuroscienceNature Neuroscience 2017



Human connectome and MRI/fMRI

Nodedefinition (parcelation)

Structural connectivity Functional connectivity
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Graph theory Whole-brain graph

=] Modularity | Binary matrix
4 -

B Correlation
G matrix
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Path & efficiency

Many toolboxes available for such analysis. Bullmore& Sporng(2009)



NeurocogmtlveBaS|s of Cognitive Control
. | Networks

FPN (fronto-parietal)
. CON (cingulo-opercular)

3 b g : .SAN (salience)

e —V\ / .DAN (dorsal attention)
| Stlenton Flexible

. N hubs IVAN (ventral attention)

I OMN (defauitmode)
Motor & somatosensory

Centralrole of fronto-parietal (FPN) flexibl@ubs in cognitive control and
adaptive implementation of tas#emands (black lines=correlations significantl
above network average). Cole et @013).




In search of the sources
of brain's cognitive activity
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TECHNOLOGIES of experimental biology



My group of neurecogfanatics
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Possible form oBrain Fingerprints

fMRI: BFP is based af(X,t) voxel intensity of fMRI BOLD signal changes,
contrasted between task and reference activity or resting state.
EEGspatial,spatiotemporal, ERP maps/shapes, coherence, various phase
synchronization indices.

Spatial/Power direct localization/reconstruction of sources.
Spatial/Synch changes in functional graph network structure.
Frequency/Power ERS/ERD smoothed patternX Ef).

ERP power mapsspatiotemporal averaged energy distributions.
EEG decomposition into component€A, CCA, tensor, RP ...
EEGnicrostates, sequences & transitions, dynamics in ROI space.
Model-based:The Virtual Brainintegrating EEG/neuroimaging data.
Spectral fingerprinting (MEG, EEG), power distributions.

0 N O

Neuroplasticchanges of connectomes and functional connections as result:
training for optimization obrainprocesses.



Finn et al. (2015Functional connectome fingerprintingdentifying
Individuals using patterns of brain connectivi§ature Neuroscience.
Top: highly unique; Bottom: highly consistent connections.
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ASDpathological connections

Comparison of connections for ) | IS, X
patients withASD(autism A )
spectrum) TSCTuberous
Sclerosiy andASD+TSC.

Coherence between electrodes.
Weak or missing connections
betweendistant regions
prevent ASD/TSC patients from
solving more demanding
cognitive tasks

Network analysis becomes very |
useful for diagnosis of changes
due to the disease and learning
correct your networks

J.F-GlazebrookR.Wallace Pathologiesn functional connectivity, feedback
controland robustness CognProces$2015) 16:t16



Selected connections

a Anterior ¢ Superior

Anterior
>
10118]1S0d

Left

Inferior

Posterior

N.Yahataet al (2016)29 selected region$ROI)and 16 connections are sufficient
to recognizeASDwith 85%accuracy in 74 Japanese adult patients vs. 107 peop

In control group; without reraining accuracy was 75% on US patients.



Model of reading & dyslexia

Emergent neurasimulator:

Aisg B., Mingus, B., and O'Reilly, R. The
emergent neural modeling system.
Neural Networks21, 1045,2008.

3-layer model of reading:

orthography, phonology, semantics, or
distribution of activity over
140 microfeaturesdefiningconcepts.

In the brain:microfeature=subnetwork. 8
Hldden Iayer@S/OPSP_HIdn between DyslexiaNet Value: act

Phonology

Learning: mapping one of tielayers to the other two.
Fluctuations around final configuration = attractors representing concepts.

How to see properties of their basins, their relations?
Model inGenesismore detailed neuron description.



Recurrence Plot {flag)

Transitions to new patterns that share some active units
(microfeatures shown in recurrence plots.



Trajectory visualization

Recurrence Plot Multidimensio
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Recurrence plotand MDS/FSD/SNE visualization of trajectories of the brai
activity. Here data from 14@im semantic layer activity during spontaneous
associations in the 4@ordsmicrodomain startingg A 0 K (1 KS¢ @& 2 N
Our toolbox: http://fizyka.umk.pl/~kdobosz/visertoolbdx



http://fizyka.umk.pl/~kdobosz/visertoolbox/

Functional connectivity changes

Influence of brain games on functional connectiviytase Locking Value
(Burgess, 2013;achauxl999), phase differences between signals
measured at each electrode. PLV => synchronization maps, info flow.

PLV channelvs channel
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Microstates

Lehmann et al. B schematic Controls vs. SCZ
EEG microstate ‘ A - B o Bl
duration and syntax Y
In acute, medication
Y | O @ Sepisoder
schizophrenia: a
multi-center study.
Psychiatry Research
Neuroimaging, 2005

A | :é o e :B-: ‘v

(@

Khanna et al.
Microstates in
RestingState EEG:

p graphlc Clustermg
Current Status and A,
Future Directions. \‘ 'l -
Neuroscience and ]

Biobehavioral
Reviews2015

Fronto-Temporal
Dementia

Panic * 90!
-204 Disorder *

Percent change in microstate duration of
condition vs. control

Schizophrenia *

Symbolic dynamics.



Ciricet.al. (2017). Contextual
connectivity: A framework for
understanding the intrinsic
dynamic architecture of large
scale functional brain
networks.Scientific Reporis

Correlationof 6 canonical
networks.

Perception,
Actionattention
DMN (Default Mode Network)

Each has up to 10 different
network connectivity states
(NCstates), rather stable for
single subjects, ex.

DMN has usually-9.
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EEG early ASD detection

Bos| W. J.TagerFlusbergH., & Nelson, C. A. (2018). EEG Analytics for Early
Detection of Autism Spectrum Disorder: A ddtaven approach. Scientific
Reports, 8(1), 6828.

EEG of 3 to 36onth old babies, 19 electrode&lectedfrom 64 or128.
DaubechiegDB4)wavelets transform EEG signal into 6 bands.

7 features fromRecurrence Quantitative Analy$RQA: RP entropy,
recurrence ratelaminarity, repetition, max/mean line length, trapping time.

In addition sample entropsnd DetrendedFluctuationAnalysis was used.

Nonlinearfeatures were computed from EEG signals and used as input to
statistical learning methods. Prediction of the clinical diagnostic outcome of
ASD or not ASD was highlcurate.

SVM classification with 9 features gavugh specificity angensitivity,
exceeding 95% at some ag&sedictionusingonly EEG data taken as early as 3
months of age was strongly correlated with the actual measured scores.
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Spectral fingerprints

Scatter Plot and Fitted Gausslan Mixture Contours

Single
subject

|
d e ROI

<«

Precentral Gyrus (left)

* Pictures from Keitel & Gross 2016 and Fieldtrip Group model
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Spectral fingerprints

1.8 —— 299, Raw spectral modes in ROl 27: Rectus_L

Normalised Power
Normalised power

1 3 5 10 20 50 81 120 08, R 5 % & B
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MEGEEG preliminary comparison

Comparison between main results

30

® MEG (org) g 410 403 421
m MEG (reprod.) 350
B MEG (-gamma) 1

MEG (reduced trials)
m EEG N=7

m EEG N=12
EEG Ageility N=22

EEG Agellty N=22 (worse coregister)

mean num. of clusters per RO

Ageilitydata have no information on sensor positions and results (in green) a
quite poor; yellowg a bit of guessing where to place sensors on the head.

Our own experiment to collect EEG data with precise position of electrodes t
enable good source reconstruction for 7 and 12 cases.




Spectral fingerprints

Left: Keitel & Gross Right: EEG N=12 Torun.
Avg. num. of clusters = 4.10 + 1.86 Avg. num. of clusters = 3.45 + 2.22
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Without proper registration of sensor positions results are quite poor; we are
now making our own experiment to collect EEG data with precise position of
electrodes to enable good source reconstruction. In some ROI many clusters
found ¢ sign of participation in many processes.
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Simultaneous EEG/fMRI

¥
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sodurka)

Raw EEG Data

Functional MRI ][ Anatomical MRI

8

Artifact-free EEG

'. Global Field Power

¥ 4

Co-registered and
normalized fMRI

Temporally downsampled EEG
(microstates)

4§ Sourceimaging

EEG Cortical Sources

$ Alignment

Surface Aligned Cortical Sources

Spatial ICA

& Temporal ICA

EEG RSNs
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8 large networks from BOLEEG
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DMN, FPf(ontoparietal)-left, right, sensorimotor ex, control, auditory,visual
(medial), H)visual(lateral). , dzl YBoddXrka(2015)




14 networksfrom BOLEEEG

Data preprocessing

bad-channel reparation filtering ICA denoising re-referencing

J

inverse solution

l ICA decomposition

Volume conduction model creation C it /
onnectivity analysis

co-registration

Electrode
positions -

forward

solution Head
> model

segmentation

Liu et al Detectinglarge-scalenetworks in thenumanbrain. HBM(2017; 2018).




DMN hdEEG
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DAN fMRI
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MPN hdEEG

7

MPN fMRI

t- soore

min max

sICAon 10minfMRIdata (N = 24,threshold p <0.01, TFCEorrected. DMN,default
mode network; DANdorsalattention network; DSNdorsalsomatomotornetwork:

VEN visualfovealnetwork; AN auditory network; MPNmedialprefrontal network.







