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UNICAMP

BRAINN Project Br Al

(http://www.brainn.org.br/en)

* Neuroscience of healthy and diseased brain
* Epilepsy, neurovascular diseases, neuromotor diseases, dementias, lupus

* @Genetics and animal models
* Precision medicine

* Instrumentation development
* Neural probes, NIRS systems

* Development of assistive and rehabilitation technologies
* BCI, VR, robotic prostheses

* Image processing, analysis and visualization
* Neuronavigation system

* Neuromodulation

* Neuroscience for education

* Big data analysis, signal processing and machine learning
 Artificial consciousness

* Biostatistics and computational biology



UNIEAMP

BRAINN Project BrAIf

(http://www.brainn.org.br/en)

* Evaluation of assistive and rehabilitation technologies
* Brain-computer interfaces (BCls) and neurofeedback

* Extended reality (XR) and transcranial direct current stimulation
(tDCS)



The brain



Basic structure

= www.BrainHealthandPuzzles.com
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aerobic metabolism

Anaerobic and aerobic metabolism

Brain is ~¥2% of body mass
It uses ~¥20% of body energy

glucos
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Technigues for
measuring brain data



Magnetic resonance imaging

(MRI)
. et
hh

Without magnetic field

With B, magnetic field

10% HYDROGEN

18% CARBON

65% OXYGEN

chandra.si.edu/elements/

B
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Pushing swing (f=0.3 Hz)

www.abc.net.au/science/articles/2014/06/16/4022877.htm

www2.chem.umd.edu/groups/efrain/
Spherical_Neutron_Polarimetry.php

www.sciencelearn.org.nz/resources/987-looking-at-the-brain-with-mri



Functional magnetic resonance
imaging (fMRI)

Oxyhemoglobin
(HbO) and
deoxyhemoglobin
(Hb) have different
magnetic properties
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Electroencephalography (EEG)

EEG signals are directly related to neuronal firing

https://www.sciencedaily.com/rele

ases/2009/12/091204103751.htm
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Braln connectivity



Brain connectivity

* Secondary analysis applied to (almost) any brain
data

* Three t
* Anatomic (structura
e _Functional
 Effective

Structural Functional Effective
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Park & Friston 2013, doi: 10.1126/science.1238411
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Graphs

EEG time series
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Adapted from Farahani et al. 2019, Front Neurosci doi: 10.3389/fnins.2019.00585 15



G 'd p h S Some measures

High Low High
Some types Low
O’“ Degree Centrality Clustering Coefficient
o O
undirected directed " O Low
binary graph binary graih 0
Efficiency
High
High
Low
Betweenness Centrality Eigenvector Centrality
directed
weighted graph

Adapted from Ebadi et al. 2017, doi: 10.3389/fnins.2017.00056

https://www.slideshare.net/paul_kyeong/discovering
-hot-topics-using-twitter-streaming-data



One example with
structural data



}
Texture-based brain networks for |

healthy subjects characterization = v

Cooccurrence
matrix

https://www.imn-bordeaux.org/en/news/aal-an-atlas-
ranked-second-in-the-top-100-cited-cea-publication/

* Network differences Graph P e,

$

Texture
parameters

women (S, CC, EC, BC)

e Women have a hub
in the speech area

* Some graph parameters showed dependency with age

* Thalamus and putamen showed a differentiated texture
* Thalamus — relays signals from sensory to motor areas; regulates consciousness,
sleep and alertness
* Putamen — regulates preparation and execution of movements and influences
various types of learning

Silveira et al. 2023, Sci Rep, doi: 10.1038/s41598-023-43544-6
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BCls and neurofeedback



Brain-computer interfaces (BCls)

» WW\W ——p signal feature | classification
preprocessing | extraction| /regression

record brain
activity .
patient’s P application, e.g. results
€A, etp|| 7| forspeliing

| S
+

A \g | feedbackofe.g.
= classification result computer

patient performs
mental tasks https://www.bsdlab.uni-freiburg.de/about-bci-and-brain-state-decoding

L 4 «w —

https://news.brown.edu/articles/2012/ https://neurosciencenews.com/locked-in- https://www.etpl.sg/innovation-offerings/
05/braingate2 als-fnirs-6238/ technologies-for-license/tech-offers/1789
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EEG-BCIs” most popular evoking
strategies

[ Motor Imagery (Ml) ]
[ P300 |
Event-related desynchronization
§ C3 lap | lett — ref night - re Cd lap
)
: (
; __Lijlr A
Brunner et al. 2011, Front Neurosci doi: 10.3389/fnins.2011.00005 ~ '° %% % = = = 0 T2 @ 0@ w0 4
Maeder et al. 2012, IEEE TNSRE
[ Steady-state visually evoked potential (SSVEP) ] doi: 10.1109/TNSRE.2012.2205707
SSVEP and its harmonics
x : 35 1
Stimulation TN EEG Signal e 2l X Movement Imagery
i gl @l ' ae \ 22‘5 7 Hz
. A5, s 5 2
215
n. B £ FFT s ) 21 Hz
<o0s
0
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Frequency [Hz]
Materka et al. 2014, AISC doi: 10.1007/978-3-319-08491-6_1 Miller et al. 2010, PNAS doi: 10.1073/pnas.0913697107
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Motor imagery (MI) strategy

* Does not depend on external device to
deliver stimuli (such as P300 and SSVEP)

* Has been successfully used for motor

rehabilitation

But

* Presents large inter-subject variability
e Patterns are very hard to identify

Also, for all EEG-BCls

 Signal highly affected by noise and artifacts

* Main challenge: to find discriminating and

reproducible features

How Brain-Computer Interfaces Work

©2007 HowStuffWorks
The patient mentally

visualizes both hands closing
.
1 ‘ g
l .
[l -
-

* *

]

The implanted electrode
in this arm allows healthy
muscles to receive
signals from the brain to
elose the hand

The implanted
electrode in this arm
relays the signal from
the brain to the robotic
arm to close the hand

https://computer.howstuffworks.com/
brain-computer-interface2.htm
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Use of graph measures in 5
I\/I |—BC|S ¢|c;s;£efano Rc;misAttlux

Feasibility of using graph metrics (D, CC, CPL, BC)
Motif synchronization method

 Comparison between PSD and graph features

8 subjects

Possibilities for a three-point motif

Rest RH Rest LH R95t RH ,; . . » A
a——S -1——!- - -[——I- q——h- ..q——h- \ ‘v LN I\/ '_,/./‘ .I.“r

105510551051105,105_1055 "
| | | | | | 3 4 5 6

* Local rather than global graph properties should be used

» PSD features achieved better classification than isolated graph metrics

* Pairwise combined graph metrics + wrappers achieved similar
classification rates than PSD (but PSD used more features)

23
Stefano Filho et al. 2018, BSPC doi: 10.1016/j.bspc.2017.09.026



Relation between ERDs and &b
functional networks s s

* Objective: to understand Left hand MI Right hand MI
relationship between ERDs : e}
and functional networks

M band
e 10 healthy subjects from
Physionet’s open database
* Significant correlations
between PSD variations and
functional network
B band

alterations for some
electrodes, prominently in 3
band

Figure 2 Number of times each electrode showed a significant correlation (p < 0.05) between the ERD
relative to rest blocks ( APSD) and the degree variation on the respective node (AW).

24
Stefano Filho et al. 2017, Peer) doi: 10.7717/peerj.3983



Other FC method: space-
time recurrences

Paula Rodrigues Diogo Soriano

Motor Imagery EEG Signals

4 FC methods: Pearson correlation, o W A

Spearman correlation, phase i C }N”COM‘MX“ HIARMIT

coherence, space-time recurrences — —~

2 public datasets: —
* BCl competition IV 2a (9 subjects)
* Choetal. 2017 (52 subjects)

BC, CC, D, EC

/-)

M electrodes

M electrodes

STR significantly better than other
frameworks
EC: best feature regarding

// O
Wl — CP4

. . . .I- -
processing time Electrode iatem 8w

. . . Graph p o el "By -
Attributes found in classical EEG e L T Recurences
motor cortex positions for subjects & ' =
with best performances 2 Tm '_'Hl' <

EppYRpBOoITIBEREFRE LY
Adjacency Matrix
Density Threshold

25
Rodrigues et al. 2019, Med&aBiol Eng Comp doi 10.1007/s11517-019-01989-w



Other FC method:

correntropy

3 FC methods: Pearson
correlation, Spearman
correlation, correntropy
2 datasets:

* Home-acquired dataset (8
subjects)

* BCl competition IV dataset
2a (9 subjects)

* BC, D, EC

1 band

Al

Least t:lnlasiﬁnnﬁnn error (%) for each approach (LDA)

A

= =

Classificaticn ermar %)

o

EC oC BC
Feature

40 Leaat claaaification error (%) for each approach (ELM)

B

| I F=arson I Spearman -C-urr:rrlrun:.ll

E B

Classification error (%)

(=1

Fit ] At
Feature

Classification error (%)
- =) L .
[=] [=] (=3 (=3

=

Classification aror (3%)
[} {73 E
(=1} (=] [=]

=]

Fa
Romis Attux

Luisa Uribe

B band

Least classification error (%) for each approach (LDA)

| I Pearson [ Spearman -Gorrammwl

F&ature

Least classification error (%) for each approach (ELM)

(=1

B | I Fearson I spearman Cnrrentrupyl

EC DG BC
Featura

* Our dataset: correntropy + D + ELM was most solid framework

* Qverall classification error ™~

5%

* BCl competition dataset: best correntropy result comparable to top three

competitors

Uribe et al. 2019, BPEX doi: 10.1088/2057-1976/ab5145
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Graph measures discrimination
and stability

| | |
| MI | | MI |
_R_e_sl_i:| Rest + < | Rest
8 s } 25 65 I 8s l‘ S 65 } 8 s
* 3 FC methods: imaginary - Task | Task
coherence, weighted phase-
lagged index, motif Significant metrics
synchronization f b
. Per frequency ban Per el
* 10 healthy subjects . - . er electrode
* S, CC, LE, EC
* 3 band and MS method "
produced most significant © T e ©
metrics Per FC method Per graph measure
e EC was most stable (8/10) and o

M
wm Q

most discriminating (4/10)

* Only for half the subjects most
discriminating metric was most
stable metric S s sk

FC method

R
o o

# significant features
=
o

# significant feature:

[
Q
w

o

Vazquez et al. 2023, BSPC doi: 10.1016/j.bspc.2023.105061 27



Inner speech paradigm

Eduardo Abreu

e 10 subjects

* Thinking out loud . . . .
database

e Strength, PageRank . . I I i Ml elax toterval | st Intervad

 MS method 1 - —

4 classes

Comparison with works in the literature

28

Abreu & Castellano 2024, 10th BRAINN Congress



Neurofeedback (NFB) training

* Self-regulation of brain signals

Quantify contrast

from an ROI *

Process whole
brain BOLD data

1

Update subject

display

Acquire whole
brain BOLD data|

https://medicalxpress.com/news/2017-11-neurofeedback-
tinnitus.html

. BO

e Main goal is the control of an
external device

* For the BCI to work:

* Either signal has to be “improved” by
user to be easily recognized (classified)
by system

* Or classifier must be adapted to
recognize user’s signal

| NFB

* Main goal is the brain’s
autoregulation for improving some
characteristic or skill

e For NFB to work:

* Signal has to be “improved” by user to
improve target function

29



Where is neurofeedback used?

* Cognitive training for several functions and disorders

Disorder treatment

Attention deficit and
hyperactivity disorder (ADHD)

Depression
Motor disabilities
Anxiety

Autism

Obsessive compulsive disorder
(OCD)

Epilepsy
Sleep disorders

Controversial results!

Function improvement

* Motor function (athletes’
performance)

Executive function

Memory

Attention/focus

http://www.choratech.com/solutions/neurofeedback 30



Where is neurofeedback used?

* Cognitive training for several functions and disorders

Disorder treatment Function improvement

* Motor function (athletes’
performance)

 Motor disabilities

Less controversial!

http://www.choratech.com/solutions/neurofeedback 31



MI practice and feedback effects in

functional connectivity

* 30 healthy subjects, 10 sessions

)‘s
Carlos Stefano Romis Attux

Combined Pre vs post- * 5 CP children, 1 session
- Connectivity matrices connectivity training analyses
S : : : matrix :
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w | | windows 5
e} w0 ; . . . -
L . Graph metrics E 301 T S - -- - ]
* Common g B Post s N
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o Entire ) % 20| h
& =#{ rs-FMRI » Resting state 5 !
< scan @ 107 4
S ks /
Y- £
Z 0
@y “a BT~ By= 7 v
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EEG - during MI - H /"
= / E 1600 | -:ret ! \' H
0.05f . L H B e Consistency of FC patterns
0.04¢ il 51200 H
G0 |' e | ! decreased for active group
0.02| ‘ R '| ! e Similar result obtained for
0.01} \ ] E 600y \ I .
3 | B cerebral palsy children
E 200 ]
E o

Control Sham

Stefano Filho et al. 2022, JNE doi: 10.1088/1741-2552/ac456d Stefano Filho et

al. 2021, App Sci doi: 10.3390/app11052372 32



eXtended reality (XR)
systems and tDCS for
rehabilitation



Why use XR for rehabilitation?

* It promotes neuroplasticity and motor
learning

* XR can trick the brain (false positive
feedback)

* More fun

* Can be performed at home with remote
supervision

https://assets3.thrillist.com/v1/image/2720674/size/
sk-2017_04_article_main_mobile.jpg

https://www.evolving-
science.com/sites/default/files/field/imag
e/Virtual-Reality.jpg

g d

https://cdn.shopify.com/s/files/1/0238/03
91/files/013_toyra_rehabilitation_grande.j
pg?v=1505765341
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¢ XR tools

i
2

i

N

mif

Alexandre Branddo  pjego Dias Gilda de Assis

GestureCollection
and KinesiOS

7'l W e
(a) Posic¢ao'inicial

Brandao et al.
2018, JHI
https://jhi.sbis.
org.br/index.p

hp/jhi-
r— sbis/article/vie
— w/544

o) I

(d) Flexdo entre 90 e 180 graus

PPRY " N "y
¢ ) Flexao inferior a 90 graus

@ LESTURE

Assis et al. 2014, Dis Rehab doi: 10.3109/17483107.2014.979330 35



XR tools

AR .

Re ha b | | Itatlo N J6natas Manzolli Elena Partesotti
Gaming System (RGS) BehCreative

Paul Verschure

Personalized Calibration
Tra ni ng MOd u Ie Baseline computation
Set game difficulty
A 4
Psychometric
model

Performance
> 70%

Performance

Game parameter update
< 50% 2 pd

A
Game

Performance Launch 10 spheres
assessment

T

Cameir3o et al. 2011, RNN doi: 10.3233/RNN-2011-0599 Partesotti et al. 2023, EAI ArtsIT 36




positive Pearson correlation value

Functional connectivity changes
due to NeuroR therapy

Gilda de Assis

Functional connectivity for P1 Session | Participant sﬁ:{:}gucﬂa st;"rlfxio‘:lnd
R BN pretest First Pi 60 | 70 | 40 | 40
0.6 posttest Last Pl 75 70 50 50
First P2 0 | 0] 0 |0
03 Last P2 0 0 0 0
0a First P3 60 | 60 | 70 | 40
' Last P3 70 | 70 | 80 | 60
0.3
@ 02 ‘ ‘ ‘ | I * 3 stroke patients
: i T 01
Functional connectivity for P3 > |_| | I | ] I I | * 8 rehabilitation
0.35 o . .. H
: e prettttestt = Functional connectivity for P2 Sessions
0.30 posttes @ 05 1 §
025 S - E;estt‘:';t « Significant FC increase
020 g 04 of motor areas with
(2] . . . .
015 5 03 seed in ipsilesional
0.10 | -~ motor area for two
i I | 8 02 patients (P1 and P3)
g v
o.oo,...!l,.w.kl.'l.l.tfl.l.fl,.ﬂl.. & 01
:J|II—‘IQ:’—JI¢I—11¢I—‘|O:'—"G:I—'ltil —J'acl—lla:'—llncl—l'nrl
s © 3 8 ﬁ '-u': % % mlm|mlm|olo|£ ",e wlmlmlm|s 8 l I 1L
g5 e PEETNEE L IEEEE X R o s o o e e e e et i o e s e T
wmsl_uululululgzEggzgggiézgg _:lurl—l,cz'_xlczzl_:o:I _n' |2, e n:—lczl
S92SEEEER 2232233523023 0%= TEOSRRAD "’-"‘."‘."‘.“"‘".ﬁﬁ”xw."""‘.ﬁs
R it 5503565555 sEeesES5ee
228888°%33°°38 38 858 S EEEE 2825288228328 322
A23333 E28333209330 0580000 E3 . ,
AAL motor-related ROls g&'@gggsc‘.‘igg&éﬁg@&&&&gg P2 showed signs of
A33Z38 post-intervention
AAL motor-related ROls

muscle contraction
37
Assis et al. 2023, Virt Worlds doi: 10.3390/virtualworlds2010001



Graph changes due to Gesture

Collection therapy

* 14 (10) stroke subjects: 7 (5) experimental / 7 (5) control

LFPe
LFPtc
LMN
LNAC
LSTR
LTHA
LaCER
LmCER
RFPe
RFPtc
RMN
RNAC
RSTR
RTHA
RaCER [ |
RmCER [ ]

Experimental

QP 0¢ & 0 & ¥
FETTEK

LFPe
LFPtc
LMN
LNAC
LSTR
LTHA
LaCER
LmCER
RFPe
RFPtc
RMN
RNAC
RSTR
RTHA
RaCER
RmCER

Control

Jamille Feitosa

Both groups showed
improvement in clinical
scales

More increases in FC in
the experimental group

had
FC changes in regions
associated with

Control group had
changes in regions more
related to a purely
mechanical activity

GestureCollection
successfully shown to
promote neuroplasticity
in several motor-related
areas

38

Feitosa et al. 2023, Front Neurol doi: 10.3389/fneur.2023.1241639



Graph changes due to
BehCreative training

Jamille Feitosa Elena Partesotti

* 11 (5) healthy subjects Motor & emotion-related areas

LACC 0.4
LAMY
CAUD
LCER?
Motor-related areas
LEERS 03
LCERS ]
LCERC
LFPe LCER]
L
LFPtc Lﬁfg T 02
o s
LNAC LM1
LNAC 0.1
LSTR LpAr
(% -
LTHA LSMA
LaCER LN } 0
LmCER Lgség -
R e =
RFPtc R&ER&S _h 1 — E‘ 01
RMN REERg 1 — } 1 1
L SEsss=csns —
RNAC RCERCII T 1 — - 02
RSTR RFd = - 1 —
RTHA Rf‘?ﬁ —1 ! =
RINS I | 03
RaCER RR\W\
RmCER RNAC | 1 -
PA
"RET 1 - 1 { 1 1
&L RSMA [ T 1 — — I 04
oty B -
RASTR [l T—] 1 I 1 1 1 .N”N
R O T T T N Y T Y Y T T T Nyt
SESR YOI 7 ot SR EA S SR SO L K N O RS S8 55 5 ot SR O DR I S S KD
ARG GG A AN S qu_g@é,, &L ch’q-d‘;& FETT OIS iiﬁ T
N

* Different from other XR systems:
* Subjects showed only significant FC decreases in motor related areas

* BehCreative promoted an emotional response, possibly associated to visual
and auditory stimuli

Partesotti, Feitosa et al., PLOS1, submitted 39



tDCS

e Delivery of low (~1 to
2 mA) electrical

f to th | transcranial _
current to € Scalp Direct o b
 Limited side-effects, Current ‘()z:::oo:lsl;bnt
relatively safe and Phimlation Sumet S
affordable, Simple https://neuromodec.org/what-is-transcranial-direct-current-stimulation-tdcs/
application

* Anodal tDCS - resting membrane potential of
the tissue depolarizes = increase in neuronal
excitability

e Cathodal tDCS - resting membrane potential of
the tissue hyperpolarizes — increase in
neuronal inhibition

* Motor rehabilitation - excitation of ipsilesional
M1 and/or inhibition of contralesional M1 -
viable options to enhance motor function




NEUROFISICA UNICAMP

Rehabilitation: BRAINN XR + tDCS  moetu

rehabilitation ﬁ evaluation
chronic XR+atDCS (\}\ clinical / functional scales
stroke P Bl -
patients XR+sham il range of motion

Leonardo Costa
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XR+tDCS study

" Symmetry evolution (BSI) at rest
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XR+tDCS study

Graph changes — global strength

Rest
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XR+tDCS study

Graph changes - Ipsilateral strength (C3 or C4)
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Difficulties / limitations

* The samples used in each study (particularly the XR
ones) were small
* Large number of sessions
e Patients with limited mobility
e Data quality due to patients’ conditions
* Covid-19 pandemics

* Heterogeneous samples

e Hard to find large number of patients with same lesion
location and same (exactly) clinical condition

* Small and heterogeneous populations make it more difficult
to find patterns

 Dependence on health professionals (physiotherapists)
* Difficult to get financial resources
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Conclusions

BCl and neurofeedback

e Connectivity measures are related to motor imagery
ERDs

e Connectivity measures produce results at least as good
as PSD’s for motor imagery paradigm and better results
for inner speech paradigm

* Feedback resulted in more different connectivity
patterns among subjects, both for healthy subjects and
cerebral palsy children
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Conclusions

Rehabilitation with XR or XR+tDCS for stroke patients
* Most patients showed improvement in clinical scales

* XR + conventional therapy (GestureCollection study)
enhanced the treatment effect

e XR + tDCS

* Decreased asymmetry for tDCS group in higher frequency
bands

* Increased/decreased connectivity for tDCS/sham group in
bands not usually associated to movement
execution/imagination

* In general, found brain changes point towards

restoration to normal (fMRI/EEG) patterns
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