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machine Interfaces, which record cerebral and muscular
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Hybrid neuroscience based on cerebral and muscular information
for motor rehabilitation and neuromuscular disorders
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WORKSHOP BCN24

“A journey into brain activity”

From EEG and related potentials to connectivity and source modeling

Day 1: EEG signal acquisition and preprocessing.

Day 2: ERP and MRCP studies and movement intention for device control.

Day 3: Source localization and brain connectivity.

Day 4: Networking with hospitals, companies, and research centers.

GA 101079392

Funded by
the European Union

UK Research
and Innovation

GA 10052152

'

University of Maribor

O

Hybrid Workshop
(online and In-person‘event).

UNIVERSITAT POLITECNICA
DE CATALUNYA
BARCELONATECH

&

A HYBRID

v 4

=" NEURO

Contact: Bioart.group@upc.edu REGISTEI-? OW

CcHALMERS Imperial College
UNIVERSITY OF TECHNOLOGY London



P9 FREE REGISTRAT
/ |_| Y B R | D Travel & accommodation cost:
to be covered by participants
University of Maribor - NE URO

=<t CHALMERS

UNIVERSITY OF TECHNOLOGY

Imperial College

e ° X -
UNIVERSITAT POLITECNICA - ==
DE CATALUNYA e A --
BARCELONATECH =Sy y

Summer school on :

Hybrid Neural Interfaces %o i
July 8-12th 2024, Maribor, Slovenia

REG aran o Surface & intramuscular HDEMG A Keynote lectures
A Identification of neural codes ﬁ Practical examples
A EEG & functignal brain connectivity Student 2 student
: : explanations
GA No. 10052152 A Corticomusculacoupling A Presentiour Broiect
Funded by A Movement augmentation A Ask top experts

the European Union

i A Hybrid Neural Interfaces in practice A Active consultations




) HYBRID January 29th 202:

15:00¢ 16:30 CE
9:00¢ 10:30 ES

WEBINAR:
Validation of results: statistical models and MU

identification accuracy

Gentle Introduction to:
A Accuracy of MU identification from HDEMG
A Regression analysis with Linear Mixed Models

A BayesiarnLinear RegressionModels
[ SOUdZNENARY ! MBS |
University of Maribor, Slovenia

CcHALMERS Imperial College

London



Accuracy of MU identification from HDEMG
Regression analysis with Linear Mixed Models
Bayesian Linear Regression Models

Use cases & examples in MATLAB & R
Synthetic & experimental data

Lecturers: Ales Holobar, Nina Murks
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Files on the HybridNeuro website
AMATLAB:

A MATLAB_code_SyntheticEMG.m : Generation of synthetic data and preliminary statistical analysis
A MATLAB_code_ ExperimentalEMG.m : Analysis of experimental data

' 69
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ADATA:

A DATA _SyntheticEMG.cvs : synthetic data (15 subjects, 3 contraction repetititons, 15 MUs per
subject, nomissed MUsi bal anced testse

A LARGE_DATA_SyntheticEMG .cvs : synthetic data (20 subjects, 3 Contraction repetititons, 20 MUs
per subject, nomissedMUsi bal anced testseé

A DATA ExperimentalEMG .cvs : experimental data (19 subjects, 3 contraction repetititons, MUs
tracked across contraction repetitions

ARSTUDIO:
A R_code SyntheticEMG.R : Analysis of synthetic data
A R_code_ ExperimentalEMG .R: Analysis of experimental data
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ldentification of MU spike trains: MU filter ' HEB%'B
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MU discharge patterns DNLERO
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In Wilkinsonnotation:
MaxDR~ 1 +RecTh#RecDR (1 +RecThr|Subl+ ¢1 +RecThr|ContRep+ (1 +RecThr|SublD:MUigl
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Information extraction pipeline @ HLERS

neural
codes

\ J
Quality control @

Energy accounted = No. of accurately | PNR &Co\,
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@) CNS parameter estimation
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MU firing & Cumulative spike MU firing rates
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BSS-based identification of MU firings
_ _ lteration = 1, PNR = 6.9 dB
. Pulseto-Noise Ratio PNR
0.5 { |<— MU discharge
0
> > >
Iteration = 21, PNR =17 dB
______ discharge
no discharge
6 6.1 6.2 6.3 6.4 6.5 6.6 6.7 6.8 6.9 7
time (S)
Pulseto-Noise Ratio (PNR):
A applied to EVERY identified motor unit
A no additional experimental costs
A reliable indicator of accuracy of motor unit identification
::huenlcilﬁfok:;an i A.Holobar D.ZazulalEEE Trans. on Signal Proces&d@j7, vol. 55, pp. 4484496.
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Synthetic EMG, experimental surface & intramuscular EMgHYERS

» 10 -
D 9
= 6:2 —~
> = X < s
>
> £ %03 2 8
> c >
X E T =R
2 2 o 92 g) 70 ° 5% MVC
. * 10 % MVC
a % c_u; 01 B = % 65 0 o o 159% MVC
. 60 o 20 % MVC
L ] ° < 50 9% MVC
| | | 0 P * 60 % MVC
50 v 70 % MVC
30 35 40 25 30 35 40 , °
PNR (dB) PNR (dB) T 24 26 28 30 32 34 36
PNR (dB)
100 o
—~ e o 12 * ?C;)/?’/()MI\\/I/\C/:C
O ¥ S > © 159% MVC
90 S C
> X = 0 1.0 =20 % MVC
S £ = = < 50 % MVC
> © s 60 % MVC
X F 8 © @ 08 v 70 % MVC
Q “
Q @ & <q§ 0.6
0 o 70 E l) ] )
i} © 0.4 o o o
= @ LL o O . x
20 30 027 T~ *% Og % o _ .
O (] % X —
PNR (dB) PNRdB) ‘ P -
24 26 28 30 32 34 36
PNR (dB)

S Funded by
the European Union

GA No. 101079392 GA No. 10052152 Holobar et al. J. Neural Eng 2C




MU merglng 10 % MVC 30 % MVC
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firing rate (Hz)
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MU merging, high PNR is not enough @ NEURO

firing rate (Hz)
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MU filter reused 1 pairwise comparisons
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EXAMPLE:

MU tracking

across different
contraction levels 10

C NJ & Bldlobar, IEEE Access 2021

estimation MVC %
on (] %]
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1493
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49134
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1813
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0.8x0.8
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1209
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0.6%1

(30, 50, 60, 70)

No. of tracked MUs
SynthetidHDSEMGSNR = 20 dB

20
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EXAMPLE 2: No. of tracked MUs

. Tibialis Anterior (TA
MU tracking e

across different W ® W& &
contraction levels o

C NJ & Bldlobar, IEEE Access 2021
6445 (13854 76163 18128 02104

20 (20, 50, 60, 70) | (30, 50, 60, 70) (50, 60, 70) (60, 70)
Frequently, MUs 3
O 4846 9454 141 %6 3.7x34 1115
Can nOt be '[I’aC ked E 30 (20, 30, 70) (30, 50, 60, 70) (50, 60, 70) (60, 70)
across conditions 5
© 50 2%3 4357 8859 17.2x64 89*59
.g (30, 50, 60) (30, 50, 60) (50, 70) (60, 70) (70)
C n
Paired tests not ©
bl 650 1+1.7 21%*2.2 5t 31 1453 16967 53*46
pOSSI e (30, 50, 60, 70) (30, 50, 60) (50, 60) (60, 70) (70)

0.2%0.7 0.2%0.7 1617 71%4 1153 13847
(20, 30, 50, 60, 70) (30, 50, 60, 70) (50, 60, 70) (60, 70) (70)

70
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Simulated data

Full control of simulation parameters & grand truth known

In Wilkinsonnotation:
MaxDR~ 1 +HRecThr+RecDR (1 +RecThr|Sublp+ ¢1 +RecThr|ContRep+ €1 +RecThr|SublD:MUId
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Simulated data: Model in MATLAB ) B YBRID
< NEURO

NoSubjects =15; % play with the number of Subjects (e.g. NoSubjects =5...)

NoRepetitions =3; % Number of contraction repetitions per subject

NoMUs = 15; % play with the number of MUs (e.g. NoMUs =5, NoMUs =15..)

portionOfMissedValues =0.0 ; % portion of missed MUs (0 for 0%, 0.5 for 50 %)

% FIXED FACTORS
C =30 ; % maximum contraction level & intercept

mean_recThSlope = -0.3; % mean slope of recruitment threshold factor
mean_recDRSlope = -1; % mean slope of discharge rate factor
recTh_recDR_interactionSlope =0.0 ; % interaction between recruitment threshold

and recruitment discharge rate

% RANDOM FACTOR$ UNIFORM DISTRIBUTION!!! (use randn for Normal distribution)
S=0.2% rand (1,NoSubjects) - 0.5); % random effect per subject

R =0.025*( rand ( NoRepetitions,NoSubjects ) - 0.5); % random effect per repetition
M =0.025*C rand ( NoRepetitions,NoSubjects,NoMUs ) - 0.5); % random effect per MU

Funded by
the European Union
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Simulated data: MATLAB script NLERO

for Si= 1:NoSubjects
for Ri = 1:NoRepetitions
for Mi=1:NoMUs
% two factors
RecThr (end+1,1) = Mi/ NoMUZ0.7*C+0.1* rand ();
RecDRend+1,1) = 7+rand();

' 69
&

% coefficients
DRintercept (end+1,1) = C;

recThSlope (end+1,1) = mean_recThSlope + S(1,S1) + R( Ri,Si )+ M( Ri,Si,Mi ),
recDRSlope (end+1,1) = mean_recDRSlope ;
% MaxDR generation
MaxDRend+1,1) = DRintercept (end,1) + recDRSIlope (end,1)* RecDR end) +
recThSlope (end,1)* RecThr(end) +
recTh_recDR_interactionSlope *RecDR end)* RecThr (end) + 0.5* randn (1);
end
end

end

Funded by
the European Union
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Simulated data: MATLAB script DR

for Si= 1:NoSubjects
for Ri = 1:NoRepetitions
for Mi=1:NoMUs

In Wilkinson notation (with some simplifications):

MaxDR~ 1+ RecTh#RecDR (1 +RecThr|Subl+ €1 +RecThr|ContRep+ €1 +RecThr|SublD:MUIy

% coefficients
DRintercept (end+1,1) = C;

recThSlope (end+1,1) = mean_recThSlope + S(1,Si) + R(Ri,SI )+ MRIL,SI,Mi ),
recDRSlope (end+1,1) = mean_recDRSlope ;
% MaxDR generation
MaxDRend+1,1) = DRintercept (end,1) + recDRSlope (end,1)* RecDRend) +
recThSlope (end,1)* RecThr (end) +
recTh_recDR_interactionSlope *RecDRend)* RecThr (end) + 0.5* randn (1);
end
end I
end Fixed effects/factors

residuals

Funded by Random effects/factors
the European Union %

GA No. 101079392 GA No. 10052152
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Use MATLAB code to generate the @) NEURO

simulated data: MATLAB script

Play with:

Anumber of subjects: NoSubjects = 15
Anumber of contraction repetitions: NoRepetitions
Anumber of MUs: NoMUs = 15;

Aportion of missed Mus: portionOfMissedValues = 0.0
Adistribution of random factors: S = 0.2 *( rand (1,NoSubjects) e

Astandard deviation of residuals: é + 0.5 *randn (1)

[
W

M Funded by
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Generated
syntetic data
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[

11 1
2 1 1 2
31 1 3
4 1 1 4
5 1 1 5
6 1 1 6
71 1 7
8 1 1 8
9 1 1 9
10 1 1 10
11 1 1 11
12 1 1 12
13 1 1 13
14 1 1 14
15 1 1 15
16 1 1 16
17 1 1 17
18 1 1 18
19 1 1 19
20 1 1 20
21 1 2 1
22 1 2 2
23 1 2 3
24 1 2 4
25 1 2 5
26 1 2 6

Showing 1 to 27 of 1,200 entries, 6 total columns

SubID ContRep MUid RecThr

1.304582
2217251
3.477377
5.111151
5.609156
7.242648
8.026397
9.160058
9.677212
10.832018
11.889022
13.502939
14.150664
14.736652
16.302724
16.922055
18.499537
15.771736
20.159837
21.240958
1.906525
2.485699
4.059424
5.058551
5.890015
7.178889

RecDR

7.809072
7.490311
7.564893
7.361645
7.127993
7.229332
7.187388
7.882963
7.819587
7.545053
7.700884
7.909991
7.329819
7.620602
7.746850
7.069719
7.925429
7.393052
7.010169
7.286717
7.028672
7.812762
7.664201
7.517004
7.920506
7.076835

MaxDR

21.69751
21.89127
20.60219
20.87282
21.18084
20.36605
20.26364
18.96820
19.13943
18.73962
18.68902
17.93430
18.27405
17.36552
17.29255
16.69830
17.01645
15.97765
16.12223
15.67633
23.07511
21.074%94
21.26823
20.18698
20.34778
19.80120
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Simulated data: MATLAB script ) NEURO
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