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This Machlne Records Al[ Your Thoughts

This MachmémRecords All Your Thoughts
g g B

[The Thought Recorder ls an Instru-
ment Recording Thoughts Directly by
Eleetrical Means, en u Moving Paper
Tope, The Ulustration Shows What a
Futore Business Oliee Will Look Like
When ek sn Invention Ius Been
Perfeeled. By Pushing the Bulton 4,
the Tape Is Slarted and Stopped Au-
tomatically so That Thoughts That
Are Wanted Are Recorded.

The Syracuse Herald, June 8, 19 19
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Research & Diagnosis: Limited Applications

Computer technology
Digital engineering

Cognitive neuroscience

Functional neuroimaging, Human brain mapping
Diagnosis of neurological & neuropsychiatric diseases
Neurofeedback

Brain-Machine Interface

Neuromarketing

Ergonomics, Virtual reality, Sports science
Neuro-entertainment, Brain fitness

Lie detection

Etc. Google e
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“Christmas Rewverie”

Greeting card to Hans Berger with stylized EEG
Herbert H. Jasper (1906—1999), Christmas 1938
Deutsches Museum Miinchen
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EEG-TMS EEG-fMRI

Development of new signal
processing technologies

(Im etal., J. Neurosci. Methods, 2006) ~ (fromBenar etal., 2002)
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(Wet) passive electrode (Wet) active electrode

Brush type
dry active electrode

Non-contact

capacitive (active) electrode
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1. Sensor-level analysis
- Event (wave) detection .

- L 4
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Automatic spike detection
[P TTO IO WA v (from Acir et al., 2003)

Lot

(from BESA)

- Evaluation of gEEG parameters
e.g. beta band power at CPz electrode, coherence between FPz and POz, etc.
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1. Sensor-level analysis
- Time-Frequency Analysis

FFT, STFT, Wavelet >

Frequency (Hr)
i ﬁ
i [—

- Indices to Measure Global Synchronization: e.g. GFS (global field synchronization),
GSI (Global Synchronization Index), etc.

- Nonlinear Analysis: e.g. Dimensional Complexity (D2), Entropy, etc.

- (Sensor-level) Functional Connectivity Analysis

0-100ms  100-200ms 200-300ms 300-400ms 400-500ms 500-600ms 600-700ms 700-500ms

(Lee et al., Schizophr. Res., 2010)
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1. Sensor-level analysis
- Cross-frequency coherence

- Graph Theoretical Analysis of Functional Connectivity

- Cortico-muscular Coherence

L Comeneos MEG, 104 L]

&) 5 L
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2. Source-level analysis

- Time-Domain Analysis

time (m8) —»
AERNN

SRR RE RN ENRRERRRNRNRRNDN
(from Dale et al., 2000)

- Frequency-Domain Analysis

(from Singh, 2012)

Eabina ddoddsibge :

2. Source-level analysis

- Coherent source imaging

Dynamic Imaging of
Coherent Sources
(DICS)

- Group Analysis

][] |67 20080, Wi - OO o 51 o e i SLBEER

(Kim et al., BMC Neurosci., in revision)

ank a1 T I ST B L i
tvalue

(Bae et al., Prog. Neuro-Psychopharm. Biol. Psychiat., 2011)
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2. Source-level analysis

- Source-level Connectivity Analysis

£ie

T

- Source-level Causality Analysis

08 ve0e |
00 3080

e m— e (from Babiloni et al., 2006)
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Source imaging can potentially enhance the resolution of EEG

Equivalent current dipole (ECD) localization

- g
/ R
(from Cuffin et al., 1998) (from Kakigi et al., 2000)
Single equivalent . Anatomical
current dipole (ECD) Multiple ECDs coregistration

Need to estimate the number of ECDs
and initial locations of ECDs

HElis Nceimanidag
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Distributed source model (cortical source imaging)
- does not need to estimate the number or initial locations of sources

Lett

(from Rossini et al., 1999) (from Baillet, 1998) (from Grossman, 2010)

Anatomical constraint

Surface Laplacian Volume source model . .
P Functional constraint

Eabina ddoddsibge

Forward Problem( 2 & M)y
Head & source models

="

Tuverse Problem( 2 & d)

ECD, distributed source
madels

Brain electrical sources

Sealp Oster Shull Boundary temer Shull Bossdary

a Boundary element method(BEM)

_)"_

Finite element method(BEM)

Single sphere Concentric spheres

sl Adcaase e




Amgltute (A

(Bonmarssar et al., 2001)
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Examples of EEG Applications
in Our Lab.

1. Examples of EEG Applications in Neurology, Psychiatry, and
Cognitive Neuroscience
2. Brain-Computer Interfaces

COmputational NeuroEngineering (ColE) Lab.
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Dysfunctional Gamma-Band Activity During Facial Structure Processing in Schizophrenia Patients

FCz Cz CPz Pz POz

example of emotional faces
1

happy face  neutralface feartul face

e 0@

randomily presented one by one 4
g a total of 18 pictures Time (ms)

-
"

)

Nommal Control Schizophrensa Dhifference Map

‘‘‘‘‘‘‘

| Gamma-band Event Related Spectral Perturbation |

- Spearman correlation coefficients between GBA and symptomatic and demographic

data.

- Significant correlations were founded between GBA at 700-800 ms and several
variables; number of hospitalization (at FCz, rho=-0.455, p=0.022), PANSS negative
symptom score (at Cz, rho=-0.435, p=0.03; at CPz, rho=-0.628, p=0.001; at Pz, rho=-
0.404, p=0.045), and PANSS total score (at Cz, rho=-0.406, p=0.044; at CPz, rho=-

0.535, p=0.006; at Pz, rho=-0.489, p=0.013).

(Collahoration with llsan Paik Hospital) (Leeetal., Schizophr. Res., 2010)
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Dysfunctional Gamma-Band Activity During Facial Structure Processing in Schizophrenia Patients

FCz Cz CPz Pz POz
e o e e ; !
e 0@ £

randomily presented one by one .
among a total of 18 pictures Time:

Nommal Control Schizophrensa Dhifference Map

| Gamma-band Event Related Spectral Perturbation |

0-100ms  100-200ms 200-300ms 300-400ms 400-300ms  S00-600ms S00-700hns  700-200ms

Normal Control . . ﬁ? . ‘ . . .

Functional Connectivity between Brain Areas

(Collaboration with Ilsan Paik Hospital) (Lee etal., Schizophr. Res., 2010)

Boisin Hadi s ddl _

Diagnosis of AD with

Decreased EEG Synchronization and §

Its Correlation with Symptom Severity o v

in A|Zheimer’s disease .-I»cr‘- E f'-.. wd ELf ) ..mum.‘T-.-,_—c.n:.]...mwu,m-d from principal-component
analysis ot o given frequency [

Table 2. Group differeuces in GFS values for each frequency bands Table 4. Spearman’s comelation between each frequency band and cognitive scales within
D (w22
AD(N=22)  NC (N=13) P -value AR )
N Frequency bands (Hz)  MMSE(R)  Pevalse CORR) Pevalue
Theta band (SD) GO0 023 BESE (D032} 0.07%
) B d(1 %60 02 9 -] O
Delta band (D) DETO000) 0.561 (0.036) 0190 Thataband {2.5-6.0} ! o " e
Delta band (6. 480} =19 0307 [LEE] [N R
Alpha bawd (SD) 0560 (0.055)  0.575 (0.037) 0.294
Alphaband (85-120) 0.6 atol ETH 0588
Betal band (SD) 049(0026) 0523 (0.020) 0.001°
Batal band (1241800 0.47 036 0095
Beta2 band (SD) 0496(0.027) 0514 (0.029) 0.035"
Betn? band (15.4-21.0) 0,31 e 020 0372
3 £ 482 (0,02 0% (0.02 =
Betas baud (SD) 0452(0021)  0.50% (0.026) 0,00 Berat b 215500y 051 s o100
Gamma band (D) DATS(OAE) 0486 (0.027) 0,280 o b (3004001 031 T - bei
Full band (5D} 0495 (0.019) 0514 (0.018) 005 Full band 043 010 .63
P < 0,05, AD - Alzheimen's disease group, NO - Normal controls group P 05 AD - Alzhenser's disease @oup
(Collaboration with llsan Paik Hospital) (Park et al.Neurosci. Res., 2008)
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Diagnosis of AD with

Global Synchronization Index as a
Biological Correlate of Symptom
Severity in Alzheimer’s disease

Table 3. Partial correlation between global synchronization index (GSI) and severity scales in
Alzheimer's disease group only (N=25), considering unequal sex distribution as a controlling

variable.
Frequency bands (Hz)  A1- MMSE(R)  P- value A1 CDR(R) P- value
Delta  (1-3 Hz) -0.480 0018 0.586 0.003
Theta  (4-7 Hz) 0472 0,020 0.375 0.071
[e]] (— eigenvalues of correlation Alpha  (8-12Hz) 0.343 0.101 -0.281 0.184
matrix Betal  (13-18 Hz) 0382 0.065 -0.244 0.250
Beta2  (19-21 Hz) 0.357 0,087 -0.379 0.067
Beta3  (22-30 Hz) 0.336 0108 0415 0.044
Gamma  (31-50 Hz) 0.497 0.014 0616 0.001
Full _ (1-50 Hz) 0.101 0639 -0.099 0.645

MMSE: Mini-Mental Status Examination CDR: Clinical Dementia Rating scale

Table 5. Classification table of logistic rezression for Alzheimer's dementia (AD) and normal
controls (NC) nsing three GSI values (theta, beta 3. zamma band).

Predicted Group
AL N Percentage Cormect
- ] AD [(N=15) 21 4 810
Observed mronp NC (N=22) 5 17 773
COverall Percentaze 0.9

(Collaboration with llsan Paik Hospital) (Lee et al., Neurosci. Res., 2010)

BOEEStal MM AA RO aal

Functional Dysintegration Syndrome of

5 € N 1N\
R S i1 O I N - Multimodal neuroimaging
el el | (fMRI+ MEG)

- Source level connectivity
analysis

- High correlation with
symptom severity

Fimare 26, Seatter plots of schizovhrenia svmptom scores with the fimetional connectivity indices.

(Collaboration with University of Minnesota) (Kang et al., in preparation)

T ‘

2012-06-23

13



T R L r——

Tt e
nE wILE e KILE:

e — 3
i o o = "
P
Mamms. €

- ' 1
e of compne
e it i s 3
-
Repoaofuul  Lootmebsiinsd Koot ittt Booed woapersl. B gl &
et RS S — LoRiRe BG

Sewnl

Pemolind  Baeibod  Rmeivepns Bredbomd  Roed il
e IR TE S PR 1 e p——

e L P e
B T P I )
gl i B ol

L b g i e el o vl e G Vol paagha Thad

Sl 3 mbrpedeet comproe

c
(Collaboration with Korea University) ~ (Jungetal., Brain Res., 2009)
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Noninvasive Diagnosis of Neuropsychiatric Diseases

A

}1 _MJJJ—'L_MlL___—mn; i 4 ;;mu ,.-l'lg.,,i__,—._;_,L.l,n—'t\Jrg—l_Jé-lJ_Jq

FIGURE 2 | Overnight corticomuscular coherence for a control subject {A) and an RBD patient (B]. CMC, W, 1.3
REM sleep stape; N1, non-REM sieep stage 1; N2, non-REM sisep staps 2; N3, non-REM sleap stage 3 | RBD

(Jung et al., Frontiers Neurol., 2012)

| Generalized Anxiety Disorder |

(Park et al., Psychopharmacol., 2011)

(Kang et al., submitted) Schizophrenia

2012-06-23
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(Jung etal., Brain Res., 2009)

SPp———— ==

| Post- Traumatlc Stress Disorder (PTSD) |

(Bae et al., Proc. Neuro-Psychopharmacol. Biol. Psychiatry, 2011)

Noninvasive Diagnosis of Neuropsychiatric Diseases

Oiftesncs
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S
Restless Leg Syndrome

(Jung et al., Sleep Med., 2011)

T Twrw el

(Jung et al., Brain Res., 2007)
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(Amyotrophic Lateral Sclerosis: ALS)
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¥|-714 =% (Brain-Machine Interface: BMI)
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e o | EEG electrode

.z T
e ——— ¥ é (Scalp EEG)

" At SHZ U
o+

(ECoG)
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Boisin Hadi s ddl

80% Aol Mol HE 20%
SU YT RS =3 = Z8
il Qe HHHES 2H
[ v BCI ) |
—micmel s | Invasive BCI: still risky, hard to be
so% _— T~ applied to human being

G o * Noninvasive BCI (fMRI, MEG, NIRS):
‘ f impractical (mobility, price)
4 * EEG-based BCI: most preferred
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BeN Y
EEG recording Feature extraction
Training phase Database construction
RT recording
Command - -
signal Real-time feature extraction
N ' Comparison with database
Manipulation of external
devices, Generation of Real-time classification
messages

BOEEStal MM AA RO aal .

- Event-related desynchronization (ERD) & Event-related synchronization (ERS)
around the motor cortex areas generated by motor imagery of hands, foots, tongue,
etc.

-Short reaction time, independent BCI, adequate for device control
-Low classification accuracy, highly dependent on subjects, hard to train

1
' 3 Event-related desynchronization during
®  motor imagery of left hand: (A) motor
-05 - N - . .
., Imagery with visual stimuli; (B) motor
(4) (B)

imagery without visual stimuli

(Im, J. Biomed. Eng. Res., 2010)

OB paiisasonag

2012-06-23

18



- Motor Imagery is defined as mental simulation of a kinesthetic movement.

- Many individuals (including patients) have difficulty in getting used to the feel of motor
imagery, since most people do not easily recognize how they can have a concrete feeling
of motor imagery and tend to imagine the images of moving their hands or legs instead
(visual motor imagery).

- We developed a kind of neurofeedback systems to train motor imagery by presenting
participants with time-varying activation maps of their brain, using a real-time cortical
rhythmic activity monitoring system.

- Half of ten human volunteers were asked to imagine either left or right hand movement
while they were watching their cortical activation maps through the real-time
monitoring system.

- During the experiment, the participants were asked to continuously try to increase their
mu-rhythm activations (8-12 Hz) around the sensorimotor cortex areas.

Real-time cortical alpha (8-13 Hz) activity imaging

HENE ddcEEn e

(Hwang, Kwon, Im, J. Neurosci. Meth., 2009)

BRIt e B g _

(Im et al., Physiol. Meas., 2007)
(Lee etal., Arch. Phys. Med. Rehab., 2012)
(Shin et al., NeuroRehab., 2012)

Real-time connectivity monitoring at 30 Hz (Gamma)

(Hwang, Im et al., Med. Biol. Eng. Compt., 2011)

2012-06-23
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Motor Imagery Classification
Rt-Lt Hand Movement
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Motor Imagery Training (0.5 hrs)
(Hwang, Kwon, Im, J. Neurosci. Meth., 2009)

BRIt e B g

I 3.0s o.zssl 1.0 |o.zss| 20s |
stalm ? Mq?ll':ilﬂbn ¢ I er!d
(3.05)

Table 2

Changes in classification accuracy before and after motor imagery training (or
first and second EEG recordings in control group). We first selected the two
time-frequency combinations that had the smallest p-values as the features for clas-
sifying left and right hand motor imagery. A Euclidean distance algorithm was then
used to estimate the classification accuracy,

Trained group Control group

Participant  Before (%)  After (%) Participant  First(%)  Second (%)

EK 60 77 l 7 52

Gs 62 &7 BK 60 54

DK 59 72 H] 73 70

KS 58 72 n 67 75

N 55 69 5] 64 G6

Mean 58.8 714 Mean 64.2 63.4
(Hwang, Kwon, Im, J. Neurosci. Meth., 2009)

BEMR dodAsnARe .
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-High accuracy, less dependent upon subjects, easy to train

Sl Y= b2
CRl= = o i - -]
L e

An example of P300-based BCI:
Results of a test experiment Austria Guger Technologies — P300 speller

C
K
|

P300-based BCI in Hanyang University
Collaboration with RIKEN, Japan

BHEURD dchc s vd

QT >
==Hecoli--

(Hwang et al., in prep.)
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Steady-state visual evoked potential (SSVEP)

flickering or reversing at a certain frequency

a periodic brain response elicited by the continuous presentation of a visual stimulus

10

10

6
10Hz
11Hz
4 4
! ! 2 2
‘ ‘ 0 0
5 10 15 20 25 5 10 15 20 25
Frequency (Hz
10 Hz 11 Hz quency (Hz)
Petiagl s see na
D_haseqa B
Signal processing )
» Preprocessing [— Translation

» Feature extraction
» Feature classification

EEG signals

into commands

Electrodes

User

Ficure 1: Functional model of an SSVEP-based BCI.

Gl T e e

Applications

» Speller

« Cursor movement
s Wheelchair

» etc.

From (Zhu et al., 2010)

2012-06-23
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i

(Volosyak et al., 2011)

Why SSVEP-based Mental Speller?

-A A 74A) B SSVEPZ|RE A4 A1 A BFA}7] 9] H 3 A 52 ©F 10.75 SPM(Perego
etal., 2010) 0 2 o] F A 74x] ¥ ¥ P3007]RE H A A ELA}) Al AE Q] Al s
(F 4 SPM)H.t} o 20l -

- No training is required!!

- Simple classification algorithm

)

el Aiidans e

- Conventional electroencephalography (EEG) mental spelling systems based on P300 or
steady-state visual evoked potential (SSVEP) generally arrange characters alphabetically
in a rectangular 2-D array structure, which makes it difficult for the users to realize the
locations of target characters easily.

- Considering that acquired factors are the main cause of disabilities for disabled
individuals, the majority of the target subjects are more familiar with a QWERTY style
keyboard not having a rectangular array structure.

- In this study, we implemented an SSVEP-based mental spelling system adopting a
QWERTY style keyboard layout with 30 LEDs flickering with different frequencies.

2em

S

E]MEEI%[!]IIEE
ARSEDEFEGEHRE KAL)

Emmm-l! /”ﬁ,

(Hwang et al., J. Neurosci. Meth., 2012)

melinE ddigEnil e
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(Hwang et al., J. Neurosci. Meth., 2012)

matisE Aa e ‘

Watch this video at
http://www.youtube.com/watch?v=uunf3FDfEno (Hwang et al., J. Neurosci. Meth., 2012)
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Online Experimental Results
Participants P;ii::le(s) c;:t:t AE;;;; v (bigfm) amlaﬂ(mm)
5 B3/08 8469 4255 10.16
P3 6 81/94 86.17 36.55 862
7 77/86 8033 3335 764
4 917114 7932 4802 1197
P& 5 69/70 98,57 36.73 11.83
6 68/68 100 4907 10
P7 6 78/88 88.64 3844 886
PE 6 84/100 84 3495 &40
P9 6 90112 8036 3238 &04
o ¢ e * . e LPM of 9.39 is one of the
Mean 8758 1072 039 best results reported in
. o i 0 BCl literatures!
(Hwang et al., J. Neurosci. Meth., 2012)

el Aiidans e -

In the present study, we investigated whether ASSR can be a feasible feature for a
practical BCI system by implementing a modified BCI paradigm to classify one’s auditory
selective attention and by evaluating the classification accuracy of the BCI system.

80cm

37Hz 43Hz

Z

wog9>

(Kimet al., J. Neurosci. Meth., 2011)

melinE ddigEnil e
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EEG signals were recorded at multiple electrodes mounted over the temporal, occipital,
and parietal cortices.

We then extracted feature vectors by combining spectral power densities evaluated at the
two beat frequencies.

As candidates of feature vectors, we first evaluated the EEG spectral densities of each
electrode averaged over 37 = 1 Hz (denoted as Czy;, Oz4;, T74;, T85;) and 43 = 1 Hz
(Czy3, Oz43, T743, T8,3). We also evaluated the ratios between all possible pairs of spectral
densities evaluated at the same modulation frequency (Cz;/T747, Cz3,/T85;, CZ5;/0z4;,
T757/ T84, T757/0247, T857/0247 C2,45/T7 3, C2,43/T83, C243/0245, T7 45/ T84g, T7,5/02,
T8,4/0z,;) as well as the ratios between the spectral powers of each electrode evaluated at
different modulation frequencies (Cz,/Cz,3, T737/T743 T83:/T843, 0Z3,/02,5).

(Kim et al., J. Neurosci. Meth., 2011)

matisE Aa e ‘

(1) ] T T T T T T T — — — Attend to Left
L] Stimulus (37Hz)
0.40 | - - :
——— Attend to Right
Stimulus (43Hz)
0.35 | .
-
Y
z
=)
B 0.30 fi .
0.25 F o] Averaged EEG spectral
density of Cz electrode

335 037 39 41 43 45 47 (Hw)
Frequency

The EEG spectral density was modulated by auditory selective attention to a specific sound
source, demonstrating that switching attentions between two different sounds would
generate classifiable feature vectors

(Kim et al., J. Neurosci. Meth., 2011)

Hatlnd Adidan e -
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100%

90%
-
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5 - — ——3 fos .
= Ve - 3 features
= 70% -4-2 features
2 —+ -1 feature
o .i-..." ’

60% “-'/

50%

5 10 15 20

Analysis Window Size (sec)

Effect of feature numbers and analysis windows

(Kimet al., J. Neurosci. Meth., 2011)

Online BCI system:
Aworld-first ASSR-based
BCI system

Classification
accuracy = 71.4%

Potential Application: advanced ALS You can watch the full video at
patients, completely locked-in states http://cone.hanyang.ac.kr
(CLIS) patients who has difficulty in
controlling eye gaze

(Kimet al., J. Neurosci. Meth., 2011)

melinE ddigEnil e
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Brain-Computer Interface (BCI)

Wheelchair Robot Arm Upper Limbs
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A new era is coming!

Hetlnd Aadiida e

2ag 7 Lot £ X[ T
No-gel, dry active electrode system

Price: $100 ~ $500

HEFORLA, 22h

AE olmA

BCT ag(‘iu s % r\f‘v\
(Hulle &::;_ﬁ@;mh ﬂ zzs J
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Neuromarketing

Neurofocusijil:
-World largest neuromarketing
company ($34M in 2010)

neuro - EEG, eyetracking
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Neuromarketing - An example

Can neuroscience help Gap produce a
better logo?

Jessica Hamzeiow, raportsr

Neuromarketing company
NeuroFocus reckon they can piece
apart how the human brain responds
to bad advertising.

The group used EEG and eye-tracking

techniques to investigate the neural
\ responses of a group of volunteers
I Gaa who were shown both Gap logos.

Neurofocus explained that the new

logo didn't register as novel or stylish
in the volunteer's brains, two big no-
nos for a successful logo. The old
logo on the other hand was a big hit,
scoring high in the company's
"stylish" metric.
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Kinect Research Director Says ‘Brain-Computer Interfaces
are Amazing’

What would be the killer app of a thought-controlled computer?

MS <] kinect2] research director
S BCIE M2 input 2] ©
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- Neurotainment
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Game control
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EEG biofeedback
Neurofeedback

a technology to control
your brain wave
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Lie Detection
MRI Lie Detectors
Can magnetic-resonance imaging show whether people are telling the Lie Detection - Criminals can’t Fool
fruth? Brain Fingerprinting
By MARK HARRIS [ AUGUST 2010
EEmail EPrint & Share Page 1 2 3 i ViewAll

Nervously, my heart pounding, | remove
my clothing, watch, and wedding ring. No,
its not an extramarital tryst. The only affair
I'm involved in is reporting on a new form
of lie detector, one that uses magnetic
resonance imaging (MRI). That explains
the need to shed my clothes, which might
have magnetizable metal parts in them,
along with the watch and ring, which
could be sucked with dangerous force
into the powerful magnet of the
apparatus. (Accidents from flying metal
have injured and even killed MRI subjects
in the past)Ithen don hospital garb and
climb ento a platform that glides me into
the heart of an impressively large if
somewhat cramped scanner.

No-lie MRIjit: (O]=)
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