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RESEARCH PRINCIPLES

ARTIFICIAL INTELLIGENCE (Al)
VERSUS
INTELLIGENCE AUGMENTATION (IA)

» Artificial intelligence (Al) = reproducing of human
cognition

» Intelligence augmentation (l1A) = supplementing and
supporting of human thinking, analysis, and planning,
leaving the intentionality of a human actor at the heart of
the human-computer interaction
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INTRODUCTION

THE POWER OF SENSORY STIMULATION ON DEMENTIA

The
Power of
Music
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BRAIN, EMOTIONS & MUSIC

“BRAIN DREAMS MUSIC™ PROJECT AT RIKEN BSI
HUMAN BRAIN MEETS Al TO COLLABORATE ON MUSIC COMPQOSITION AND PERFORMANCE

Brain dreams Music

Performance at Sogakudo Concert Mall, Yxh yO University of the Arts




INTRODUCTION

GARTNER HYPE CYCLE FOR EMERGING TECHNOLOGIES, 2018
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OLD SCHOOL BCI/NEUROTECH

MY PASSIVE BCI/NEUROTECH
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ERP

SIGNAL PROCESSING FOR MODALITY AND TASK DEPENDENT NON-LINEAR OR
NON-STATIONARY BRAINWAVE ANALYSIS AND NON-BRAIN INTERFERENCE
REMOVAL IN REAL TIME

0 200 400 600 800 1000
time [ms)

®green = attended vibrotactile
@black = ignored vibrotactile
@blue = attended ultrasound tactile
®@red = ignored ultrasound tactile

p red = attended real sound
p purple = attended virtual sound
p blue = ignored sounds
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INTRODUCTION

BRAIN-COMPUTER INTERFACE (BCI)

» reactive BCI — user intentions are decoded from the
brainwaves in realtime using a non-invasive
electroencephalography (EEG) and they are translated to a
symbiotic robot or VR/AR agent thought-based only
control

» active BCI — utilizes user intentional modulations of
brainwaves in response to self-paced mental processes

» passive BCIl — which analyzes an arbitrary brain activity
and allows for biomarkers monitoring of elderly users for
potential dementia progress elucidation



INTRODUCTION

DEMENTIA FACTS

» Dementia and especially Alzheimer’s disease (AD) are the most common cause of
cognitive decline in the elderly creating significant medical and economic burden

» Approximately 47 millions of people live with neurocognitive disorders worldwide,
and this number is expected to triple by 2050

» Recent research findings in neuroscience have illustrated that abnormal tau and
amyloid could modify the pre- and postsynaptic neuronal mechanisms, elevate the
neuronal calcium influx leading to increased excitability, neuronal loss and altered
rhythmic patterns

» Evidence from recent neurophysiological and pathological studies suggests that
impaired synaptic plasticity is a dominant feature of AD, which is essential in all
complex cognitive functions such as learning, abstract thinking and memory

» Dementia and AD has recently been described as a network disconnection disease or
as an oscillopathy



)d

of all people with
S dementia live in |
me countries - this will rise tc:,wer

i
|
H
!
g,.

Rt el

Nanbor of pocpe g wah demerta (od)

sl ameiae s 8 EES

2018
ALZHEIMER’
S
DISEASE
FACTS AND
FIGURES

Between 2015 and 2050, the numbers of people
living with dementia in low income countries will
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ALZHEIMER'S DISEASE

WHERE ALZHEIMER'S STARTS AND HOW IT SPREADS

» The damage initially appears to take

place in the hippocampus, the part of Healthy Severe
the brain essential in forming Brain Alzheimer’'s
memories

» As more neurons die, additional parts
of the brain are affected, and they
begin to shrink

» By the final stage of Alzheimer’s,
damage is widespread, and brain
tissue has shrunk significantly

m National Institute on Aging



Younger-onset
Alzheimer's 1-5%

Dementia with
Lewy bodies 4%

Frontotemporal |
dementia 10%

Vascular

dementia
10-20%

Others (incl. prion diseases &
Huntington's) < 1%

Alzheimer’s
disease

60-70%



ALZHEIMER'S DISEASE

SIGNS AND SYMPTOMS

» Memory problems are typically one of the first signs of cognitive impairment
related to Alzheimer’s disease (mild cognitive impairment = MCI)

» Movement difficulties and problems with the sense of smell have also been
linked to MCI

» The first symptoms of Alzheimer's vary from person to person and often
relate to decline in non-memory aspects of cognition:

» word-finding
» vision/spatial issues

» impaired reasoning or judgment

m National Institute on Aging



The Lancet Commissions

Dementia prevention, intervention, and care ()]
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Figure 1: Growth in numbers of people with dementia in high-income and low and middle-income countries
Reproduced from Prince and colleagues,’ by permission of Alzheimer’s Disease International.
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INTRODUCTION

DEMENTIA PREVENTION

» Pharma companies such as TAKEDA
Pharma, Novartis, etc., have “digital

pharma” departments for “beyond-a-
pill” healthcare

Ev27v7R8

» FONOBONO NPO founded by Dr.
Otake—Matsuura

» Pharma spinoff company AIKOMI
develops already late dementia
cognitive-therapy support

» Improved biomarkers comparing to
our previous AD EEG research




§ you can t measure it.
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CONVERSATIONAL INFORMATICS APPROACH

CONVERSATIONAL ASSISTIVE Al BASED ON CO-IMAGINATION METHOD




NLP FOR DEMENTIA DETECTION FROM SPEECH

FASTTEXT MODEL

USING WORD2VEC 7= ™ =~
(SKIP-GRAMMODEL . > % > ||
USING SUB-WORD

INFO) APPROACH

fastText o

Library for efficient text classifi

lon learning

e smamreo |[Gowwono wooers ]

What is fastText?

FastText is an open-source, free, lightweight library that alows users to learn test
representations and text classifiers. It works on standard, generic hardware. Models can
later be reduced in size to even fit on mobile devices.

Download pre-trained models

English word vectors Multi-lingual word vectors
Pro-trained on English webcraw! and Wikipedia Pre-trained models for 157 dftecent languages

Help and references

L\ 2 =)
(1) ©? lm =
Tutorials Frequently Asked Questions API

Loarn how 10 use fastText Questions gathered from the community In Gepth review of fastTex! commands
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RIKEN AIP CBAT

PRELIMINARY
RESULTS IN “BAG-
OF-WORDS/CHATS”

ANALYSIS
APPROACH:
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RIKEN AIP CBAT

PRELIMINARY RESULIS IN “BAG-0F-WORDS/CHATS™

ANALYSIS APPROACH: 13C
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AGING & "AWAKEN" BRAINWAVES

BRAIN FACTS

b
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Visual

Early Differential Predict Track Predicl
. y Sy MCI—AD disease treatment
diagnosis diagnosis o Ly

. = CoONvVerson Progression oulcome

Assist drug
development

Horvath, A., Szucs, A., Csukly, G., Sakovics, A., Stefanics, G. and Kamondi, A., 2018. EEG and ERP
biomarkers of Alzheimer’s disease: a critical review. Front Biosci (Landmark Ed), 23, pp.183-220.



AGING & "AWAKEN" BRAINWAVES

BRAIN FACTS

ERP component | Amplitude in AD | Latency in AD | Amplitude in MCI = Amplitude in preclinical AD | Effect of cholinergic treatment
Early ERPs Ic I DNA DNA ONA

N170 e t DNA DNA DNA

N200 ! " t ! Less influenced by cholinergic

reatment

P300 il ttt 11 tt Response 10 cholinergic treatment
N400 i " 1" t DNA

P600 I 1 1" t DNA

The number of arrows indicates the number of studies reporting concordant results: § = 1.5 studies 11 = 5-10 studies 117 >10 studies. DNA = Data not
avalable; IC = inconciusive results.

EEG band = Spectral power and phase coherence Spectral power and phase coherence Spectral power and phase coherence
in AD in MC1 in preclinical AD

Gamma Ic Ic DNA

Beta I i i

Alpha ¥ il i

Theta 1t 1 t

Dera m n mn

The number of arrows indicates the rumber of studies reporting concordant results: 1 » 1-5 studies 11 » 5-10 studies 117 >10 studes. DNA = data not
available; IC » inconclusive results.

EEG feature

Alzheimer's disease

Frontotemporal dementia

Diffuse Lewy-body

dementia

Depression-related cog-
nitive decline

Delta-power

Theta-power

Alpha-power

Beta-power

Complexity

e o o o o | v

-t e | wn | | | >

Connactivity

Epdleptic activity

DNA

DNA

disorders show cilferent EEG charactenstics,

Horvath, A., Szucs, A., Csukly, G., Sakovics, A., Stefanics, G. and Kamondi, A., 2018. EEG and ERP
biomarkers of Alzheimer’s disease: a critical review. Front Biosci (Landmark Ed), 23, pp.183-220.

1. increase, |: decrease, DNA: data not available, Across studies there are dear findings suggesting that mast common forms of Neurocognitive




BRAIN MONITORING

EEG + FNIRS BY G.TEC




STATE-OF-THE-ART BCIl/BMI

MULTI-SENSORY STIMULATION ENVIRONMENTS FOR BCI AND
NEUROTECHNOLOGY APPLICATIONS
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DEMENTIA & ERP



DEMENTIA & BRAINWAVES

HORVATH, A., SZUCS, A., CSUKLY, G., SAKQVICS, A., STEFANICS, G. AND KAMONDI, A., 2018.
EEG AND ERP BIOMARKERS OF ALZHEIMER'S DISEASE: A CRITICAL REVIEW. FRONT BIOSCI
(LANDMARK ED), 23, PP.183-220.
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AUDITORY BCI

SPATIAL
AUDITORY
BCI WITH
REAL &
VIRTUAL
SOUND
SOURCES

Virtual
sound
Image
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TASK LOAD & BRAINWAVES

SPATIAL REAL VS. VIRTUAL
SOUND BEHAVIORAL & ERP

RESPONSES

Comparison of median behavioral response times from two tak-load expenment with ranksums resulting p_value = 0.0487
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TACTILE BCI

EXPERIMENTAL SETUP

User palms with attached vibrotactile

transducers used in viBCI expeniments.

The stimulus locations where
represented by digits to be spelled.

The AUTD array with ultrasonic
transducers used to create the
contact-less tactile pressure
sensation.

The user dunng autdBCl
experiment with the both palms

placed under the AUTD array
with ultrasonic transducers.



TASK LOAD & BRAINWAVES
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SHALLOW LEARNING CLASSIFIERS

RIEMANNIAN GEOMETRY CLASSIFIER

In a classifier training phase, a geometric mean covariance matrix C., characterizing each ERP class
¢, is computed, using all EEG channels as inputs. In order to measure a distance of a newly captured
ERP 1o the class-characterizing mean matrix, the RG techniques are used. A geodesic traversing two
points Ci and Cj is the shortest path curve that connects them. It has a minimum length.

A Biemannian distance between covariance matrices is obtained as follows,

b = ||1n(C; )] = \/Zvnwn)l%

where the symbol || - || denotes a Frobenius norm and wiy,....wa the eigenvalues of Ci'C,,
respectively. The geometnic mean of L covariance matrices is computed as,

L
.. — 1 2
D(Cy,---,C) = arg rmanJR(C, Ci)

=1
The shortest curve between two points (Covariance matrices) on the manifold, which is a geodesic, is
defined using the Biemannian metric as,

P(Ci,C;,7) = C} (C;*C;C; ) CF, where 7 € {0,1} is a scalar.




SHALLOW CLASSIFIERS

EXAMPLE COVARIANCE MATRICES OF VARIOUS EEG PATTERNS
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case

RESULTS

TACTILE (TIME-SHIFTED-P300) ERP RESPONSES
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Median results

vect(ERP) + LR

vect(ERP) + rLDA

vect(ERP) + linearSVM

vect(ERP) + rbfSVM

vect(ERP) + sigmSVM

xdawn(ERP) + LR

xdawn(ERP) + rLDA

----- chance

method

xdawn(ERP) + linearSVM 8
xdawn(ERP) + rbfSVM a

xdawn(ERP) + sigmSVM

cov(ERP) + RG + TS + rLDA

cov(ERP) + RG + TS + LR

cov(ERP) + RG + TS + linearSVM

cov(ERP) + RG + TS + rbfSVM

cov(ERP) + RG + TS + sigmSVM

cov(ERP) + RG + MDM
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Results: Median accuracies of all subject dataset for training
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DEEP LEARNING CLASSIFIER

TENSOR—TRAIN—LAYER—BASED NEURAL NETWORK CLASSIFIERS

Deep neural networks recently started to gain attention in EEG community especially for the end-to-
end processing setups. For our approach, we are interested in compacting machine learning
architectures with possible application to wearable devices with imited computing powers. Tensor-
train factorization (TTF) approaches have demonstrated an advantage of scaling multidimensional
matrices to an arbitrary number of dimensions with a subsequent possibility to reshape a fully
connected neural network layer into a tensor and then factorize it. The methodology as mentioned
earlier is apphed to compress large weight matrices of deep neural models within an entire end-to-
end training. Using a trick from it is possible to tensor-train-factorize a weight matrix W of a fully
connected neural network as a d-dimensional double-indexed tensor represented as

W ((i1,1), (32, 2); - - - » (ias ja)) = Gi (i1,51)G3 (i2, 52) - - - G (ids Ga)»
where Gj € Rk X XTh-1 X7k

are the so-called core tensors uniquely represented by indices (/). It IS possible to compress the
weight matrix W in a form of TT-formated low-rank tensors, approximately reconstructing the original
one. We consider a two-layered neural network with 64 hidden units in each layer and replace both
fully-connected layers by the TT-layers with all the TT-ranks in the network set to 4 and activation
functions to Rel.U. For an output of a fully connected final layer with sotfmax activations we choose
two units. In order to prevent overfitting we train and test (using “unseen” during the training samples)
the model with 50%/50% balanced datasets. We also evaluate a recurrent neural network with LSTM
units as a classifier with TT-layers appled to gating units. In this case the network has again 64 input
LSTM units and TT-ranks set also to 4.
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BClI FOR DEMENTIA ELUCIDATION

ODDBALL/P300-STYLE EXPERIMENT




PASSIVE BClI FOR DEMENTIA MONITORING

REACTION TIMES (HCI STYLE) FOR “FOOD RECOGNITION™ SETUP

students vs 80+ |p s <0047 |p <0497

meddeage vs 80+ |p rs <0055 p N <0066

sances low MOCA vs 80+ |p s <0000 |p 2 <0.000
sanices good MOCA vs 80+ |p s <0001 |p <D 043
meddeage vs students |p s <0055 | p_n <0066
meddeage vs good-MOCA | p rs <0003 |p_ 1t <0005
meddeage vs lowMOCA | p rs <0000 |p it <0000

senors Qood-MOCA vs low-MOCA | p s <0000 |p 2 <0.000
sanices good-MOCA vs students | p s <0001 |p = <0002
sances low-MOCA vs students | p <0000 |p <0000
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PASSIVE BClI FOR DEMENTIA MONITORING

REACTION TIMES IN AN ODDBALL EXPERIMENT

Reaction ime (RT) in secods vs. "mocaja”™ n an oddball food picture session
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RT [s)
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08

mocaja

OLS Regression Results

Dep. Variable: RT R-squared: 0.284
Model: OLS Adj. R-squared: 0.262
Method: Least Squares F-statistic: 13.03
Date: Mon, 17 Jun 2019 Prob (F-statistic): 4.17e-14
Time: 09:56:17 Log-Likelihood: 4.0481
No. Observations: 238  AIC: 7.904
Df Residuals: 230 BIC: 35.68
Df Model: 7
Covariance Type: nonrobust

coef std err t P>t [0.025 0.975]
Intercept 2.6862 0.257 10.453 0.000 ) 2.180 3.192
mocaja -0.1610 0.033 -4.887 0.000 -0.226 -0.096
mocajca 9.1358 0.034 3.965 '0.000 § 0.068 0.203
symbola -0.0013 0.002 -0.862 ' 9.389¢ -0.004 0.002
wmsla -0.0411 0.011 -3.745 0.000: -0.063 -0.019
wms2a 0.0486 0.010 4,797 0.000 0.029 0.069
digit_f_ta -8.0571 0.013 -4,236 f0.000 -0.084 -0.031
mmseta 0.0015 0.011 0.143 0.887 -0.019 0.022
Omnibus: 16.410 Durbin-Watson: 1.170
Prob(Omnibus): 9.000 Jarque-Bera (JB): 18.395
Skew: 0.581 Prob(JB): 0.000101
Kurtosis: 3.710 Cond. No. 1.33e+03




RESULTS

REACTION
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PASSIVE BClI FOR DEMENTIA MONITORING

EMOJI-GRID ACCURACY TRAINING VS. TESTING RESULTS

Valence error distnbutions

Arousal error distnbutions Valence error distnbutions Arousal error distnbutions
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PASSIVE BClI FOR DEMENTIA MONITORING

EMOJI-GRID ACCURACY TRAINING VS. TESTING DISTRIBUTIONS
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PASSIVE BCI FOR DEMENTIA MONITORING

Absolute arrousal accuracy error vs. education corrected Absolute valence accuracy eror vs. education corected
"RT" score in an emoji-gnd traning sesson *RT" score in an emoyi-gnd training session
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PASSIVE BClI FOR DEMENTIA MONITORING

TT_FNN CLASSIFICATION RESULTS WITH RT (DEMENTIA'VS.
HEALTHY AT MOCA=25 THRESHOLD)

TEST SET ACCURACY ~90%
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PASSIVE BClI FOR DEMENTIA MONITORING

TT_FNN CLASSIFICATION WITHOUT RT AND ACCURACY DROPS TO ~69%
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WORK IN PROGRESS

BEYOND ERP AND TOWARD MICRO STATES

EEG (man) EEG Imedan)

EEG (imedian)
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WORK IN PROGRESS

BEYOND ERP AND TOWARD MICRO STATES
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WORK IN PROGRESS

EEG-MICRO-STATES & AUTO-ENCODERS

Segmertabion nlo & mucroalates




“LABEL—FREE™ MACHINE LEARNING

PRELIMINARY RESULTS OF DEEP LEARNING DATA-DRIVEN SYMPTOM DISCOVERY
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THE END

CONCLUSIONS

» The discussed pilot results of the brainwave- and
behavioral-based dementia biomarker elucidation offer an
advance in a search for new imaging methods for elderly
leading to a life improvement and healthcare cost
minimization

» In a subsequent step of our approach, we will focus on the
collection of more data in order to train better deep
learning models for further improvements of the proposed
approach



