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2.1 Neural Networks
lasag8auUszam (Neural Networks) TunilslasetieUszamazdsznaumedoya

YUY vector x %ﬂﬂ?ﬂ?'ﬁﬂﬂ’mimﬂL‘ﬂu@m%@ﬂﬁﬁﬁﬂL%ﬁéﬂi%ﬁ?%(ﬂeurons) upazwaalszam

(neuron)agsiafiudugauda (hidden layer) vosaawwad Hudnvesiminigniseusue.

Toyav1eenvauwaddousa (hidden neuron outputs) a4 j™ fie

h; = fl-')(ziwijxi)

= N . . . o | v o ' @ | O = v o
L8 ¢ AB activation function Y UFDUAIU ULT BUNBAUBY NN INIAUN IKRUA (fully
(output layer) aglaayavioenvowad Uszainyieen

(%
4

connected) AUTUT DY a1BBN

(output neuron outputs) @ j&* @

yj = ¢(Z,Uijhi)
L

drdeanisanunazidumaniu annsouUastudeyaviosn (output layer) Ag softmax

function
Matrix notation:
h= ¢(Wx)
y= Vh
e x = input vector
W = a weight matrix connecting the input and hidden layers
V = a weight matrix connecting the hidden and output layers
Common activation functions @115 ¢ A sigmoid function, a(x) §4fon13n158 718

wlviegluyae 0 fis 1 w38 hyperbolic tangent, tanh(x) NMin1senavalvoglugag -1 s

1 %30 rectified linear unit, ReLU(x) = max (0, x)


https://en.wikipedia.org/wiki/Hyperbolic_function#Standard_analytic_expressions
https://en.wikipedia.org/wiki/Rectifier_(neural_networks)

i l

|
|
|
|
‘ Neural Network] : [ h = 0(W,) ]
|
:
:

l

20N 2.1 laserieUszaniey

a o

lasshenudszamuuuteoulunir (Feedforward Networks) fldnuwaizds n1sUeu
Toyavdinput) 1iglassredszamudignildsuldiluteyasiesn output) fenis
= 1% Ny . . & ° v a s °
Seusuuuilfasu (supervised Learning) Aan1svinlimeuiiunasaunsamAneuveslam

lededaes nasanseuinngatayadiegliuaisseenils Jayaviaonfiiiun1snseyi

s

nepdamansazgninaainudignuszandbinatedudeyavidt Tagazkiuga(node)lu

Y

TASIUELAEIATLAE

lassgaudszamuuuteulunindulildauladiiugana aulafigwdtoyaw

¥

WihignAnaainues w anugdagiu

Input layer Hidden layer Output layer

Inputs
Outputs

AN 2.2 TassrneUszanmiieuwuudaulunin



2.2 Recurrent Neural Networks (RNNs)

TAssnsuszamifouuuuang (Recurrent Neural Network) uanainagfudayann
dudrdsunanounthidunsude Fuludoyaresn w anusdoumiingd fessum
vosil ¥ilinaudn TassdieUszamifisnuuuiugiuannsovhauiuddudedemie
s1ems Aununeielud deyavudn X, wagteyavioon he nisaugh A Alideyariuan

yanilslugasielululaseing

© © 0O o
O 00 0o

A9 2.3 TassneUssanmisuwuuIug(1)
RNN equations:

hy = ¢(Wx, + Uhy_4)
yr = Vhe
anurgouna (hidden state) gnAwIu au a1 t (hy Ad intemnal knowledge) A%

gnUeundu a ia1maly (hidden state, knowledge, memories wae beliefs agl4lunis

25u1e hy)


https://th.wikipedia.org/w/index.php?title=%E0%B9%82%E0%B8%84%E0%B8%A3%E0%B8%87%E0%B8%82%E0%B9%88%E0%B8%B2%E0%B8%A2%E0%B8%9B%E0%B8%A3%E0%B8%B0%E0%B8%AA%E0%B8%B2%E0%B8%97%E0%B9%80%E0%B8%97%E0%B8%B5%E0%B8%A2%E0%B8%A1%E0%B9%81%E0%B8%9A%E0%B8%9A%E0%B8%A7%E0%B8%99%E0%B8%8B%E0%B9%89%E0%B8%B3&action=edit&redlink=1
https://th.wikipedia.org/w/index.php?title=%E0%B9%82%E0%B8%84%E0%B8%A3%E0%B8%87%E0%B8%82%E0%B9%88%E0%B8%B2%E0%B8%A2%E0%B8%9B%E0%B8%A3%E0%B8%B0%E0%B8%AA%E0%B8%B2%E0%B8%97%E0%B9%80%E0%B8%97%E0%B8%B5%E0%B8%A2%E0%B8%A1%E0%B9%81%E0%B8%9A%E0%B8%9A%E0%B8%A7%E0%B8%99%E0%B8%8B%E0%B9%89%E0%B8%B3&action=edit&redlink=1

h,_ | his1
1 he = B(Wx, + Uhy_y) he -

Recurrent

memory/state

Neural Network

A

AN 2.4 TasaneUsTan e uwuuIug(2)

Hodusesennfiagaziiusneimusiseezena (long-term memory) 3eennlsi
lasetngUseamanunsnisousnagusu (update) Mfunnnueves (beliefs) lunsnaaug

(knowledge) vaaismuaLITAUINS (evolve) lupgsrparluragly

\
J
™
|/

A 4

|
A - A
]

Xe—1 @ Xt+1

AN 2.5 TAssU18UsEaAguLuUIug(3)
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2.3 Long Short-term Memory networks (LSTMs)

Long Short-term Memory networks (LSTMs) wlasarudrvasdtestilunied

o ¥ ¥ = o

ABUUIIUEINABIAIENTT specific learning mechanisms duSunnAwdsIToyaNazdn

Y

= v o A = | o a v = ]
Nagusu Nazaula "?N‘USSU’J81‘1/1?1’]&]'1iﬂG]G]G]’]lIGU@Hﬁléﬂtﬁ%ﬂ&’lﬁ’]%ﬁ’]ﬂﬂ’]’]

1. iy Forgetting mechanism 1y Iuﬁwﬁqmﬁa inputs 1 91119EENI1 WNUNIeUaDY
beliefs ‘li'uvl,ﬂﬁsm’iﬂ“forgetting/remembering” mechanism

2. 1 Saving mechanism Wlefuuy (model) ldmufudoyalvsiithan Ussifiuinazdudin
foyatiunialal

3. \flonadoyalmidun fuuuaeEuainnisdy long-term information fau &Nty
wiFouihdnilnumesdeyalmidumsauinslfouuazsuiing long-term memory

4. Focusing long-term memory into working memory IuﬁwﬁqmﬁiLLUU%éfaﬂmmm
Feugindiulnuves longterm memory 983 LSTM 1 uuszlew o vty faiy

wanNLY full long-term memory naenLaan Juseuiindulnuaisiinuaulauny

A h

s N N N
I @
A ® A
| of Genil [ o
N 7 AN "

AR 2.6 LSTMs
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[ [

Hanwaln199 HANunLNg Rl

Neural Network Pointwise Vector Concatenat Copy

Layer Operation Transfer

[y

a o ¢ o )
AN 2.7 UANPEUFTNTULNUNIN

WWIRAVANUEY LSTMs BgflduluiuausiuuunensIuisuiun I @010 veugas

YR

(cell state) .umilouaanu (conveyer belt) MzUfduiusidaduisadniosvinuy 3

e o v R | . P
QWEIE’]‘VTTLJ‘UE]@%@‘V]LLﬂlMﬁNWU@EJ'NhJL‘UﬁEJL!LL‘U’ﬁQ

Xt

AN 2.8 NISYINIUNENVBT LSTM

LSTM HAn3anunsaNagtiiuv3eandayatotan usigadnign1snIuANNIulATIE s
A a 1 = [ v A o [ VY 1 1 1 . .
NL38NI1 gates GNLiJumLaaﬂamsmﬂmaaﬂamu PHNLYU sigmoid neural net layer Wag

pointwise multiplication operation AUl
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C?
c
|

mwﬁ 2.9 Gates

Sigmoid layer outputs fiA15en319 0 s 1 nuneanuinaglideyaniuluuinmils

1 0 wlanliliezlseinu way 1 vuefeiuldleaun

Mathematically:

1381 tlﬁ%JUsﬁaﬁJua‘U’]Lsﬁﬂﬁﬂj X, §98 long-term memory way working memory‘ﬁ
QNEAHIUININYGILIAINOU 1tm_ UAT wmy_y veaeaduy n-lencth vectors fifoen159s
DNLAR

maiﬁw%ulmusuaﬂ long-term memory ez Tufinseuaysuluuiiosfisly fefusdd
new input ey working memory ﬁ%zﬁ&mi remember gate U9ITIUIU N FLNRIN 0 fa1
Fausarn1sinduladn long-term memory s1urwwinlsfiaziuly (1 feviuly 0 Aeduly
van) 9218 remember gate fad

remember; = o(W,x; + U,wm;_; )

(14 sigmoid function &4iiA15¥1319 0 89 1)

[

MIUTRYaNANNTAEEUIAN X, 8819 candidate addition to long-term memory
ltm’t = (I)(Wlxt + Ulet_l)

fa91Ni

(¢ A activation function lngunfagidu tanh )

! d‘ QI . d' o v a Y1 ! d‘ U ! v =
ouaziiy candidate TUiauddessoudidrulnunasaunnisduiin
save'; = o(Wx; + Ugwm,_, )
FIUNNTUADU YR9INANNNANUTINARIIATLRINSIdBnLag Tuindiunfiuselovives

'
a o W

ayaniaad1un ald updated long-term memory

e



Itm; = remember; o ltm,_; + save, o Itm',

(o La@naDy element-wise multiplication)

13

lanainagusunn working memory fissnsiaginsauaulalui long-term memory Tu#

Toyanaziiuseleviviuil Aaiuaziseus focus/attention vector
focus; = o(Wix, + Usgwm,_; )
azlA working memory

wm, = focus; o ¢(ltm,)

oy

Tusnisuts Ienuaulasuaudnfdandu 1 vazluaulaaugnidu 0

a3ulaa1 RNN Haun157i9zUdu hidden state e hidden memory LA
hy = ¢(Wx; + Uh¢_,)
wi LSTM Tauaneaunns

Itm, = remember; o Itm,_; + save o ltm’;
wm; = focus; o ¢p(ltmy)
YUTNLLFAL memory 138 attention sub-mechanism AuAdiugos
remember; = o(W;x, + U,wm_; )
save'; = o(Wsx; + Ugwm;_; )
focus; = o(Wgxy + Upwm,_; )
ltm,t = q)(WlXt + Ulet_l)
Pndslatnaz o inanunlgnesiugsenunsagauduildsuiulansil

« long-term memory, ltm,, 139031 cell state , Lansas c;

« working memory, wmy, 138711 hidden state , @404 h,

e remember vector, remember,, 138071 forget gate (fauii71 1 Tu forget gate &4il

AUNYINAUSNIANUITU Lag 0 Selmnumuneindy) wansds f,

« save vector, savey, 138071 input gate (N51¥INNTNFRFUIITBYATIWIUYINIATIZEN

Uanaidn cell state), Lanany i,



e focus vector, focus;, \38A70 output gate, TGENaN O¢

LSTM

Working memory

A

Long-term memory

AWH 2.10 LSTMs

/

Itmt,l
E—

Wimg—q
—»

o

remember, = a(W.x, + U,wm,_,)
save, = o(W;x, + Uswm,_;)
focus, = o(Wex, + Upwm,_y)
ltm', = tanh(Wx, + Uwm,_4)

wm, = focus; ° tanh ({tm;)

\

ltm, = remember, ° ltm,_, + save,°ltm’,

/

S S
LSTM » LSTM
| — | N
- L N - N
LSTM » LSTM
| — | —
IR T
LSTM >
—
[
L]
L]
L]

Hidden layer

LSTM output

Time

Distributed

m‘wﬁ 2.11 LSTM architecture

ltmt

Wi

14

Softmax output
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2.4 Cross Validation
HuTSmaidsadanignldussanasinuzanuaansaveslunanisifoudiados dadud
T¥fuograunsvanslumsreansiioudinieaiioSouiisuuazidonlumadmiviam
Hug sz arwazmnlumsdile mssiiuny waznedns Miflswmsiniiiseus
msUszdiulnasenisly Dataset iilaufuirdulumanazyszanaaussaninaes
Tuna damidntudeteyativualilvaunudadesutsteyaiiu Training dataset Usuith
fulanna wagTesting dataset ioUsuidiuluina doyadedlunauaniduondnuainefiosysd

Yaywdula

Dataset

Training Testing

!

Cross Validation

Data Permitting:

Training Validation| Testing

—J

ﬂ']‘wﬁ 2.12 Cross Validation

K-Fold Cross-Validation Aa n1571 dataset gauvaifiudiuiu K d1u uazusazdiy
tuaggniinléiiu testing set o 9anils agaty S1uau K=10 deyagnuvadu 10 du Ty
Msvhauseunsn daunsnazgrldnaaeulunaidu testing set uavaruilindeiuduild
Andulumailu training set lunisyiauseusonn ﬁauﬁaawzgﬂﬁgﬂmLﬂuﬁwmaadmma
dunsniardufiudogmimfintuluea nszuaumsiasgningrauntusasdiudeyagnld

B testing set
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Acc¢1T—0 Iteration#1
Test Train
Acc ® Iteration#2
Avg. Accuracy | —
Train Test D Train
Acc < ® |lteration#10
Train Test

mwﬁ 2.13 K-Fold Cross Validation

Random Seed

Random seed (seed state #1538 seed) vus uIUNS aINWMBSN O NITEINSTUNS

)
Sufumsguilaiion (pseudorandom number generator) @ sliddudosguanoly
W3z senTRvestuneuntsadei s afufldldaule seed Aritldandanoiuu
Julumunisnisnszaneuesauiiazidu (probability distribution) ludnwaznisduiiey
yadvnMsduazgniunlag seed fau nsduileuazgnisudnadaing seed Aoy
Jalggaslavidedniu

Tun1539edlaldileddu seed Tunsimuanisda i elvnanisnaaosusazads

AunsnIATERLazAIne AudA el Tanegluluaals
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[

2.5 uTeningatas
av A4 o fa o U a X v v v % Ax a ¢ a

MAeReiulsamiAvduTuAnTuINdinwdy nsteteyaniuniaseiuag3s
o v & v | v av v Yo d v = v A % = a
Mdduuanssiuegaudayailaunldiu nsdenldnisseuiiasadunisuitaymdiun
ageraLiog ieWmuIeNITunduasIaIngsy

e (1] Wunisdwunnsitadelsame Computer-Aided Diagnosis (CADX) ag
n1519d33uun Rotation Forest (RF) Aun1s3iadelsan1siudu lsanadue mis uag
lsariala 91W3de [2] lavinmsldnisiseusiesedlaaidontd LSTM Tun1sasivdeungingsy
nilevedlsaiala Microsleep fudaya EEG, 3AlavaantigidIn1ssnyl wagn1sanaunis
$hw1 91137 [3] 16 RNNs wag LSTMs TunisAinwuasusuugenseuiunsyiauludiuay
NRNMTUNNEGBT Intensive care unit (ICU) fudeyanisidisunisinw deyadueesaeg

v =

WAYNANISNAADUINNY 0INAaaIT anUunnliluLas 09 Electronic Health Record (EHR)

Y

ATy [4] M3l LSTM Augunsaifianunsadadldlunsiinsegsindu EEG Aunsinsgh
Foyauuy real-time §18n1514 Multi-level binarized LSTM @slinanisaiaindeu 0.01%
U39y [5] 14 Time-aware LSTM (T-LSTM) lunsdanisfivdeyaduiinnissnwivesdUae
dieliiiihanansovhmsinuldnssmueinislunainnisummdianznis

LSTMs Aplassdnedszarmiisunwauiduinaunluteun vanishing gradient 994

RNNs @eiimnugnniunisiaeiunisviniuvesdeyanduiuiial Wen1svinnuseuaniy delu
a o v = ¥ .«.:941 [y % = 1< .
NATE [6] lonansdenisundemnil ﬂuﬂzw’mayjaﬂ'ﬁimmL‘Uu{]zgm Language Modeling

TnadnisiuSeuiiisuliiiuga LSTMs dwiilaangn RNNs nslddayauuu Time-series 1ilo

<

AawiMTIATIwiteayalsziani nisldlassigszamiiiedlunsimseideyadnidu
A o v v A aa Y Y ' aov . =
madenarausuglunisidsnisnisundeymnudulusuide [7] Speech recognition %3
Sleep stage classification n1514 Deep leaming a1u1salviusedniaingslunisduun
1139y [8] 14 LSTM-RNN Tunisdanisdudeyaidaniwuudy lunisdanisaidueiuay

Uszlenfeazgnileagluguiuy Semantic Vector 91338 [9] 19 LSTM lunisiiaszvideya

AaudsauInlvg Acoustic Modelling @9An31n15l4 DNNs Tun1s3deuunislddayauuy

Time-series 91 udosvilideyanduuiinuaanndesiunindardudayai linseiu

Y

41398 [10] 1al¥ Dynamic Time Warping (DTW) lun1sdnnisdeyalidennaaiusening

[y

uwiavaruTeya



18

nmsihnsiseusinsesnldiutyminisduunyseian vildutdupenisly LSTM unly
Aulggminisdwunienidn LSTM classification 1diudeyaiiludnvauziluddudeiioaiu

\Uu Sequence 139 [111 14 LSTM fludgyim Pixel-level segmentation uag Classification

[y

vteyagunmiduarduguamisesanduiuy $1uide [12] LSTM Fully Convolutional

Y Y

(Y a

Networks 1un139uundayadinuidaian lagld Attention LSTM Fully Convolutional

[

Networks (ALSTM FCNs) 911348 [13] Td9uunaiunasuvesanuivestoyadyyiaain

Y

aa o

WuwesaenisuUaoyasineutdenilufivia Analog to Digital Converter (ADC) 78

v

LSTM modulation dsa@nssadnuundyarals $1uide [14] n5annluuLNuYe99 8ya

Y

) v v a vy A ' .. . = & aday
auaenslEn1siSeuiAT898E19 Decision Tree WAy Regression Tree Juidudsilyl
Tudounazlanana

msUszandlitoyavedsansiududmsunsidadelsatunisldniaseuiiesenduy
Aaulauszegnilanar 1uide [15] n15LY Fuzzy k-nearest neighbor (FKNN) & aiduns
a vy A = v fa o ° = PN v aa
Seuinseiuunilinisteyavedlsanisiudu TnevinisiuTeuiisunaiuisnis Support
Vector Machines (SVYM) lagnanisnaasdlamaaiuuduging 96.07% lagtdunsld FKNN

U v

J9a8l5ANIS N UAUA28Y Extreme

a

57ufU K-fold cross validation 9113798 [16] Ldunns
Learning Machine (ELM) wag Kernel ELM (KELM) s2uAU K-fold cross validation a2en15
Benddnisfiwediiievhnsusunilassneussamiion fenisususiuviusauszamiiioy
wag Activation function Tu Hidden layer 89 ELM wag KELM $11338 [17] Tdaandnenssu
yodlassdiedszamifisnuuuing lunstmungnsmanslunisaidunissnwlsemsau
Fu Tunsisewanndunssniiunsinudenisld Dynamic Temporal Matching (DTM) s
l¢sunsstuntalanin DTW lusu3sed 19 DTM fuluinaves Personalized Linear
Regression (LR), Personalized SVM, Multiclass LR, Multiclass SVM, K-nearest Neighbors
(KNN) wag LSTM wansi3euifisunudn KNN vileffigaia 95% s1wide (18] 1deyaves
Parkinson’s Progression Markers Initiative (PPMI) dataset Feusznoulumae mﬂﬁfjjgﬂmw
91mA309 MRI 1Junnsld Convolutional Neural Networks (CNNs) Tunnssuunguaimann
MRI iz‘Vi’i’Nﬂ’]‘WﬂﬁﬁLLﬂuﬁN@ﬂﬁJaﬂﬁiﬁlﬂ’JﬁJLﬂuIiﬂWW%ﬁuﬁmLazﬂUﬁiimﬂ’] A1514 LSTM

dm3udioya Unified Parkinson Disease Rating Scale (UPDRS) @sfinany Features Tun1s
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[
[

AFeldviinissaunie 2 egradrdedudulina CNN/LSTM classification 414338 [19]
Deep Neural Networks gnisnldiudayagunImuein1mnsuanuauednniased MRI wag

DaT #28n15k4 DNNs vadlasma CNN, CNN-RNN wag Bidirectional LSTM (B-LSTM) 411338

Y v
v A o

[20] 1¥9oyaan PPMI fiu LSTM iilednuuneinisvedtsamsnuduy dalsaiuuiidnludesyh

NsTMUNNALDINTSERENeYINTSNw 93T [21] 19 Artificial Neural Networks (ANNs)

[

way SVMs Tuniswauszuutiedndu (Decision Support System) @1nsulsans nudu

3de [22] levihmstienunsiesisidayalsanisiuduves Neuroimaging Modalities &

'
o A

Junmsfinwanuddediuauinn dWesdiaue uuuunszuiunsinnueensidedmsunis

' 1
v aa v

"\]O’]LL‘L!ﬂ“UENIiﬂW’]i?UﬁUV]&WN‘UENi;IJa EEG, MRI, SPECT, Gait Analysis, Motion e Speech

Fuanlmdusagy

Feature Feature

Input Data Pre-process Classification

A 4

y
A 4
y

extraction selection

AN 2.14 N1591191U9839 Neuroimaging modalities LWans13gaU PD

1Ty [23] Msldausnlvudunldlunisfnwlsanisiuduaiunsadelvidoya
anunsanuldwezwazdndisliasaniu denisfinyinsusunauvesnusssunuazEUielse
W15Audu Idiopathic REM sleep behavior disorder (iRBD) #28) 7 LuuUNA&@U LiaWiIN1g
Uszidly Ldes, nsnsadn, mMsdudaveadiaile, MIneuaues, MIduvuein uay nsduvy
20nvMe MNweUnAltuiignyiunlasane ¢1ulde [24] msldausvlvuiasnsisous
K dl' = fa o 14 3 -3 ! A
\ATedaUWANTULTadlsAN S AudY nsldaunsninulunisiiudeyandt 6 Weulunis

'
o w [y =i

afn Features @AAuLi® mPDS 91138 Rank-based machine learming 914348 [25] 1

n19Seuisun1siSeus a3 eawuunegUsznoulusae Neural Networks, DMNeural,
. L. YR fa o A& v = v A o ¢

Regression Wa Decision tree fiudayalsanisiudunludeyaidoeasUiemorinnsfng

wazkan1sAnyIMUIlaselsEamiiesausavinlaangn
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3.1 %’agamé’ﬂumﬁﬁ'ﬂ (Data Overviewing)

[y %

Foyailflunmsiseidfiegdety 2 uuufe feyannAduein wazdeyannifuiees
Felfinanmsihmsnaaeugdasmaaey 100 au uiadugiitheidulsamsfudu 50 au uas
gilivaedulsemsfudunioauund 50 au Tnsuuunaaeuazldteyaun 100 ¥a vedusiay
ALLATLENIINAY MIvndeunaindeuiitetifiedsumadeuiiazdne uasvinimeaaeuiiai
HRLENREIIRPATENPY

ANSNAABULUULNG AD NSNAABUNITAA BUNVBITLTaU A8l IaIMadau 15

v v

Ju9 neRduasa 2 fdnus Tusseslndluiidae fdnues “B waz”M” lagaiudueasin
L A o L oA My a 'Y ° & &
T19nm 1 fwazinlilanedn 1 /1 wagyinin1sNAERULUUN 3 AS

AsnadauLuUlng A N1sNA@aUNsLAd auivat It ad1%R e lgIa naday 30

(%
v @

a P ¢ & v o S «_ s 5 /3 2 vaa
U NARGUBTA 2 fonws syelnalunife denws “z7waz”/” 1ngaiuduas N
7nm 1 fkaztnlilanndn 1§71 wazyinnisnaaaukuull 3n 3 A9

ﬂm/‘f’m’mﬁwﬁ’ayjamﬂﬁiauwmaauﬁlﬁﬁ’ssmwuﬁui’faagaawuﬂamﬂama%m'mé’h

v
< £ (Y] a

Auay Jadindiiivdeyanannfduesauazidugesiunandeaiu udwihnisiudoys

Y

dniuwravau aiuluninawmestzUsznoulumedayavindduasauasiduees aunsal

Juludsgui 3 lulwawesegldtoyafuiiuliluty wazdlodvaaeuviuuunaasuasunnau

Y

al

seladayavianuaivluliawesifieriueg1dnlud® Jalduansguuuudoyanlaululugy
12 Wnedeyauuaniuluguwuulnduinana .csv daduifleyldiuegaunsraieagva M98

azantunisiluvssendldanuduaselulasn



Parkinson Data

Control
|
1C 6C | mmmmm=| 98C
............................................... >
|
Keyboard Sensor
T MNIL | MNIL
] MNIR | MNIR
] MNZL | MN2L
] MNZR T MN2R
| MN3L | MN3L
| MN3R | MN3R
1 POQIL — PQIL
] PQIR | PQIR
| PQ2L ] PQal
| PQ2R | PQ2R
1 po3L — P3L
— PO3R — PO3R

A i 3.1 Yayalulndines

Treatment

100

v

B S

22



d' o 1 ¥ a 6 3
719199 3.1 FIBYNUVDLAVNALUDIN

Time key
0.851 m
1.243 b
1. 602 m
1.945 b
2.304 m
2.647 b
2.99 m
3.318 b
3.661 m
4.4 b
4.348 m
4.66 b
53 m
5.377 b
5.72 m
6.64 b
6.438 m
6.781 b
7.14 m
7.514 b

23



A15199 3.2 F79819U0YATBNTUYS TR NI AT

24

Time Ax Ay Az Gx Gy Gz Ax2 Ay2 Az2 Gx2 Gy2 | Gz2
0.05 | -3540 | 4056 | 14024 | 177 -20 131 -3268 7432 16188 500 -220 9
0.08 | -3624 | 4116 | 13888 164 2 115 -3432 7264 16244 482 -357 8
0.11 | -3476 | 4124 | 13776 | 250 371 35 -3284 7576 16548 381 -872 2
0.14 | -3548 | 4124 | 14072 161 | -211 126 -3360 7404 16400 451 -226 7
0.18 | -3596 | 4232 | 13884 | 166 35 133 -3240 7504 16348 496 -254 9
0.21 | -3480 | 4172 | 14048 188 177 41 -3256 7432 16304 488 -106 -3
0.24 | -3724 | 4060 | 13864 | 159 127 79 -3440 7340 16376 500 -147 2
0.28 | -3516 | 4160 | 13940 172 237 58 -3396 7268 16204 500 -85 1
031 | -3736 | 4116 | 13988 | 221 122 66 -3424 7396 16176 486 -170 4
0.34 | -3412 | 4100 | 13964 | 179 | -151 178 -3148 7384 16288 507 -440 17
0.38 | -3540 | 4240 | 14028 | 238 333 29 -3296 7416 16204 580 -2 -1
0.41 | -3628 | 4068 | 13876 141 -9 129 -3460 7360 16272 449 -232 7
0.45 | -3388 | 4136 | 13984 | 183 | -142 | 240 -3196 7428 16348 531 -249 9
0.48 | -3556 | 4164 | 14072 | 282 265 40 -3316 7484 16392 547 -89 -2
0.51 | -3480 | 4008 | 13988 | 240 61 82 -2776 7704 16720 586 -27 -2
055 | -3600 | 4304 | 14264 | 289 321 133 -4012 6996 16192 639 -314 15
058 | -3444 | 4232 | 14248 | 341 312 260 -3216 4004 12876 | -2444 | -124 22
0.62 | -3816 | 4152 | 14152 | 454 | 1080 | -84 -3456 7736 16432 479 391 25
0.65 | -3304 | 4284 | 13880 | 814 | 1324 | -36 -2916 7556 16484 -40 409 48
0.68 | -3904 | 4364 | 14208 | 918 | 1674 | 103 -3944 7276 16476 | -1102 -13 32
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3.2 nM133an15Uaya (Data processing)
n3viAuare1ndesa (Data cleansing) doyaitldunfidruiuliuindn urdad
Annaineg Tavududewinnisdnnishignaesisasinluldusslevineldegnslifinniy

a o v Aa a ° | a o § v v &
NANAIEUSAU 'Vi']ﬂGU'E]llaVlllﬂ'J']ﬁJNﬂwaqﬂuqlﬂi‘sﬂUIﬂﬁﬂsU']EJ‘Ui%a']‘VIL'VlEJlI QSWWIMNaaWﬁﬂqi

Y

[ [

FuluULENINATziTY Feanuianunfvetayaiiang

Y

=De

[y [y

1) awuliigndes Aeddunadesiutunaen Wedmulaiindwewdnsesl

Time Key

0.153 b

0.953 m

1.725 m

v

0.573 b ><
0.573 m

0.79 b

2.469 b

dl U ! ¥ o U ! ¥
AINN 3.2 G]']@EJN?JENGUEJ@;IJ@@’]@UINOﬂ@EJ\‘I

Y
I
v tY

2) Fdeyanne Aeteyaddiunamely wavdeyafdussameluuwalunsaiveyafduu

Y

1 < 1%
NUINTUNITNANUITIA(Space bar)

Time Key

0.59 /

1.885 Z

2.354 /

3.106 X
X /

5.693 /

] o ! 1% d‘
AINN 3.3 WQQUWQSU@QGU@H@V]M"IU



3) deyaviudeuiu fedeyavesnisnaasunutlnataslnaudeiumsewnsnyuan

Time Key
12.006 m
12.98 b
13.453 m
14.4 b
10.54 z X
11.301 / X
12.068 / X

A9 3.4 Fegavastayariudeuriu
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4) deyaluseilesiu Joyaszminvfduesanasiduwes ssulivinduuaziailinsaiu

Fevvnsenuagluls Aasvinniswnlunau

1 | Time | key Time | Ax Ay Az Gx | Gy
2 10851 | m 0.05 | -3540 | 4056 | 14024 | 177 | -20
311243 | b 0.08 | -3624 | 4116 | 13888 | 164 | 2

4 11602 m 0.11 | -3476 | 4124 | 13776 | 250 | 371
511945 | b 0.14 | -3548 | 4124 | 14072 | 161 | -211
6 2304 m 0.18 | -3596 | 4232 | 13884 | 166 | 35
712647 | b 0.21 | -3480 | 4172 | 14048 | 188 | 177
8 | 299 | m 0.24 | -3724 | 4060 | 13864 | 159 @ 127
9 | 3318 b 0.28 | -3516 | 4160 | 13940 | 172 | 237
10 | 3.661 | m 0.31 | -3736 | 4116 | 13988 | 221 | 122

lﬂl L 1 14 [ dl U
AN 3.5 masmsuaqsuau”aimamamu
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dievmsudatgwimuauds Adeyauidesziileuludoyaideada n1st

Payauiiaseiilesnuladfiilranunsadnlasnuae wuildy wagaunsafmuafianig

Tunsihdeyaluldliagainyu

M19197 3.3 Yeyaadifandeyadiy

Result far_ctrl far_treat far_treat_hdom near_ctrl near_treat near_treat_hdom
mean difference 0.559464274 0.73818 0.750641 0.396426 0.445987 0.44779581
std difference 0.131547289 0.199998 0.202275 0.084454 0.190223 0.217287216
Var difference 0.036547837 0.063239 0.060914 0.010302 0.057279 0.0707939
mean trend -0.004580016 0.008825 0.012798 0.006592 0.028921 0.020493553
sum trend -1.181644025 2.603239 1.881256 1.700642 8.763194 3.135513625
burst 0.027131783 0.091525 0.156463 0.224806 0.864686 1.366013072
std burst 0.162783157 0.629569 0.873512 0.651133 2.669085 3535071714
repeat 0.798449612 1.054237 1.170068 2414729 3.980198 5.137254902
std repeat 1.121976057 1.824933 2.133793 4.359624 5.514545 6.664970114
2keys at once 0 0 0 0.089147 0.415842 0.529411765
std 2k 0 0 0 0.335625 1.03515 1.147415996
key1 29.00775194 22.47119 22.06122 23.18605 2251815 23.1503268
key2 27.80620155 21.54915 21.17007 22.09302 19.36634 19.02614379
key3 0.879844961 0.711864 0.802721 0.217054 0.825083 1.052287582
key4 0.166666667 0.213559 0.258503 0.011628 0.09571 0.14379085
error 1.808681672 2.058979 2.395945 0.502513 2.151118 2.757685353
std err 2.973807776 4.431773 4.274251 1.880007 5.665992 5.675309985
velocity 1.89379845 1.467345 1.441043 3.018605 2.792299 2.811764706
std velocity 0.448564189 0.37087 0.349411 1.301374 1.265705 1.448579153
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WA 8V1AULT11aRAN5197 3.3 AakUandide “ctrl” nunede AUUNATILINSIUNAEDY

3endn “control” uagde “treat” vianeds gnadeulunisAudu Sendn “treat”

' (%
v LY

1FmilaniAvmnsu A nnAuUlgsdillotenden1suinnindndrusendetuin
d WuLee ATUIINAITIN 3 FENUT

“dominant” FluNuly “hdom” @e dominant han

Uoyaatiaves far_treat_hdom Wag near_treat_hdom agwuINieEINTIIDUY

AATILYATIT 3 WU U AAIAI9989NIINANAIVAN 8NLIUTIUIUATINTAA
a6 - - & ] = = < a6 s | . =
Aduasa TenfereRIus keyl Fogawnaudsnnusilunisnafduasnegie velocity &
AUreazUszaulymilunsieduivesiiawaziliiisagudidliansavilaunvinguaiuay

Faduuna

y = 0.2688 + 0.0077 x
trend = 0.27858996138996095

1.2 1

1.0 1

0.8 1

0.6

0.4 1

0.2 1

0.0

A 3.6 fegvenTivesleyarmageuiilenisvedsa

WenaiilaauvaneveiiUsuarAd1elunisei 3.3 asnudngUieasiinuiliy

e

L 4 ¥ 1 =

uiuUenidnsunaaeuil Ae

'
o

lunishuvunaaeulduwgninaudnd wnnisalfidinaziin

2)

[y

N13nA9 (repeat) N15NAAS (burst) kazn1s 2 Agnsaudy (2k at once) FeUs1ng ity

14 1
A

wnndtugUag Meildedunauuiliunisiuuunaaeuaniilegnsned 3.3 dauwdsuuiliy

(trend) WudtvesnguAILANtUNUINIsAnaU Lo InAuUnANI LUy uugI AN
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Lidudeuezlsuuuiaziianmsiuun fie vilamsUunazatu wilunsdUisaziinwilduiiug
aun iy wagannIni 3.6 FadunsuwandliiuingUisrunilainuuuneaeuliugasogng

dnLau warenisua1lazusinguintudienainiuly wietiesvinequaswuunagau

ndnyanudladnvaeaneguestayatiuas Jaau1saniwuInianeg luld

v

Usslavisalaazaintu 9lunisidedas nsindeuavadluldiulaseneussamifieunuu
CY R

LSTMs 109

nsuUasdoya (Data Transforming) ndsaindanisiudeya (Data Cleansing) 159

Y = o v 'Y = DN, = ) P v Ay W
bLa"d "\Nuwaiﬂamf\]mzwEJUI%E)*@JJMEULLUUL@EJWU Luaﬂﬁ]’]ﬂﬂa%aml@mqﬂﬂ']']ﬂf‘.n’ﬂllLV]']ﬂu

a

wWavibianunsatnlUTdwazUsyansanlunisyinnuvedasatieUssanmisukuy LSTMs 39

[y

Indusewilitoyainuerviiu

Aa o I | v

WensvegudindeyanidedrAyeglurivineveiwsiaznisvegeu wasiiella

Y
£ L3 % v

Joyaauysainanivnmueigavesdeyarivun udilddmtuluauenvesdeyaild

Y Y

AULATIU8UTEAMASURUU LSTMs

Minimum Length

AN 3.7 NMIMVUARINENIVDITRYA



Parkinson Data

'
P [J

= v
AN 3.8 VBUANYNNINUA

Y
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NN 3.7 TeyavewnaukaznuuunageuIzgnuUatliniouiu auldidu

Foyalunmil 3.8 lnglunsideildvihnmsudanlunarenuuiiienisldnuiivainvaielagay

wandlrmsuiniuluTunausslUiiaanutnlalulmaznisnagau

¥
o

n1suUevaya (Data splitting) luawidedvinisudsdeyauuugy dmiunisn

IAsseUsEaLiien (Training set) kazdmsunsvaaau (Testing set) 119

Train set 80% : Test set 20% 1%38311N15T 0y a7 kAU 100 AU Aed1msunquAIUAY

(Control) # 40:10 LL@%I}J:IIJ’JEJ (Treat) i 40:10

Control Training Set

Testing Set

Treat Training Set

Testing Set

o

Random selection

A 3.9 Data Splitting
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=3

Taualun153udidnin F9lald35 K-Fold Cross Validation wiaUszangninlunis
Seujveslumagaiigawinfiazdullle Weswnmsuusdeyawuunialyaznulgmlunis

QIJ U 1 a .

Boufveardesiilivimniegianaiiouiidildussansaminiiang
msitedasdniiuniats 2 wunmsusdeyaiienansliifiunuunnssvomadng
Tnoaglflumaioafunastogaiioaty ndantuazshnmsmaszansnwgeanainns
Usuasulsansguodlung Foudauusldidu 3 LBUNEN)AD
° miﬁﬂLﬁumiﬁ’mmmﬁaaﬂaﬁugm

®  A15ALHIUNISAU K-Fold Cross Validation

e nmsUfulilemUseansnIngegaiu K-Fold Cross Validation
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3.3 Auualuna (Model Creating)
Payanldivsruulasainelasainguszamiiiniuy LSTMs Sivaneuuuliionandlv
WiunsUszgndldnisiseuivenniesiunienisunng aunsavilduagyinlanatsuuy

\HesnndeyauuiianuuandiusznindeyannfdueinuardoyannduresuasndAry

AN wiaydaRedinnnsgIuANETIsNeY

o
av a

n539e8duy Binary Sequence Classification laglt LSTMs
lasaneszuudszaimiien LSTMs luuidelidndudesinunvuinguiiuas

WU wagnsweguarvitneinisteyavieenidunisiunenaidy Positive vise

Negative
i/p shape network shape . ,
< > < > “Positive” or “Negative”
a
(] g8}
& @
= Inputs = LSTMs Outputs
- 2
= =
v
c
Sample# ¥ Layers# ¥

AMA 3.10 dnwazaeslassngssuulssamiisulun1side

n5198ilY Multivariate multi-step LSTM model a1ndeyavieeniasdniiuunla
< . . P ) 1 = o w o 1 a
Wuuu Multiple input @sdandsanggiinnudifglunisssailaseuielszaimiien LSTM

TunATetngsldinIesiiovas Keras WWundenldiuagraunsvans

i71LUs epochs, batch size tag neurons aziinanaUsyansnntarUszdnsnaves

(%
[y 1 |

nsIdellegweauas Usngnisal overfitting anansausuusanlulaainmsidwesivani

d" I L) v
FAUUFNNUALATIAT 19D IR
L] d‘ v
® Epochs FuusaUNUOULN
® Batch size YuIAUBY batch Tun1stauwfazsau

® Neurons 97121 neurons Yadlsiag hidden layer

muUsvangiauladmsunsuTuusaiemuseananinvedluwa

® Activation Function
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® Optimizer
® Regression Loss function
® Dropout Way/#50 Recurrent dropout
anansofvuasIuTuTes Hidden layers puAT AN AL ﬁ’jﬂé’aﬁmumgﬂuwlﬁ
iy Weld model wd Jandeifissnisimunguuuudeyaridn annsathdeyaiidans
@S anaunUsuld
AvuA model ImaL‘%'ué’fulé’ﬁ]’mﬁgyww,azﬁaga doyavieenazgnimualaedymae
n step out 91nUgynn Binary Classification FlFwinfu 1 warld activation function i
sigmoid éwﬁusﬁumaumﬁﬁwLﬁumsﬁm%’umsﬁau@ﬂ?m udnqUsznavlufe 5 duneufe
1. Define Network :

Neural Network 1y Keras f\]SQJﬂﬂo’]ﬂ‘UYﬂLﬂ UBUNTUUDY layers A38NITNINUA
sequential class Tu layer#1 2gA1nua input shape 3D #naggau LSTM layer 287 03
% layer NOUNIN output Ju sequence N19L89N activation function d@%3U output i
anud e Tiandniuusas lyvndsaemluurazgmld activation function

® Regression 14 linear wagduau output neurons WU outputs fidaanns
® Binary Classification (2 class) 1% sigmoid tazd1uiu 1 neuron output
® Multiclass Classification ( >2 class) 1% softmax Lagd1uIu output neurons
WU class
2. Compile Network :

Compilation \un1suuas layer sequence ﬁlgﬂﬁmumﬂ'auwﬁﬂﬁﬁuau}mmaa
matrix transform luguuuudmiunisazgnaniiunislu GPU w3a CPU

Optimization function gantie

® Stochastic Gradient Descent @ 193§ 834015 tuning ¥®4 learning rate Way

momentum
® ADAM @3799n15 tuning 984 learning rate

® RMSprop Fagienns tuning ¥®Y learning rate

Loss function 11913514
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® Regression 1% mean square error
® Binary Classification (2 class) 1% logarithmic loss Qm%’&m’h cross entropy
%39 binary crossentropy
® Multiclass Classification ( >2 class) 14 multiclass logarithmic loss %38
categorical crossentropy
3. Fit Network :
U431 n complied @11150USU weight UU training dataset UUgULUY input,

output = X, y kaza1u15ausu epoch tay batch 18 1%’%@%6, training X Wag train y

4. Evaluate Network :

naeaINgnsEuLaazyinsUssliulagveaeumedeyaignuenlifie testing X uay

testing y
5. Make Predictions :

ynsnageuyhwenatuteyaldiduguuuy format ves output layer
® Regression 9199zl U format m59970 linear activation
® Binary Classification (2 class) 9¢1¢ array wosamvrazidu degadadu o
VERR!

® Multiclass Classification ( >2 class) 2zl array vesAudnzdu

soaniazuanidanesiiudmiumsldnunildveinmaiouiveunisazitegrduiadiu

o

19401191 Python wielidnlalassaiuas JULIUNIINUYBINISSEuveRATadmIuITell
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# 1. define model

model = Sequential()

model.add(LSTM(n_neurons, input_shape= (n_steps,n_features) ,
return_sequences =True))

model.add(LSTM(n_neurons), activation= "relu’, return_sequences =True)

model.add(Dense(n_step_out, activation="'sigmoid")

# 2. compile model

model.compile(optimizer='sgd’, loss='binarry_crossentropy’)

# 3. fit model

model.fit(X_train, y_train, epochs=n_epochs, batch=n_batch, verbose=0)

# 4. evaluate model

loss, accuracy = model.evaluate(X test, y test, verbose=0)

# 5. make predictions

yhat = model.predict(X_test)

# Save model to single file

anansavedeUNIYINeRaras model lamenisindeyaunviaeuaLaunsaty

msduunla senst input nainuvasdu 3 IR wdiaesguaveanisyinungl

# demonstrate prediction

x_input = array(...example...)

x_input = x_input.reshape((n_samples, n_steps, n_features))
yhat = model.predict(x_input, verbose=0)

print(yhat)
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a1115091n150Uiin model dusuiiluisenlgaudnass Tu script Tulanansanii
Inanluwangninuudy s megeuladn Auteyalyaiisuwuu X, y (Wuures supervised

learning)

from keras.models import load_model
# load model from single file

model = load_model(lstm_model.h5")
# make predictions

ypredict = model.predict(X, verbose=0)
print(ypredict)

Luadnsulasaneyssarmiisunuulnuaussamuuunall Aileusatuasunn

|
=

11uANe Hidden layers way Output layer Fen1glulvunlidladinisvinnududou agreau

19UAY99 LSTM N198vaudusaun I asianuiuguinnu

mput_1: InputLayer

l

densze: Dense

:

dense 1: Dense

l

denze 2: Denze

:

dense 3: Dense

Al 3.11 Simple fully-connected neuron model
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Tupeulstannsailrinisseuiveesosaunsavinlavianelamanseufulunsly

Togavndrvedunatulusuuieriuld uazaunsaSouiisunavedunald

Fix random seed for reproducibility
Load dataset
Split into input (X) and output (Y) variables

Reshape input into 3D format : (samples, steps, features)

Define Stratified K-Fold cross validation test harness : K=10

Create variables for collecting accuracy data from models

For train, test in kfold.split(X, Y):

Create a model#1

Compile model#1

Fit the model#1

Evaluate the model#1

Print the accuracy percentage of the model

Add the performance data into the variable

Create a model#2

Compile model#2

Fit the model#2

Evaluate the model#2

Print the accuracy percentage of the model

Add the performance data into the variable

Print the overall performance from the variables
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3.4 antlunslddayaiulasetieyssamuuuiiies (Data Using)
Toyav ey LSTM input layer siaaiuanuiif (3D) fia Samples, time steps
way features Faazgninmunlif input shape liindeyavidrazduegnlsaunsly

reshape() lunmsiiiiiludeyaauialdiaye

a519Tt 3.4 Input shape

Feature 1 Feature 2 Feature n

Time_step 1

Time_step 2

Time_step n

INAITNT 6 input shape 189 dataset UUALAINUAAITIUIU time steps, T1UIU

features uag 31U samples Waldlu reshape(samples, time steps, features)

' '
a A

TayadiuLInfonudnyalvedliaeiaTenseus X wavdoyadiusounad
1A30IRBIT LN FauUasdoya time series T supervised leaming uazkaansiaanis

Expected outputs : Y

A15197l 3.5 Supervised learning

lun153deil elvazainsenislidanunaiesunuuvesteayavidl Juinisuuadeya

Tngliunngegaonun Mndeyalvey X, y Aldumdeainnisdnnisteya inisuladeyawen
v ) a o | . d'é’l’ v °

AuANYME (features) aanuilu feature LAYl UagnvuaAl time steps o NHlEA9EA

Y93AUENToYAIUTUABUNITIANTTTBYA AR minimum length 91NANEIITINYBY X, y
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9xl§91 time steps x samples = input total length §auiiald@1 minimum length 9zl

M151UA1 samples tauenasnnnnistdauasly wWelilinisnaassduau Tuamisifimes

99 1H9997NNTITeHAY

£%
P

Wihvanegusuuladetu

VI’]M@’]EJEULL'UULL@S

Parkinson.csv

[X vl

\ ¢

gy lapnusisvesnsldguuuuteyan

Feature 1 Feature 2 Feature n Expected Output
1 Time step 1 | Time step 1 1
1
Time stepn | Time step n 1
Time step 1 | Time step 1 0
Sample 0
Time step n | Time step n 0
Inputs

Time step 1 | Time step 1 1
1
Time step n | Time step n 1

v
X y

AN 3.12 Input shape
13911 sequence splitting vilvianansalilaiuynsuuuudeyaviin Aeteyaveidn
aefilalaus 1 feature auluiie n feature Aarunsavila lududureseontuuluinanay

reshape Yayavninlminnasuilievhnisiuasugliuudoyaridn
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3.4.1 mslddayaiteaiin

s =

nA15197 3 Fedudeyaaiifsiuvetoyafduein Jaumazn1saaeunidoyaid

d0AU09MILeY 9lA Features AN99Y19 AIMNUANA1NLIAIVDINITNAAE VDT A (time

Y a1

difference), wuAlHNvDIANULANANUBAIAT (trend) adAnduuInwlainnisnadnas wse

[
= 1%

Tumenduiudrdanduauudainnalalinty, msnadns Burs), M3neasn (Repeat), N3nm 2
AgNSouU (2 keys at once), N1INAAGANNY (keyl, key2, key3 Lag keyd), AUAANAIA
(error) wazdnIN5a (velocity) auudanlu 11 features aglddfvestoyavidniu input
shape Wu 11 uazdieeng (sample) Wy 12x100=1200 samples 1A raw sequence shape

1Y

X il

M1319% 3.6 Input dmsudeyaldeaia

Mean | Trend | Brust | Repeat | 2k | Keyl | Key2 | Key3 | Key4 | Error | Velocity | output

foyauesusaz feature Suldgnimuaauendli 1 time steps 39ldfifves dataset shape i
LUU n_sample n_steps, n_features W 1200x1x11 Jalet
® Input_dim = 11 é’m%’u%umauﬁ%ﬁm%ummﬂasﬁ'a;ﬂammg’m
® |nput shape = (1, 11) dmSudunenisd iy K-Fold Cross-Validation
vdnlg dataset udatu Jahwuuadaya (Data splitting) 1u Training set uay
Testing set 11 X waz Y wd? Foyailu 3D dietoud model ndsanimuaAmITimesAaTaSIudn

wlonadnseanun IngltAsuauvasiinUseall
® neurons = n_neurons = 20

® ctivation = optimizer = ‘relu’

epoch = n_epochs = 100

® (oss = cost function = ‘binary_crossentropy’
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3.4.2 mslddayaanAduaia
TayavoInd uasagninuLlainlgyiin1sulateyadndisneysed1s “b”, “m”,
«_ 3y w = = | =3 Y ° s & = Y
27, “/” wazaue) Wum -1 19 1 MenSMUUAALLULTRINITNARIUDIABUAIFILUTINN
A151973 leeadl
® A15nAANa (burst) AUl -0.5
® n3nA% (repeat) MuuAlin 0.5
® A15nARA (error) AMUAN -1
° vl
e nsnagn Amualin 1
® 913719 MnualiN 0

Y

¥ a6 6 o P 14 4 1 U 14 @ 5§ v = =
SUE'J?,;IJaﬂEJUEJiWiI%QﬂVﬁIMLUHSUE]QJa 40 Hz IMLV]’]ﬂU“U’eJZ;IJaL"UUL%’eJi AIYNTUTEUNYU

(%
Y [

NAvRIRsURSANULTUeS Falldunausiail

sensor data index = 0
keyboard data index = 0
new keyboard data =[]
loop sensor index in range of sensor data length :
check keyboard time >= sensor time:
use keyboard feature data
keyboard index +=1
else : use 0 as keyboard feature data

sensor index +=1

ToyanAguasnazla 2 features An Laan (time) wae /g (key) F1IUAIBEN 1200

samples 9glA raw sequence shape : X



a2

M13199 3.7 Input dwsudeyarduase

Time Key output

Yaa

Yoyavetusiaz feature duldgnimuaainue1ilid 500 time steps elddAvos
dataset shape Huuu n_sample, n_steps, n_features U 1200x500x2 Flgt
® Input dim =2 ﬁm%’uﬁxumau‘i‘%ﬁm%’mWiLLﬁﬂ%’a:ﬂammgm
® Input shape = (500, 2) dmdutuneudsdmsu K-Fold Cross-Validation
vdnle dataset ugah Jathuuusdeya (Data splitting) 1 Training set way

Testing set 719 X wag Y La239a11150 reshape toyaidu 3D wedeouidn LSTMs model

1%
=]

vdnimunsmiwesieqasudingldnadniosnun TngldmEusuvesiuussad
® neurons = n_neurons = 100
® ctivation = optimizer = ‘relu’
® Dbatch size = n_bacth = 100
® cpoch =n_epochs = 100
® dropout = 0.0

® (oss = cost function = ‘binary_crossentropy’
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3.4.3 nslddayaanituives

(% '
6 a A U A

wuirdeyaaniduiesiuiidmilsimieutuvesmng sequences Ao 11a1 (time)
fafudsaunsadneenld Teldtoyaainduisedazld 12 features Araniduiees
(Gyroscope sensor) Usgnauluaigainaase (Acceleration) Aia Ax, Ay, Az, Ax2, Ay2 Way
Az2 uazA1yl (Angle) ) Aa Gx, Gy, Gz, Gx2, Gy2 way Gz2 9N 2 daiaalinsetadavane

1vesfiinsun1svaaey IuIUAIENe 1200 samples Al raw sequence shape : X

A13197 3.8 Input Teyaiduiges

Ax Ay Az Gx Gy Gz | Ax2 | Ay2 | Az2 | Gx2 | Gy2 | Gz2 | output

Teyavetiag feature duldgnimunaiue3lin 500 time steps aladfvas

dataset shape {lUU n_sample, n_steps, n_features U 1200x500x12 Jgla

® Input_dim = 12 §mFutuneulsdmiunsuusleyaiinigu

[
] v v

® Input shape = (500, 12) dnTutunouIFaMTU K-Fold Cross-Validation
waanlel dataset waniiu fathuuusdeya (Data splitting) 1Uu Training set waw

Testing set 14 X waz Y La239a11150 reshape ayaidu 3D wedeouidn LSTMs model

(%

ndnsmuasIfnesinesaudnrdnadnseanun TneldrmiSuduvessuusdsl
® neurons = n_neurons = 100
® ctivation = optimizer = ‘relu’
® batch size = n_bacth = 100
® cpoch =n_epochs = 100

® (oss = cost function = ‘binary_crossentropy’



aq

3.4.4 nslddayarnisAduasauaziduives
Toyavesfduainuaziduresiivuinliviniuiuinisveedeyaainfduesa e

14 a

YaUANATUDIAFUNIN LIBEATLILAILLANAVAINTINADITE TIABAINITAAA (burst)

Y

St < 2 =l ° &/ Y ! WL w9 ‘ﬁl
UBIWIAIN 0.03 UM LLaSVI']ﬂ']iLLﬂaﬂm@%aﬂqﬂmqaﬂwiﬂﬂqﬂ b”, “m”, “z”, ¢/ AT U

Furn -1 89 1 rensimuanriuuYeINsnaAgueiafisumfuUsInas1ais. 13 el

® n3naa (burst) fmualiit -0.5

® n13nA9 (repeat) fvualii 0.5

o nsnafin (error) Fmualdi -1

® nMInAQN fvualia 1

® e Swualiil 0

mwmasﬁagaﬁui’mmﬂmmﬁ Tneldaud (frequency, Hz) 7 40 Hz fewadnns

wUasadu (Wave Transform) agviliduanAduesniifidisaud -1 fs 1 gnuvanduady

AU 40 Hz wihiupdureaduees wavasulasmdudayaanidugestmduanudi 40 Hz

LU

v o oo

0.02 0.040.06 0.08 0.1 0.12 0.14/0.16 0.18 0.2 0.22 0.24/0.26 0.28 0.3 0.32 0.34 0.36 0.38 0.4
— sensor 0 5 4 6 5 4 6 5 6 4 5 6 5 4 5 5 6 4 5 4

key 0 1 05 0505 1 o -1 -1 05/-05-05 1 0 1 1 1 10505 -l

AN 3.13 faegenduignulas

=3 Y v =3 4 ¥ 1 =3 4
mi@magamm%umaﬁ%lm 13 features A191NLT ULFDT (Gyroscope sensor)
Usenoulun18mA1AI11L59 (Acceleration) A Ax, Ay, Az, Ax2, Ay2 wag Az2 Laga 1y

(Angle) ) Aia Gx, Gy, Gz, Gx2, Gy2 wag Gz2 910114 2 fnanlinssteiilangiiivesgiiinsu
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NINAADU LaTA1ANNATUDSA (key) I1UIUAIDE1Y 1200 samples Agld raw sequence

shape : X

M1519% 3.9 Input Teyavesdugesuazduain

Ax | Ay | Az | Gx | Gy | Gz | Ax2 | Ay2 | Az2 | Gx2 | Gy2 | Gz2 | Key | Output

0.5

Yaa

Teyavetiag feature duldgnimunaiue3lin 500 time steps aladfvas

dataset shape UiUU n_sample, n_steps, n_features U 1200x500x13 Fala

® Input_dim = 13 dmFuduneulsdmiunsuusleyaiinigu

[
o [ Y

® Input shape = (500, 13) dnTUTUNOUITEMSU K-Fold Cross-Validation
waanlel dataset waitiu Jaiaudadeya (Data splitting) 1Uu Training set waw
Testing set 14 X waz Y La239a11150 reshape oyaidu 3D wedouidn LSTMs model

(%

ndnsmuasIfnesinesauderdnadnseanun TneldrmiSuduvessuusdsl
® neurons = n_neurons = 100
® ctivation = optimizer = ‘relu’
® Dbatch size = n_bacth = 100
® cpoch =n_epochs = 100

® |oss = cost function = ‘binary_crossentropy’
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3.5 Parameter and Hyperparameter Optimization

nsUsuAduUsiiemanuminzanigen Webildnadnsnisvinnudu Optimal fie

)~ adaa = o

13} Overfitting w3 Underfitting 3ail 2 337fleufe Random Search uasiildlunsdiseilfe

Grid Search 928 scikit-learn taelun1s3381ly KerasClassifier n15149 Keras Models @195u

[

scikit-learn 1Jugsil

#Function to create model
def create_model():

#Define model

return model
#Call the model function

model = KerasClassifier(build_fn=create_model)

Model Parameters @ #2kUstu Neural Network §9a1U89626US1W Wad 18150

v
Y a

Usznaunistiandeya Jaduaidudazindssaniamueduna wazliausodsansiag

N15A9ANINNNSIUTUNTNIABATI AI0819LTU weights Lag biases AU model parameters

v =

wwgniufinsilufudiuvilsveslnnailisumsseus

Model Hyperparameters A fauwusn1auan Neural Network 3 sA1vaiauusly
a1usaUszIunIsiiaInteya \lena1nds Machine Learning Tunning fidunisnunads
hyperparameter tunning

SuneuAZN5lY KerasClassifier Ao
o aeilandulimagiusulsuliuentineu
o aiantoyariiuys
® &519lumaves KerasClassifier
® Sunly GridSearchCV
e U5u grid fiudeya X, y

®  LAAIHANTYINUNEARTIILNTANTIER
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Function to create model, required for KerasClassifier
Create model
Compile model
return model
Fix random seed for reproducibility
Load dataset
Split into input (X) and output (Y) variables
Create model from the function
Define the grid search parameters
PARAMETERS = [ ..., «y vy o]
param_grid = dict(PARAMETERS=PARAMETER_DESTINATION_ REPLACE, ...)
grid = GridSearchCV(estimator=model, param_grid=param_grid, n_jobs=-1, cv=3)
grid_result = grid.fit(X, Y)

Summarize results (print)




3.5.1 Batch Size and Number of Epochs tuning

a8

Batch size fio S1waus18nsNagld optimizer viauluwsaza3s Fsiinaneni1ans?

Tunsvieu 61 batch Tugjagyhausa

Epochs fi® 91U3Us8UNNTYINNITHEUS

Function to create model, required for KerasClassifier
Create model
Compile model
return model

Fix random seed for reproducibility

Load dataset

Split into input (X) and output (Y) variables

Create model

Define the grid search parameters

batch size = [..., ..., ...]

param_grid = dict(batch_size=batch_size, epochs=epochs)
grid = GridSearchC\(...)
grid_result = grid.fit(X, Y)

Summarize results




3.5.2 Training Optimization Algorithm tuning

a9

Function to create model, required for KerasClassifier
def create_model(optimizer="adam):
Create model
Compile model
model.compile(loss='binary crossentropy', optimizer=optimizer, metrics=["accuracy')
return model
Fix random seed for reproducibility
Load dataset
Split into input (X) and output (Y) variables
Create model
Define the grid search parameters
optimizer = ['SGD', 'RMSprop', 'Adagrad’, 'Adadelta’, 'Adam’, 'Adamax’, 'Nadam']
param_grid = dict(optimizer=optimizer)
grid = GridSearchC\(...)
grid_result = grid.fit(X, Y)

Summarize results




3.5.3 Network Weight Initialization tuning

50

# Function to create model, required for KerasClassifier
def create_model(init_mode="uniform’):
Create model
model = Sequential()
model.add(LSTM(..., input_shape=(...), kernel initializer=init_mode, activation=".."))

model.add(Dense(1, kermnel initializer=init_mode, activation='sigmoid"))

Compile model
return model
Fix random seed for reproducibility
Load dataset
Split into input (X) and output (Y) variables
Create model
Define the grid search parameters
init_mode = ['uniform’, 'lecun_uniform’, 'normal’, 'zero, 'slorot_normal’, 'slorot_uniform’,
'he_normal’, 'he_uniform’]
param_grid = dict(init_mode=init_mode)
grid = GridSearchC\(...)
grid_result = grid.fit(X, Y)

Summarize results




3.5.4 Learning Rate and Momentum tuning

51

Function to create model, required for KerasClassifier
def create_model(learn_rate=0.01, momentum=0):
Create model
Compile model
optimizer = SGD(lr=learn_rate, momentum=momentum)
model.compile(...)
return model
Fix random seed for reproducibility
Load dataset
Split into input (X) and output (Y) variables
Create model
Define the grid search parameters
learn _rate = [..., ..., ...]
momentum = [..., .., ...]
param_grid = dict(learn_rate=learn_rate, momentum=momentum)
grid = GridSearchC\(...)
grid result = grid.fit(X, Y)

Summarize results




3.5.5 Neuron Activation Function tuning

52

# Function to create model, required for KerasClassifier
def create_ model(activation="relu’):
Create model
model = Sequential()
model.add(LSTMC(..., input_shape=(...), kernel_initializer="uniform’,
activation=activation))
model.add(Dense(1, kermel initializer="uniform’, activation='sigmoid")
Compile model
return model
Fix random seed for reproducibility
Load dataset
Split into input (X) and output (Y) variables
Create model
Define the grid search parameters
activation = ['softmax’, 'softplus’, 'softsign’, relu’, 'tanh’, 'sigmoid’, 'hard_sigmoid', 'linear]
param_grid = dict(activation=activation)
grid = GridSearchC\(...)
grid_result = grid.fit(X, Y)

Summarize results




3.5.6 Dropout Regularization tuning

53

Function to create model, required for KerasClassifier
def create_ model(dropout_rate=0.0, weight constraint=0):
Create model
model = Sequential()
model.add(LSTMC(..., input_shape=(...), kernel_initializer="uniform'’, activation='linear',
kernel_constraint=maxnorm(weight_constraint)))
model.add(Dropout(dropout rate))
model.add(Dense(1, ...))
Compile model
return model
Fix random seed for reproducibility
Load dataset
Split into input (X) and output (Y) variables
Create model
Define the grid search parameters
weight constraint = [..., ..., ...]
dropout rate = [..,, ..., ...]
param_grid = dict(dropout_rate=dropout rate, weight constraint=weight constraint)
grid = GridSearchC\(...)
grid_result = grid.fit(X, Y)

Summarize results




3.5.7 Number of Neurons in Hidden Layer tuning

54

Function to create model, required for KerasClassifier
def create_ model(neurons=1):
Create model
model = Sequential()
model.add(LSTM(neurons, ...)
model.add(Dropout(0.2))
model.add(Dense(1, ...))
Compile model
return model
Fix random seed for reproducibility
Load dataset
Split into input (X) and output (Y) variables
Create model
Define the grid search parameters
neurons = [..., ..., ...]
param_grid = dict(neurons=neurons)
grid = GridSearchC\(...)
grid_result = grid.fit(X, Y)

Summarize results




3.6 YumauIsnsTEuiiATes

Fix random seed for reproducibility
Load dataset
Split into input (X) and output (Y) variables
Reshape input into 3D format : (samples, steps, features)
Define Stratified K-Fold cross validation test harness : K=10
Create variables for collecting accuracy data from models
For train, test in kfold.split(X, Y):

Create a model#1

Compile model#1

Fit the model#1

Evaluate the model#1

Export the trained model into a folder

Print the accuracy percentage of the model

Add the performance data into the variable

Create a model#2

Compile model#2

Fit the model#2

Evaluate the model#2

Export the trained model into a folder

Print the accuracy percentage of the model
Add the performance data into the variable

Print the results from the variable

Load the exported models from a folder
Load the input for making prediction

Show the prediction result
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Tumadmdulassneuszamifionnuy LSTM il 3 Hidden layers Tnewdu LSTM 2
layers wazsonae Dense layer wazdl Output Lﬂuiwumﬁﬁmsw’fﬁawiamum‘[mmﬁawﬂw
AMNITITLADIF99) VBILAAZEIUAD
® Hidden layers: activation function = ‘relu’
Weight initialization = ‘uniform’
Weight constraint = maxnorm(4)
ey Dropout = 0.2
® Model Compiling: Loss function = ‘binary_crossentropy’
Optimizer = ‘Adam’
e Learning rate = 0.01
® Model Fitting: Batch size = 100

ey Epochs = 150

mput_1: InputLayer

l

letin: LSTM

l

lstm 1: LSTM

l

denze: Denge

l

dense 1: Dense

AR 3.14 LSTM model



3.6.1 YuMBUITNITITIU3IATANLUY Feature Extraction 1 1

Fix random seed for reproducibility
Load dataset
Split into input (X) and output (Y) variables
Reshape input into 3D format : (samples, steps, features)
Define Stratified K-Fold cross validation test harness : K=10
Create variables for collecting accuracy data from models
For train, test in kfold.split(X, Y):

Define input

Feature extraction

extractl = LSTM(...(visible)

First interpretation model

interpl = LSTMC(...(extract1)

interp2 = Dense(...)(extract1)

Second interpretation model

interp11 = Dense(...(extract1)

interp12 = Dense(...Xinterp11)

interp13 = Dense(...X(interp12)

Merge interpretation

merge = concatenate([interpl, interp13])

Output

output = Dense(1, activation='sigmoid')(merge)

model = Model(inputs=visible, outputs=output)

Compile model

Fit the model

Evaluate the model

Print the results from the variable




Idamsfwesindeudulumaneu uwidsulaseasalunadudsgudiuas

mput_1: InputLayer

l

Iztin: LSTM

/

dense 1: Dense
dense 2: Dense lstm 1: LSTM

\

dense 3: Dense

\

concatenate: Concatenate

l

denze 4: Dense

ﬂ’]‘wﬁ 3.15 LSTM Feature Extraction model (1)
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3.6.2 YuABUIINISITEUSIATANUUU Feature Extraction 11 2

59

Fix random seed for reproducibility
Load dataset
Split into input (X) and output (Y) variables
Reshape input into 3D format : (samples, steps, features)
Define Stratified K-Fold cross validation test harness : K=10
Create variables for collecting accuracy data from models
For train, test in kfold.split(X, Y):

Define input

Feature extraction

extractl = LSTM(...visible)

# 1 interpretation model

interpl = LSTM(...Xextract1)

interp2 = Dense(...(interp1)

# 2 interpretation model

interp11 = LSTM(...(extract1)

interp12 = Dense(...interp11)

interp13 = Dense(...X(interp12)

# 3 interpretation model

interp111 = LSTM(...(extract1)

interp112 = Dense(...)interp111)

Merge interpretation

merge = concatenate([interp2, interpl3, interp112])

Interpretation layer

hidden1 = Dense(...)(merge)

Output

output = Dense(1, ...)(hidden1)

model = Model(inputs=visible, outputs=output)

Evaluate the model

Compile model

Fit the model

Evaluate the model

Print the results from the variable
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mput_1: TnputLayer

'

Istim: LSTM

'

lstm 2: LSTM

Istm 1: LSTM

Istm 3: LSTM

l

densze 1: Dense

l

Y

/

dense 3: Dense

denze 2: Dense

denze: Dense

>

concatenate: Concatenate

'

dense 4: Dense

'

dense 3: Dense

AN 3.16 LSTM Feature Extraction model (2)
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3.6.3 YUABUITN1IITIUSIATANUUU 2-Feature Extraction

61

Fix random seed for reproducibility
Load dataset
Split into input (X) and output (Y) variables
Reshape input into 3D format : (samples, steps, features)
Define Stratified K-Fold cross validation test harness : K=10
Create variables for collecting accuracy data from models
For train, test in kfold.split(X, Y):

Define input

# 1 feature extraction

extractl = LSTM(...)(visible)

# 2 feature extraction

extract2 = LSTM(...)(visible)

# lex first interpretation model

interpl = LSTM(...Xextract1)

interp2 = Densel(...(extract1)

Second interpretation model

interp11 = Dense(...(extract1)

interp12 = Densel(...(interp11)

interp13 = Densel(...X(interp12)

# 2ex first interpretation model

interp21 = LSTM(...Xextract2)

interp22 = Densel(...)interp21)

Second interpretation model

interp211 = Dense(...(extract2)

interp212 = Dense(...)interp211)

interp222 = Densel(...)interp212)

Merge interpretation

merge = concatenate([interpl3, interp222])
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Interpretation layer

hidden1 = Dense(...(merge)

Output

output = Dense(1, ...Xhidden1)

model = Model(inputs=visible, outputs=output)
Compile model

Fit the model

Evaluate the model

Print the results from the variable

Twailen991n 2 lwanauntingsanleasinn1svin LSTMs 10U 2 @neuiuiy haskiuauitnans

ugendninsidulueaanedies Tnassadsunaduiagui 3.15



mput_1: InputLayer

VRN

lstim: TLSTM

lstm 1: LSTM

'

l

denze 1: Dense

dense 5: Dense

'

'

denze 2: Dense

dense 6: Dense

'

'

denze 3: Dense

dense 7: Dense

N/

concatenate: Concatenate

dense §: Dense

dense 9: Dense

m‘wﬁ 3.17 LSTM 2-Feature Extraction model
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NANISALLUIY

wamsﬁ%ﬁumu%uﬂuﬂu 2 @UNan Ae NaN1SVNaRBINSIUIBUEUYInuYDY
Simple fully-connected neuron model $¥%219 LSTM model 2801514 K-Fold Cross

Validation fiuvivaasluina Lagnan1snaasuiient LSTM model finingaufign nan1s

1%
[

naaesfiliandudidinnisidonluwad nivnuideld lnegainA1AuwiugIEEaTeInTg

Nnasy

4.1 Nan5NARBIYaITaYaLdeEnA
HaN1SNAaesil LI UNAN1TNAaBIYBINISIUS B UL B UV UVD S Simple fully-
connected neuron model 581319 LSTM model fiudayaliqaif 30 a3 %QLﬂwaj@;ﬂaﬂ

a Y d' I3 aal ¥ & o PN
mmwmmswﬁlmazmmqw LLaganqiﬂLﬂUijUiﬁﬂJaﬂmlmLUU@\T@W?’]\TV] 3.3

M19197 4.1 NANTNARBIVBITDLALTIATA

Standard LSTM
Aade 67.9684 753962
ﬁ’;mﬁmwummgm 25274 1.6534
AloYgn 62.987 72.0779
GRANGL 73.974 78.5714

IMANTHHANTNAGBIN 4.1 WU ARGYYeIIT Standard 887 67.97% Uag LSTM
g1 75.40% WAZAINNITNAAOUANULANAIIVBIANRRETENINIT Standard Uag LSTM i
aa a % & | aa a | ° | aa
n1snaaeun (t-Test) AruA1udula 95% Wud13§ LSTM fAA1nuusug1gandng
Standard @al@fn Statistical Power 71 0.9319 @ AL@ABYBIIS Standard way LSTM daau
WHNFNNAUITY, AURANANALUUA 2 71 0.0681 AB ALRABYRIIS Standard way LSTM &
AULANANAURINEUATUI NI ALWANFA1T Y LazAUAANAIALUUN 1 1 0.05 A

ALRAEYDIIS Standard war LSTM lifianuusanaeiuudnduaguindiamnuuwansineiu
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4.2 NANTISNAABIVDITBUARTUDIA

Y
a o

g = .
NAN1INAaadU Lﬁumﬁﬂﬁi%@ﬁ@ﬂﬂ@ﬂﬂ'ﬁﬂji’EJ'UL‘VI YUNINIUYB Slmple futly—

[ [

connected neuron model 5¥11319 LSTM model Autauamnguasa 30 A3 1oLaR8Uas5A

Hudeyananunsahanldvmatialaesiuls
A51971 4.2 nansnnaBveIteyaRt D
Standard LSTM
FLade 73.3319 77.7297
drudsavunnsgiu 1.8465 2.0881
Alougn 69.0652 72.1666
Agean 80.3102 81.035

NNANTINANITNAGRSH 4.2 Wudn Aedevesds Standard el 73.33% wag LSTM
087 77.73% LATINNIVIAABUANNILANGITBIANAAETEMINGTE Standard way LSTM #e
F3nsneaeuit (t-Test) faoanudiula 95% wui13s LSTM fArAuusugigeninis
Standard @411 Statistical Power 71 0.9932 Ao ALod 88933 Standard wag LSTM i
ANNLANANSAURSS, ANNARNANALUUT 2 91 0.0078 Ap Aadevesid Standard way LSTM
finnuusndsiuusnduasuinladdanuuandeiu wazaufanaiauuud 19 0.05 Ae

ALRAEYRIS Standard way LSTM Lifianuusnsnsiusdnduasuindanuwansineiu



68

v < 4
4.3 nan1IMnapsvalayaIduLYes
& = = ° .
nan1snaaeedidunanisnaassvednisiuSeuliourinauves Simple fully-
connected neuron model 5¥%319 LSTM model fudayatiuiges 30 a5y dadudoyanis
wdsulmvesinTiunmegey mnldaeadanawnndileivgannsoiiadelaindu

[y

Tsamsnudunsalals waunng OPD azuniseiniazaiunsaiItadenisanisie

A15199 4.3 NaN1INAaDIvDIToLATUYRS

Standard LSTM
Aade 75.6524 79.0444
ﬁ’;mﬁmwummg’m 1.6764 0.829493
Alougn 72.0779 76.6234
ANEaEN 79.8701 80.1332

INANTNRANTNARDIN 4.3 WU ALRRYVDIT Standard 8g#l 75.65% Uag LSTM
g1 79.04% WAZAINNITNAZOUANULANAINYBIARRLTENINNIT Standard wag LSTM fe
aa a v Y | aa a \ ° I aa
A8n1snegeudl (t-Test) Argadnuiula 95% wudn35 LSTM deA1aduuaugaening
Standard @4l@An Statistical Power 7 0.9783 fa ARA8Y8935 Standard kag LSTM fau
WHNFNNAUITY, AURANATARUUA 2 71 0.0217 Ao ALRABYR9IS Standard way LSTM &
APUBANANAURANEUATUI b A 1LANG19T Y kagANEANEIALULUT 1 71 0.05 fd

ALRAEYDIIs Standard war LSTM Lifianuuansiuudnduaguindimiuuwansineiy
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v < -4 =K -4
4.4 NANTINAADIVOIVOYALTULTDIUAZATUDIN
nan1sneassiltdunan1snaassvesnIsiuisuLigusiauves Simple fully-

connected neuron model 5¥%314 LSTM model fiudayaiduwasuazfduasa 30 A53 1o

[y

aRguUasAnNYiIN1S Normalization kaazilvuinawazdlfmvindudayaduleas 399015574

Y Y

e
[ehmd

3]

Tayalineleiu 1ewingalayauin Nan1saaegawiugge

A1519% 4.4 NaN1INARBIUDITRLATURSUAZATUDR

Standard LSTM
Aade 76,3452 80.5820
ﬁ’;mﬁmwummg}u 1.8984 1.2463
Alougn 74.026 77.5416
ANEaEN 81.016 83.0014

INANTNRANTNARDIN 4.4 WU ALRREVDNT Standard 8g#l 76.35% Uag LSTM
g7 80.58% WAZANNITNAADUANUUANAINVBIANRRLTENINNIT Standard wag LSTM fe
aa a v Y | aa a \ ° I aa
A8n1snegeudl (t-Test) Argadnuiula 95% wudn35 LSTM deA1aduuaugaening
Standard @4l@An Statistical Power 7 0.9951 Aa ARABYD9IS Standard kag LSTM fau
WHNAINAUDSY, AURANATARUUS 2 1 0.0049 Ae ANLRAYYeIIS Standard Lay LSTM &
APUBANANAURANEUATUI b A 1LANG19T Y kagANEANEIALULUT 1 71 0.05 fd

ALRAEYDIIs Standard war LSTM Lifianuuansiuudnduaguindimiuuwansineiy

a ) £ ng A 4 aa ¥ a6 s L4 < s
n1siSeuiigutayans 4 wuude Jeyaald, Jeyarduaia, Tayaiduires, uax
ToyadurasuazAduase duluwa LSTM laenainwanisvaassil 4.1, 4.2, 4.3 uag 4.4 v

[

AATIZLAANARAT A

mMalnseiAlaieveoyaals wavlayaduesuasAduasn 91NN1SVAGeUAIY
LANANNUDIANRAETENINTaYAadR warlayaidurasuasAguasn Aedsnmaaauil (-

Test) mepauiuly 95% wuirfeyaduwesuazfduasn Trnnuwiugainiteyaada

=

Falaen Statistical Power #1 0.9726 Ao Avaduvesdoyadaif wardoyaduwesuazfduain
= v A a = - = | a P aa o
HANUUANENSAUATY, MNNHANAIALUUN 2 N1 0.0274 fio Anadeveslayaada wasdoya

WuwesuazAguasa daruunndrsiuusnduaguinlifl anuuananeiu uazanuianain
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LUUT 1 91 0.05 fie Aedevestoyeadn wasdeyaduwesuazfduadn ludanuunnsieiu

windUaTUIEANNLANE1aiY

MAsziALedvetlayafduain uazdoyaidugosuazAduasn 9ann1svadeu
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AUUANANNYBIALAAETENINNTBYARTURSA uarloyaiiulwesuarAguain A1a3sn1s

Y
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NAADUN (t-Test) peauLiula 95% NUINVDURLTULYDIUATALUDIN UATAITULNULEINI

Toyafguasn Feladn Statistical Power 1 0.9441 flo ARdeveitoyafduesn uaztaya
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LEULTBIWAEALUBIN UAINULANATIAUITI, AUNANIIALUUN 2 1 0.0559 AD ANLRARYVDY
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M13199 4.5 HANTNARBIYBINTITEUSIATEIT Uy avATBLUY

Statistical Power Type Il Error

aadA-vouaulrasuazAduase 0.9726 0.0274

Y

e
[

Q]

aRduasn-TovaiulrasLazAguase 0.9441 0.0559

Y

e
e

3]

I
0

MNNsheTzidesiudaneauliin TeyalduwesuazAdueia duaunsauunly

va ~ Y < s a s & v Aa N a4 a Y
\Tqu'l@fﬂ%ﬂﬂ Lu@ﬂ'ﬂqﬂsﬂallaL‘?juL"U@iLLagﬂﬁ‘UaﬁﬂLﬂusﬂallamllﬂ']laaa'EJQQ@WLﬂJEJLV]‘EJ‘UﬂUGUE]lI“a

9 Y Y

DU

INHANITNAFBIUANSIN 4.1, 4.2, 4.3 kag 4.4 Nunkea LSTM anunsavinaule

o w

Andluiaa Standard fudeyans 4 wuu egrelitisygdfny

Tuaa LSTM fAudeyanisiSeuiuvuidugesuasfguasnsiudu linan1svaaead

s 1

AndnteyanuuatAuaztayafduasnegIniyd Akandlunnsen 4.5 uavnlavinnisesule

Y
TAd9fuan

v
Y1 § o A

agUldnluwa LSTM Audeyadumeswaziduesatuiiuszdnsnmanandeiisuiv

9

lunadunaztayauuudy Jelaviinisusudsdluma LSTM Litennlauna LSTM fAwmangaud

v
a =

Useansnmmavudaazwandlunanisnaasdnlusaaini



71

4.5 NANSNARBIYDIVUABUTINITITIUSIATANUY Feature Extraction
nan1smaaesliiunisui Feature Extraction LSTM model Audayaiduiyosuaz

Aduasn 30 A3Y Faududeyaferiunanisnaaesd 4.4 lumans 3 Wluluea LSTM gUuuy

wilaiioiinyseansnmnsvhanuiuteyadugesuasduain

A13199 4.6 HANITNARBIVDINISITEUSIATOIUY Feature Extraction

Feature Feature 2-Feature

Extraction#1 Extraction#2 Extraction
Aady 88.7767 82.9891 85.6054
ﬁl’J‘lJL‘ﬁ'EJQLUUN’]GﬁﬁWU 2.0447 1.7723 1.4390
ﬂ'ﬁﬁaaqm 85.1003 79.9956 83.0332
ﬁﬁq\i?jm 93.035 86.7835 88.335

NA5NT 4.5 nsiteyallisanannlduuu K-Fold Cross Validation fiulaaans
138U3ATOUUY LSTMs Me38n13 Feature Extraction linan1snaaesadulaglunauuy
Feature Extraction WUU 1 leANaasnuLLue1i 88.7767% 31075 Feature Extraction

z-:l' v q' o a aa . F N
wUU? 2 leAeasmnuiugf 82.9891% wazanis 2-Feature Extraction boALaa8A1L

walugii 85.6054%
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4.6 nansnaaaulssuliisulaieg
wansaassiivaneluinadsiouifisvagUlimsuiwanisveasauazidonliaaiia
fign Taoilunsiieuifisunavesnslideyaidsafindadunanismaassnsiioul veanies
TuA1997 4.4 uag 4.5 Taedsns 5 lumade Standard, LSTM, Feature Extraction WUu#i 1,
Feature Extraction WUUT 2 Way 2-Feature Extraction ¥n1snaaauniauiudaenisi

Toyaleadnunlduuu K-Fold Cross Validation fulymanisiseusinsevani

A15199 4.7 wami‘maawaﬂmiﬁauﬁm%qqummsﬂm@a

Standard
Models Average Max. Min.
Deviation
Standard 76.3452 1.8984 81.016 74.026
LSTMs 80.5820 1.2463 83.0014 77.5416
Feature Extraction LL‘U‘U‘ﬁI 1 88.7767 2.0447 93.035 85.1003
Feature Extraction LL‘UU‘ﬁ 2 82.9891 1.7723 86.7835 79.9956
2-Feature Extraction 85.6054 1.4390 88.335 83.0332

=3

AT 4.6 WU Leanuy feature extraction WUUT 1 @nansaviladngn 39
= < o o ¥ a [ R v
donlulumadmsumsldanu Mnnanimeassn 4.4 n51usguadin LSTM awnsaasula
wa3iviulafandt Standard 39U LSTM wazdeyayailuldiulunadug dedelunadl
ANWAULAINING 3.15, 3.16 kA 3.17 FIALWEAINISNAFBUN (t-Test) NUIT LSTM, Feature

Extraction WUU# 1, Feature Extraction WUU7 2 U@z 2-Feature Extraction 138U3083.A384

1%
Y

e’.// I [ a 4 d' aa v 1 dy
714 4 Juduluwananlun1simsizdt Wenedasunan1sannaasalui
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4.6.1 NINAFIUNITHINLLALUUUNA

N1INAFBUNITHINKANLUUUNG A8 The Shapiro-Wilk Test 1ilaaandayanguiil

Tufiuuadn
® Shapiro-Wilk > 0.05 Yayaiinsuanuasuni

® Shapiro-Wilk < 0.05 Yayaiiniswanuaslaiund

NANTNT 4.1 Lag 4.5 AMNANISNAaIYaY LSTM, Feature Extraction Wuu?l 1,

Feature Extraction WUU% 2 way 2-Feature Extraction ﬁﬁﬁff@;ﬂaﬂﬁjuﬁmﬁﬁﬂ’ﬁmmaaumi

LANLLAILUUUNG
Tests of Normality
Kolmogorov-Smirnov® Shapiro-Wilk
Statistic df Sig. Statistic df Sig.
Istm 138 30 1583 960 30 313
Fe1 123 30 200 968 30 493
Fe2 147 30 .097 .948 30 146
2Fe 139 30 143 956 30 241

* This is a lower bound of the true significance.

a. Lilliefors Significance Correction

dl a
AN 4.1 HANITNAFBUNITHINLIILUUUNA

PMNAMT 4.1 AIVAUNUIN ILAS1EIAT Sig. W89 Shapiro-Wilk vesis 3 Tuina 1a

De
=Dy

® 1:[STM1# 0.313 > 0.05
® ) : Feature Extraction LL‘UUﬁI 119 0.493 > 0.05
® 3 Feature Extraction wuud 2 1¢ 0.146 > 0.05

® 4 : 2-Feature Extraction k@ 0.241 > 0.05

Fagulidndeyaveans 4 luwalinsuaniaaLuuung
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4.6.2 N1SNAFIUN

MsvedeUaNNAgIUNsaRATIFBINTUTsUBUA A YRR waLNAgIU Ll
nsuwdriteyatia 3 nduiimauanuasuuUniuda Ssanansaviin1smeaey Independent
Sample t-Test lagvinn1snaasy 2 adq A9 51319 LSTM, Feature Extraction WUUT 1,
Feature Extraction WUU# 2 WAy 2-Feature Extraction lneiA1 00=0.05 Wag¥1n1s

FANNAFIUIN
i PN O ] v o &
ARsUIlURATtUIAUWANAISTY F9dl
Ho:tpy —p; =0
Ho:pty —pp #0

pq AeAaReUseynsveteuai 1
U, AeAadeUszynIvestoyail 2

Poyanldlunismegeuliuiidiuauwinnuield Equal Variance t-Test

NINARBUYDY LSTM fiu Feature Extraction Wuuil 2
aufifgnuin Aadeves LSTM laiwifuiu Feature Extraction wuuil 2

Ho:pty —p, =0

Ho:py —pp #0

Yy AeAnadgUssiInsvestoyalueai 1 : LSTM

Uy PRARREUsEYINTYRIUBYaliAaTl 2 1 LSTM WUU Feature Extraction wuu#i 2
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Group Statistics
Std. Error

define N Mean Std. Deviation Mean
Istm-fe2 0 30 | B0.582013 1.2462975 2275417

1 30 | B2.989177 1.7722720 3235711

Independent Samples Test
Levene's Test for Equality of
Variances t-test for Equality of Means
95% Confidence Interval of the
Mean Std. Error Difference
F Sig t df Sig. (2-tailed) Difference Difference Lower Upper

Istm-fe2  Equalvariances N

assumed 5105 028 | -6.085 58 000 | -2.4071633 3955673 | -31980774 | -1.6153483

Equal variances not - " oy

assumed -6.085 52.046 000 -2.4071633 3955673 -3.2009105 -1.6134162

AN 4.2 HaN1SNAEDU t-Test 58119 LSTM wag Feature Extraction wuu# 2

NN 4.2 AR Sig.(2-taled) Wu31AT p = 0.000000049264840 LLUU 2-tailed GR
b < 0 F3Ufias Hy uazoensu H, ddndsveudazlunaunnsiaiy ainaad sves
LSTM = 80.58% Wag Feature Extraction WUUA 2 = 82.99% F4a3Uld41 LSTM Feature

Extraction WUU 2 HAadguINNI
ATUIUNIAT Statistical Power LagAAMNRANAIALUUN 2 (Type Il Error)

- X— L
6/vn

Z
X=p+zo/Nn
diaisn3nAnRdyaNLAgILLAzA1ANRaNaInLUUT 1 (Type | Error)

Hy : u=80.5820
H, : n=82.9892
o = 0.05

Ufies H 1ile
z < —1.96 : X <80.1360 v39 z >1.96:X > 81.028
Statistical Power = P( Reject Hy, ) =1 —p

dle X = 81.028 2lg

z = —1.60988
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A eilalasniasld
Statistical Power = P( Reject Hy, ;) = P(z = —1.61) = 0.8686
Type Il Error = f = 0.1314

Jal@An Statistical Power 91 0.8686 @8 ALRABYRIIS LSTM way Feature Extraction

d‘ a 1 % a a d‘ Qll =} 1 Qll aa
LUUN 2 UAMULANNINAUITY, AFNUNANAIALUUN 2 9N 0.1314 AB ALRAYYDIID LSTM Lae
Feature Extraction WUu# 2 finnnuwana1siuuanauasdinlidannuunansd1aiu wagaiy
NANAIALUUN 1 7 0.05 An ALRAEY935 LSTM way Feature Extraction wuuil 2 lifiadu

wanANafuLEANSUaTUINTANULANA1IAY

ANSNAEBUVBY Feature Extraction WUU¥l 2 NU 2-Feature Extraction

duifgIudn ALRd eves Feature Extraction wuu#l 2 LuwinAuAY 2-Feature

Extraction
Ho:pty —p, =0
Ho:ply —pp #0
Uq ﬁammﬁwizmﬂsmaqsﬁaaﬁa‘mLﬂaﬁ 1 : LSTM WUU Feature Extraction Wuufl 2

U, AeradeUszynsvestoyaliaail 2 : LSTM WUU 2-Feature Extraction

Group Statistics

Std. Error
define N Mean Std. Deviation Mean

2e-Fe2 0 30 | 82989177 1.7722720 3235711
1 30 | 85605487 1.4390056 2627253

Independent Samples Test

Levene's Test for Equality of
Variances ttest for Equality of Means
95% Confidence Interval of the
Mean Std. Error Diference
F Sig t df Sig. (2-tailed) Difference Difference Lower Upper
2fe-Fe2  Equalvariances
Ae-Fe2 a::umed 2233 140 -6.277 58 000 -2.6163100 4168007 -3.4506273 -1.7819927
Equal variances not
ag:umed‘ -6.277 55653 000 -2.6163100 4168007 -3.4513770 -1.7812430

mwﬁ 4.3 NaN1SNAEDU t-Test S¥1IN4 Feature Extraction#2 way 2-Feature Extraction
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9101 4.2 gen Sig.(2-taled) WUT1A p = 0.000000023695491 LUU 2-tailed 34 p < O
Jeufias Hy wazsouiu Hy i1 edsveudaslunauand ety andiadeves Feature
Extraction WUU7 2 = 82.9892 waw 2-Feature Extraction = 85.6055 %"qaqﬂlé’dw LSTM 2-

Feature Extraction fAladguInna
AIUBINIAN Statistical Power LagAIAURANAIALUUTN 2 (Type Il Error)

_ X— U
o/vVn

Z
X=pw+zao/Nn
Soininrndvauuigiukazmeasiianaiauuudl 1 (Type | Error)
Ho : p = 82.9892
H,: p= 85.6055
a = 0.05
Ufias Hy e
z < —1.96 : X < 8235498 w30 z =1.96:X > 83.62338

Statistical Power = P( RejectHg, tg) =1 —p
dle X = 83.62338 a¢ld
z = —2.2589
Aanmseituilaldsniole
Statistical Power = P( Reject Hy, 1) = P(z = —2.589) = 0.9726

Type Il Error = B = 0.0838

9laAn Statistical Power 9 0.9726 Ao ALaAeup935 Feature Extraction WUUT 2
way 2-Feature Extraction 4A1NULANAIANASY, ANURAANAIALUUT 2 71 0.0838 Av ALRAY
99935 Feature Extraction wUUN 2 kay 2-Feature Extraction SAIIULANANIAULA NAU

aguanlifinauunnsnaiu wasauianaInwuui 1 7 0.05 As ALRE8Y0935 Feature
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Extraction wUU?1 2 Wag 2-Feature Extraction Liflaanuunans1sfuwsnduasuindainy

LANFNIAY

NNSNAEAUVBY 2-Feature Extraction way Feature-Extraction wuuiil

audfigiudn Aadsved LSTM LU 2-Feature Extraction Liivinfufy LSTM wuy

Feature-Extraction wuul 1
Ho:py —p, =0
Ho:pty —pp #0
1 Aernadsyszvnsuesteyalunad 2 : LSTM uUy 2-Feature Extraction

U, AeladeUszynsvestayaluiaai 3 : LSTM Wuu Feature-Extraction wuufi 1

Group Statistics

Std. Error

define N Mean Std. Deviation Mean
Fefel O 30 | 85.605487 |  1.4380056 2627253

1 30 | 88776707 | 20447320 3733153

Independent Samples Test
Levene's Test for Equality of
Variances ttest for Equality of Means
§5% Confidence Interval ofths
Mean Std. Error Differance
F sig. t of | sig @alleq | Dference | Dimerence Tower Upper

2Fe-Fe1  Equalvariances . -

e 4426 040 | -6547 58 000 | -3712200 4564963 | 40849966 | -22574434

Equal s not

ey nees o 6947 | 52068 oo | -31712200 4564083 | 40872185 | -22552215

mwﬁ 4.4 HANISNAEDU t-Test S1INg 2-Feature Extraction way Feature-Extraction#1

A 4.3 AR Sig.(2-taled) Wu31AT p = 0.00000000179974083 wuu2-tailed
Fap<ol Jwlfas Hy wazwausu H, TAnadsveusazlunauandieiy naAadeved
LSTM WUU 2-Feature Extraction = 85.6055 way LSTM WUU Feature-Extraction WUUT 1=

88.7767 Feaguladn LSTM wuu Feature-Extraction wuu#l 1 IANadeuInni
AMUIAIAIAN Statistical Power LagzA1AURANAIALUUT 2 (Type Il Error)

_ X~ lo
o/vVn

Z
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X=ypo+zo/Nn
Soininrndvauuigiukazmeauiianaiauuud 1 (Type | Error)
Hy : u=85.6055
H,: p=88.7767
a=0.05
Ufias Hy e
z < —1.96 : X <85.09055 wio z =1.96:X > 86.12043

Statistical Power = P( Reject Hy, g) =1 —

dle X = 86.1204 avla
z= —1.8028

Aanmeiuilaldnfasld
Statistical Power = P( Reject Hy, ;) = P(z = —1.80) = 0.9032
Type Il Error = B = 0.0968

59la@n Statistical Power 7 0.9032 o 128 899935 LSTM wuy 2-Feature
Extraction wag LSTM WUy Feature-Extration#1 ﬁmmumsmﬁm%ﬂ, mmﬁwmmwuﬁ
2 7 0.0968 o ARAED935 LSTM wuu 2-Feature Extraction wag LSTM wUU Feature-
Extraction Wuufl 1 fanuusnsnsfuudnduaguithifinnauandieiu uazanuiiawaiauuy
7 17 0.05 Ao ALaABU9I33 LSTM WU 2-Feature Extraction wag LSTM WUU Feature-

Extraction wuu?l 1 laifinnnuuandrsiuwinduasuidanuuansiaiu

INNIINAFDY t-Test UV Equal Variances Lazn1511A1 Statistical Power 1uvin
Tvmsruinluwma LSTM kU Feature-Extraction wUU? 1 HULANLRASAINULLUEININNINYD
Tuuma LSTM wuU 2-Feature Extraction, Taaal STM wUU Feature-Extraction WUUN 2 Way

luwa LSTM
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An Implementation of Machine Learning for Parkinson’s Disease Diagnosis

Hassapol Thummikarat
Department of Computer Engineering,
Chulalongkorn University,
Bangkok, Thailand.
e-mail : luping49030@hotmail.com

Abstract— Machine learning is widely used in the medical
applications. Parkinson’s disease is a nervous system disorder
which commonly causes tremors, but the disorder also
commonly causes stiffness or slowing of movement. These
symptoms are not only caused by Parkinson’s disease but also
the other movement disorder sickness. The doctors who are
specialist in the Parkinson’s disease can simply diagnose the
tremors, which usually be hand muscle tremor of the patient.
But conversely, the out-patient-department doctors find that it
is difficult to diagnose those symptoms. This work proposes the
use of machine learning for the Parkinson’s disease data to
assist the physician diagnosis. The Long Short-Term memory
network is suitable for the data collected by a specialist. The
result shows that the proposed method has 73% accuracy in
early identifying the patient with Parkinson’s disease.

Keywords—Long Short-Term memory (LSTM), Parkinson’s
disease diagnosis, machine learning, neural networks
binary classification

I. INTRODUCTION

The Parkinson’s disease (PD) is a brain and nervous
disorder, its symptoms are obviously tremor, stiffness, and
slow movement. It is vital for patients to be diagnosed as
early as possible, in order that the patients are treated since
the early stage of the sickness to prolong their life.
Outpatient department (OPD) doctors are facing the
diagnosis problem of tremors which can be causing by PD or
the other diseases, on the other hand, the PD specialists
simply manage to judge the diagnosis of tremors. But it is
not possible for PD doctors to be at the OPD, thus the OPD
doctors require a tool to improve their diagnosis before
sending all those patients with tremors to PD department. In
order to assist the doctor, this work proposes Machine
learning method to help with the diagnosis. There are two
neural network models to be compared, the simple neuron
model and the LSTMs model.

Machine learning algorithms have been widely used for
medical data analysis. PD and heat disease data was used to
classify the difference between these two diseases, as in [1].
An application of neural network with EEG, video and
tracking data chose LSTM to solve the problem, as in [2].
To establish the strategy for the intensive care unit (ICU),
Recurrent Neural networks (RNNs) and Long Short-Term
Memory (LSTM) are used with Electronic Health Record
(EHR) in the clinic measurement and management [3]. The
classification method for EEG used LSTMs to classify the
data from wearable devices in real-time [4]. Various disease
data is time series data and LSTMs are used to cluster
patients [5].

The LSTMs are an improvement of RNNs to overcome
the vanishing gradient problem. RNNs have difficulties with
time dependencies. LSTMs have advantage to overcome this
problem, as in [6]. Time-series analysis, using deep learning
shown the application of the NNs to time dependency

978-1-6654-0382-5/21/$31.00 ©2021 IEEE
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information, as in [7], [8] and [9]. Time-series classification
required the matching data sequence, as in [10]. LSTMs
were used for imaging classification, as in [11]. Time-series
classification could use the LSTMs for classifying the
sequences, as in [12], [13] and [14].

The applications of the Parkinson’s Disease data for
diagnosis are interesting and challenging in both engineering
and medical development over years. Using fuzzy method
was an alternative approach to the PD diagnosis, as in [15].
The Extreme Leaning Machine (ELM) was used as a hybrid
kernel ELM and its potential was sufficient, as in [16]. RNNs
could predict PD, as in [17]. Deep Learning (DL) could be
used to obtain the classifying and predicting the PD in case
of large scale data, as in [18] and [19]. LSTMs were used to
receive the PD subtypes from the clinical records, as in [20].
A simple ML method called Support Vector Machine (SVM)
generating a solid outcome, as in [21]. Early diagnosis for
PD patients used ML to predict from various data sources, as
in [22]. Smartphone applications were introduced to apply
Al as in [23] and [24]. The NNs method was the best
application option for this type of data, as in [25].

This work describes an implementation of ML to
improve the diagnosis of PD. The implementation consists of
data preparing, neural network modelling, parameters tuning
and experimenting the model.

II. IMPLEMETATION

A. Data Preparation

The raw data is contained of records from PD patients
and non PD persons called control group, the records are
from a keyboard and sensors collecting through a controller
as shown in Fig. 1.

@
2

Figure 1. Tools for collecting PD data.

The keyboard data and the gyroscope and accelerometer
sensors are collected at different frequency and have
different features. Since the sensor has more sample rate than
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the keyboard, thus it is necessary to rescale and resample the
keyboard data. The data is normalized as following.

* correct key: 1

* incorrect key : -1

e burstkey:-0.5

e repeatkey: 0.5

* double press : -0.25

These rules generate keyboard data which are convenient
to analyze.

Algorithm for creating new keyboard data:
sensor data index =0
keyboard data index =0
new keyboard data =[]
loop sensor index in range of sensor data length :
check keyboard time >= sensor time:
use the rules for keyboard feature data
++keyboard index
else : use 0 as keyboard feature data
++sensor index

The above algorithm generates a new keyboard data, with
frequency equal to the senser data, and the data is
normalized. At 40 Hz, the both data of keyboard and sensor
are equal length.

For supervised learning, features and outputs forming
pairs of input and output sequences. The data are organized
into three sets as follows.

¢ Dataset-1 : keyboard dataset
¢ Dataset-2 : sensor dataset
e Dataset-3 : sensor and keyboard dataset

The input shape of LSTMs network must be three
dimensions meaning which the datasets from data
preparation process need to be reshape as input shape of 3D
data ( samples , time steps , features ) for the LSTMs model
or input dimension ( features ) for the simple neuron model.

All data of the 2D datasets are reshaped into 3D datasets as
the ( samples < time steps x features ) format The collected
data consists of 100 medical records, Each record consists of
3 records for a test which there are 2 test for both hands, thus
the total size is 1200 samples. The number of time steps for
both the keyboard and sensor dataset is 500 time steps. The
number of features depends on individual dataset’s features.
Dataset-1"s input shape is (1200 x 500 x 2), Dataset-2’s
input shape 1s (1200 x 500 x 12), and Dataset-3"s input shape
is (1200 = 500 = 13).

B. Neural Networks Model
1) The simple neuron model.: is created as follows.

¢ 3 Fully-connected neuron layers
* OQutput layer

The 2 hidden layer and another hidden layer has,
consequently, 50 and 10 neurons dense layer with ‘relu”
activation function. The output layer is one fully-connected
neuron with ‘sigmoid’ activation function. The sequential
model is compiled with ‘Adam’ optimizer and
‘binary_crossenteopy” cost function.

2) The LSTMs model: is created as follows.
e LSTMs2 layers

o Fully-connected neuron layer

Figure 2. The LSTM model structure.

These two LSTMs hidden layers have initial 50 LSTMs
each with ‘tanh’ activation function, and another layer is a 10
neurons fully-connected layer with ‘linear’ activation
function. The output layer is a single fully-connected neuron
(dense layer). The sequential model is comp with ‘SGD”
optimizer and ‘binary crossentropy’ owning to the binary
classification problem.

* OQutput layer

In general, the output layer is set by the problem
requirement. In this application, the problem is binary
classification, the model output use sigmoid function as the
transfer function.

There are two methods used in this work to randomly
portion out the dataset into training dataset and testing
dataset. The first one is known as data splitting, and the
second one 1s cross validation.

C. Data Splitting

The datasets have to randomly split into training dataset
and testing dataset. Each dataset is [X, y] format, the
dataset is, likewise, [train X, train Y, test X, test Y] format.
The test ratio is 0.2 for the simple neuron model.

K-Fold cross validation is a resampling procedure for
machine learning models. A parameter, called k, is assigned
as the number of groups which the dataset being separated
into. This k-fold cross validation splits dataset into k groups.
For each group, the k-1 datasets fit the model as training
dataset, then the rest evaluates the model as testing dataset.
This procedure offers the opportunity for each fold dataset to
train the model for k-1 times, and to test the model for once
as the hold set. In this work, the K number is 10 for the
LSTMs model. Stratified K-Fold cross validation is used as
K-Fold CV. The Stratified K-Fold cross validation has more
advantageous than the traditional one especially in case of
the imbalanced data samples.

D. Parameter and Hyperparameter Optimization

The model parameters are variables internal the neural
networks which theirs values are estimate from the data.
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Their values define the model performance. For examples,
the weights and biases are the model parameters.

The model hyperparameters are variables external the
neural networks which theirs values are not able to estimate
directly from the data. For example, learning rate. activation
function and dropout are the hyperparameters.

In this work, the Grid Search Parameter is used as the
parameter optimization method. Batch Size is the number of
the size for each batch. This means the total nmumber of
training data samples in a batch. The dataset is divided into
smaller batches, and those batches are fed into the neural
networks. The number of Iterations is the number of batches
which needs to complete one epoch. The number of Epochs
is the number of times for the entire dataset passing forward
and backward through the neural networks once. It means the
number of batches is equal to the number of iteration for one
epoch.

There are many optimizers to search for the best model
of neural network: for instance, ‘SGD’, ‘RMSprop’,
‘Adagrad’, “‘Adadelta’, ‘Adam’, ‘Adamax’, ‘Nadam’ and so
on.

The number of Learning Rate is the number which
controls the amount of updating the weight at the end of each
batch. The number of Momentum is the number which
controls the amount of letting the previous update influence
the current weight update.

The number of Dropout Regularization is important to
improve the neural networks performance. In order to avoid
underfitting and overfitting model, dropout regularization
impact significantly on machine learning to achieve the
appropriate-fitting. The number should be between [0.0, 1.0),
[1] is not possible. It generally starts at 0.2 or 20% dropout
rate, and the model generates usually the robust result.

The number of Neurons in the hidden layer is one of the
most important parameter to be tuned for the neural
networks, because it generally represents the capacity of the
neural networks.

From these optimization procedures, the final LSTMs
model configuration is now as follows:

* 3 hidden layers :
= 100 LSTMs with ‘relu’ activation function,
‘uniform’  weight initializer, maxnorm(4)
weight constraint and 0.2 dropout rate for 2
layers

= 50 neurons with ‘sigmoid’ activation function
and ‘uniform’ weight initializer dense layer

e Qutput layer : 1 neuron dense layer

¢ Compiling the model with ‘binary crossentropy”
loss function and ‘Adam’ optimizer.

¢ Batch size : 100, 200 epochs, 0.01 learning rate.

E.  Evaluating the Model

There are two methods of evaluating the models which
are Hold-Out and Cross-Validation for large dataset and
limited amount of dataset consequently. The hold-out
method is randomly divided data into three subsets: Training
set, Validation set and Testing set.

In this application, K-fold cross-validation for the
LSTMs model due to amount of data availability is used to
compare with traditional data splitting with 0.2 test ratio for
the simple neuron model.

III. RESULTS

There are two summarized result from initial setting and
optimized setting. The records of accuracy are shown in
percentage. Each result is obtained from the exported model
with the Parkinson’s disease data.

The first result, the simple neuron model is trained with
simple training and testing dataset with 0.2 ratio test data
splitting and initial configuration as shown in Table I.

TABLE 1. THE RESULTS FROM THE SIMPLE FULLY-CONNECTED NEURON
NEURAL NETWORK WITH NORMAL DATA SPLITTING AND DEFAULT
PARAMETER SETTING.

Results | Datasetl | Dataset2 | Dataset3
1 53.4198 57.192 62.541
2 54.1945 | 60.0691 | 63.1512
3 529121 61.894 64.0891
4 56.1148 62.1905 61.261
5 542189 | 59.1892 59.198
6 542105 | 58.1984 | 59.0148
7 58.641 60.1444 | 60.4717
8 55.0001 58.176 61.2239
9 56.1894 | 59.6697 | 62.3617
10 534234 | 59.9963 | 63.7879

The second result, the LSTMs model is trained with K-
fold cross-validation dataset with optimum parameter
configuration from parameter optimization procedure as

shown in Table II.

TABLE II. THE RESULTS FROM THE LSTMS NEURAL NETWORK WITH K-
FOLD CROSS-VALIDATION AND OPTIMIZED PARAMETER SETTING.

Results | Datasetl | Dataset2 | Dataset3
1 58.7846 67.8156 70.5491
2 61.3605 68.1602 72.911
3 62.4908 72.4869 73.6619
4 57.096 74.3201 75.6138
5 59.5541 70.7767 74.9995
[ 03.0847 71.591 73.1542
7 60.3337 73.4852 75.6173
8 58.6913 69.5894 76.2189
9 62.7185 72.5507 74.0695
10 59.1515 73.0564 72.0519
The results from both configurations are distinct. The

performance of the LSTMs neural network with k-fold cross
validation and parameter optimization is clearly an
improvement over the simple Neural Network. Using dataset
3 is the best dataset 3 for this binary classification. The
comparing between simple neuron model and LSTMs model
is shown in Table III.
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TABLE III. Experiment result for dataset-3

Simple Neuron (%) LSTMs (%)
Mean 61.7100 73.8847
Max. Acc. 64.0891 76.2189
Min. Acc. 59.0148 70.5491
Std. 1.7862 1.7868
The machine learning using k-fold cross-validation and

parameter optimization can achieve the best result at 76.22%
with 73.88% average and 70.55% minimum. The result is
better than the NN configuration for at least 10% in average.
This comparison between the simple neuron and LSTMs
model represent the advantage of using LSTM for tume series
data.

IV. DiscussION

There are several limiting factors in this dataset which
prevent machine learning performance.:

* Parkinson’s disease patients have one dominant hand
showing distinct symptom and another hand being
like if normal person.

* Symptoms of some Parkinson’s disease patients are
almost healthy as normal, they only have slightly
sickness which indicate to be diagnosed as
Parkinson’s disease.

* Amount of data is not adequate to train the deep
neural networks so as to receive higher accuracy
classification prediction.

V. CONCLUSION

The LSTM neural network with K-Fold cross validation
is an appropriate approach for time-series binary
classification. This machine learning method works not only
for Parkinson’s Disease data but also other time series data
classification problems. The LSTM model can be improved
to achieve higher accuracy using improved feature
extraction.. The experiment shows promising results that the
proposed method can be used for early screening of patients.
This method needs further improvement before it can be
used by OPD doctors for Parkinson’s disease diagnosis.
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