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TIPPAYA THINSUNGNOEN : TIME SERIES REPRESENTATION FOR
EFFICIENT CLUSTERING. THESIS ADVISOR : ASSOC. PROF.
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TIME SERIES ANALYSIS / DEEP LEARNING / RESTRICTED BOLTZMANN

MACHINES / DEEP AUTOENCODER.

Electrocardiogram signals (ECGs) and electroencephalographic signals (EEGs)
are time series detected from electrical flow of the heart and brain. Deep analysis of
these data can reveal some hidden knowledge potentially useful for the accurate
diagnosis or warning an early alarm for heart disease. Electrical signals are normally
organized into time series data that are usually large, high dimensional, and complex in
their components. Therefore, efficient analysis with the machine learning techniques is
a challenging problem. One of the key successes for this kind of learning is to learn
from the representative data that are carefully selected. In this research, we present a
method for efficient casting of time series representatives that are to be used later for
time series clustering for ECGs and EEGs. To find series representative, we propose to
use Deep Autoencoder Networks (DANs), which is a technique based on Restricted
Boltzmann Machines and Autoencoder. This research determines the appropriate
network for DANs by using genetic algorithm called “DANGA”. The signal
representatives are then clustered using the PDC and k-Means algorithms. The
clustering results obtained from our proposed method are compared against other time
series representation techniques based on the cluster evaluation (accuracy), purity,

processing time, silhouette, and the number of clusters considered from the sum of



square error (SSE). The experimental results show that our proposed method can cast
for more appropriate time series representatives than others techniques with the longer
processing time trade-off. The ECGs representatives yield the better performance on
time series clustering with the 30% improvement in grouping accuracy and 23%
increase in the purity metric. Furthermore, silhouette and SSE index indicate natural
clusters. For EEGs clustering, the results yield the better performance with the 31%

improvement in accuracy and 61% increase in purity.
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(2) Subsequence Time-Series Clustering
v v9 . . @ U
NTIANQNUDYADYNINLIALUY Subsequence Time-Series ﬁ’ﬂﬂﬁﬂﬂﬂqm

a A £y 2 o o w 1 Y Y
elgﬂiutaaﬂﬂﬂ‘wmimmmmﬂawﬂmﬂuclumﬂu&aﬂmmmgﬂim’gm ﬂ')f_lﬂ']ﬁll,f]ﬂﬂlg‘!ﬂillqlﬁ
I o w 1 4 LY a 1 1 . W . .
FHuddudesnTvinaminuaemainL19e619 154 Sliding Window (Aghabozorgi et al., 2015;
Keogh and Lin, 2005)
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(ﬁll”l: Keogh and Lin, 2005)
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213 +ANNMIIANGNOUNINIIAMUY Whole Time-Series Clustering
NISIANGUOYNTUIAINUY Whole Time-Series 115411970 5 daunan laun
1) N15aaNaA ERIARE UNUDUNTNLIAT (Dimensionality Reduction or Representation Method) 2)
M137AAUARIEATI/AINAIE HI0N153ATZBE (Similarity or Distance Measurement) 3) 113
ﬁWﬂuﬂﬁJ’JLmu"‘UBﬂﬂdﬂJ (Clustering Prototypes) 4) 5&ﬂﬁ]§ﬁﬂﬁ1ﬂ%ﬂﬂ1ii}wﬂﬂfjm (Clustering
Algorithm) L8 5) N3 1JsiunanIson ﬂtjiJ (Clustering Evaluation) (Aghabozorgi et al., 2015)
= = 1 % ] dy
ls1eazPeauaazauaane 111
(1) MIUNURYNTUND
NIUNUBUNTNIAT (Dimensionality Reduction or Representation Method)
A I ) o 1% 1 . . . = 9
peluaudnadiiunisdanquilszinn Whole Time-Series Clustering B9 UNUVOY A
Y '
UNTUINIAIUAY (Raw Time-Series) ﬁ’aaﬂﬁqmﬁu (Another Space) Tﬂﬂﬂﬁllﬂﬁﬁﬂuﬂim%ﬂ
1aa 1 'o 1 A, { 4 .
ldgiiandinimies1a 193584 Feature NH1/5% Tomioonun 1% (Lin et al., 2003; Keogh, 2005;
Ghysels et al., 2006; Duan et al., 2006) NM13aauAUeIYNTHIA1IHMaszENITTI0 ]S
=" = a a 3 9 d‘
Uszuanalidnenin uaziilszansamunuuld iisgn
] 9 ] ) A y Iy . .
1) AB4N15AANI 1HHUIIANUTT 1H991NHIN 15UDYA Raw Time-Series
nsnensen luieanelunisyszutanald (Lin et al., 2003; Keogh et al., 2000)
Y
o 1 v Aa [ I [l
2) MIAUINITZHZNINTLHIN Raw Data HUAUNTWeINTII U810
dy an Z, =\ o @ 1 I~ 3 ] A v o W
uazuenandmsanialiaiasdinalinmsiinulumstanguiaiiuegieiitiod1nny (Lin et
al., 2003; Keogh et al., 2000)
3) TuvaeNiN1IIATLEL 5119 Raw Time-Series @09d180190N15
o Ao & Y Y dg! [ 1 a Aa da! ¥ A 19 Aas
maunsuiludeldninensgaruedis limaaanaiula s inmsiaszez 1193503
' Y
@@u”lmmﬂﬂugﬂgmuﬁwwﬂﬂ@ (Ratanamahatana, 2005; Ratanamahatana et al., 2005) A9UU
11314 Raw Time-Series Data 919WU19YNTUNIA1V A 18019gnTa 1HognquIALINY Noise
d' @ 9 1 1 = % dld 1 A [ Y
ununazgnialiegnquiRenuaentzsauniounu 14
1 Y .
nsunuoynsualnue 1Aty 4 1dsginn (Lin et al, 2003;
Ratanamahatana et al., 2005; Bagnall et al., 2006; Shich and Keogh, 2009) 1dun
ax . I ax o
(1.1) 3541V Data Adaptive 1 UITNMIUNUOYNTVIAT TABAITNINU

[ (Z

9 A Y Aa Y A Y Y
fmmgﬂimaamﬂmcluymagaﬂwmmmmwamuawqﬂ Taal¥35ms1Usuanuenves

9 A

= 1 1 @ = [ dy 79 Y v an 9 1 . .
ﬂl@ﬁJﬁTlﬂJﬂ’J"lﬂJfl”l’J"lﬂJWI"lﬂu G]N‘Vfaﬂfﬂiuﬂ38Qﬂ@1%ﬂﬂﬁa1ﬂﬁa1ﬂﬁl‘ﬁ1ﬂuﬂ Piecewise

G

Polynomials Interpolation (PPI) (Morinaka et al., 2001), Piecewise Polynomials Regression (PPR)
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(Shatkay and Zdonik, 1996), Piecewise Linear Approximation (PLA), Piecewise Constant
Approximation (PCA), Adaptive Piecewise Constant Approximation (APCA) (Keogh et al., 2001),
Singular Value Decomposition (SVD) (Faloutsos et al., 1994; Korn et al., 1997), Natural Language,
Symbolic Natural Language (NLG) (Portet et al., 2009), Symbolic Aggregate ApproXimation
(SAX) and iSAX (Lin et al., 2007) 1Fudu

(12) 351U Non-Data Adaptive [HuiBunueynsunardiomssvua
vinafiiulitudiudes nagihmssuifieumssmuadunuveseunsuaiialy
19039 a0 Fandnna 19Uy Wavelets (Chan and Fu, 1999) Tagliviangmaiin
1&un HAAR, DAUBECHIES, Coeiflets, Symlets, Discrete Wavelet Transform(DWT), Spectral
Chebyshev Polynomials (Cai and Ng, 2004), SpectralDFT (Faloutsos et al., 1994), Random
Mappings (Bingham, 2001), Piecewise Aggregate Approximation (PAA) (Keogh et al., 2000) tia1g
Indexable Piecewise Linear Approximation (IPLA) (Chen et al., 2007) Fludu

(13)  33uDU Model-based 113 unuounsuia1fie3suuugu ¥4
mafinfio1fundnn3i 1§un Markov Models 1182 Hidden Markov Model (HMM) (Minnen et
al., 2006; Minnen et al., 2007; Panuccio et al., 2002), Statistical Models, Time-series Bitmaps
(Kumar et al., 2005) 116¢ Auto-Regressive Moving Average (ARMA) (Corduas and Piccolo, 2008;

Kalpakis et al., 2001) Hudu

]
a

aa . 3 aA an A A I ad A o
4) 9941V U Data Dictated 1 uATNA1991035N 150 uA0tuAITNo A Y

]
IS % [

v Y
dadaumsTudoya Faimualagsoa TuAYUNY Raw Time-Series inAliafio donanns il

e

1dun Clipped
% 1% =X \
(2) MFIAANNAAYAAIY/NITNNG
M3IAAMNARIEATI/ANNATE H30IATLELH (Similarity or Distance
= [ U [ v A 9 = J v Y ~

Measurement ﬂ’f]ﬂ'li')ﬂ')'l@lgﬂillI,LGI@5@]'31|ﬂ'3'lllﬂﬁ'lﬂﬂﬁ\1/ﬂ')'lﬂﬁ']\? ﬂuiJ’]ﬂu’f]EJLWENGI,ﬂ Iﬂﬂ
21ABNIAT TAdIMTUIAANNARIBAR/AUAIL FIUUIANIY AI98191%1 Hausdorff Distance,
Modified Hausdorff (MODH), HMM-based Distance, Dynamic Time Warping (DTW), Euclidean
Distance, Euclidean Distance 14 PCA 1a¢ Longest Common Sub-Sequence (LCSS) (Keogh and
Pazzani, 1998)

) @ @ &’ 1 1 A o Y I o

Z‘T”I‘HTIJ‘Haﬂﬂ1§Wuﬁ11!’EJfﬂ\i\i1fJ‘Vlllﬂgﬂi%LﬂuﬁTuGlUﬂTi’Jﬂﬂ’JTﬁJ

Y = @ v9 o A 1% v9 A @ a
ﬂa"lflﬂa\ﬂl!ﬂ]iﬁ]ﬂﬂ@ﬂﬂlﬂyjaﬂﬁﬂﬂ HID NTIANQUUDYADUNINLIAT AD NITIATSYSLUVYNAA

Y Q

[

9
(Euclidean Distance, Euclidean Metric) H51eazideanatl



12

(2.1) F2eTMNLUUYAAN Ao zezn1NUnATEnINgadeIga lumu)
Y = o Yy Yy v o A 7 o o a A '
iduasanamnsodaldaae liussia wiegunsaimsdaszer midaszezmanuvgaaaiioz 1

= v ' o v = =2 o A
ummimuax”lummmmmﬂmﬂmqa (Deza and Deza, 2009) U51802108AAU

)Y

Mrualiizee NN UgAaATENI1NIAT0I9A p 1AZTIA q AO
v 9 Y A v I
ANNIIVDITIUVDUTUATI pq 01D = (P, Py -, p,) 1482 4 =(q,, Gy -, ) UTZVUNAAMSGN

~ a a an d' =) ! v [ Y
on vufinignan n A 1o d(p, ) ADITELNINTZNINYA p AU q MUV AN

d(p,@) = (P1 —q1)*+ (P2 — )2 + -+ (pn — qn)? =

Z(pi -qi)? @D
=1

d' .oA o T 9 S 1 gl.: 1 =3
I@]ﬂ‘ﬂ 1 A9 AN UIVDY A UATAILLA 1 93n

22) Mmiiaszezmanuugaanludeyaoyniumal dmiunisia

[

v 1 @ @ o a & g
JTYSHNITHINDUNTULIAN Iﬂﬂ’ﬁ]?ﬁﬂﬂﬁﬂﬂ'li’]ﬂigifJ?J‘VI'NLL'IJ‘]JEJﬂaﬂG]NL‘]Juﬂ'lﬁ')@igflgu‘ﬂll
a o 1 = o 1 o Y v dy 3 Y
Unam llsznineaansge o ganaIReInuszIeyNIuaesoynsy i laaall fruald
H )
Quaz C ﬁflfluﬂﬁllna'lﬁf]\?’f]iélﬂﬁuﬁfl"l]ll'lﬂﬂ"]'lllﬁl'nlﬂ'lﬂuﬁf] n ANUHUNITUITSYSTTINISTIN

Y as o a 9 v 1 dy .
YNTN Q 1Ay C AYITIALUUYAAA ‘I’i”lulﬂmﬂﬁllfﬂiﬂ\iﬁﬂul‘ﬂu (Lin et al., 2003)

(2.2)

A =

v Y
Tagh i Ao 9ANAIVUOYNTNAIAT Q 1Az C FAIAIA T DI n

HEAUIAANTINTZETHNTZHINOYNTY Q 1Az C A IanuUgAaaLdad Iaasglf 2.7

C =@

]

=]
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3N 2.7 MIdaszernIesEnINEYNINIAT 2 BYNITN

(AW: Lin et al., 2003)
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v Y 9
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[ 9 2 [ (Z
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e
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7 (Aghabozorgi et al., 2015) 1&un

o
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H 9 H
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]
1 =

~ 9 A ~ ' ) =< = o
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NanNEeIN1g Glflai} Msmagllu NUNQU (Niennattrakul and Ratanamahatana, 2007)

a
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o a R ) o @ 1 o o Y ' .
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. [ d'dy 1 =4 ~ 1 [ dy
Step Clusterlng meluwmzﬂanmmm 5 ﬂQﬂJ PANU
I [ 1
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I o . . ! .
Wunsiiuuuy Hybrid Clustering Approach t¥% Chameleon (Karypis et al., 1999) CURE
<
(Guha et al., 1998) itaz BIRCH (Zhang et al., 1996) R
k) = [ U 9 9 9 @ 1
ﬂ’J'mﬂa']fJﬂEN1uﬂ13ﬂﬂﬂgﬂﬂlﬂya@1§ﬂiulﬁﬁ1 ﬁi"l\illﬂﬁ]'lﬂﬂ"lﬁﬂ‘ﬂﬂ
a J o % [ 1 o v g}/ o
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dsudangudeyaoyninnarluGonsuaaInaveIn159ANgY (Keogh and Pazzani, 1998;
.. o oA an A = 1o & Y ° o
Van Wijk and Van Selow, 1999) HaZanHMUSIAUNAINIINITOU AD "lmnﬂummmummm
A Y 2 A g < v o v & A & a g A
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2.2.1 Agglomerative Hierarchical Clustering
Y
mﬁmﬂqmmué’mu%uﬁ'waaﬂ@sﬁu Agglomerative %50 AGNES

I o 1 § o 1 '
(Agglomerative NESting) 1ilunisianguiamisauaasrnanuuisaulif utiangu'laa Jaa

' ' 9
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1 d‘d FY = [ .d' Y Y [ = 1 d’ o 9 %
snguaianuadeadsnuuniige 13aenuiiazg souliiFes q aunsznadeyannay
o I 1 [ {
s9unwilungauiRed (Maimon and Rokach, 2010; Mohammed and Wagner, 2014) Jvannish
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@ a o J o v & . : ' < o v & 1
8aNeINUNMIIANGUULVAIAUFY (Everitt, B. 1998) Gt lnamnsnmiudinusuvesngu'la

azainlugUuuudaduld (Mohammed and Wagner, 2014) Tudadu ldszdundr1igadnolu
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= F) 1A Y KX o [ Y I VoAA FY =3 A 1 a
FADTNUIITUANIUADTIIADINU %8%‘U“l“l’i’HJ'Llﬂf,j3J“I/l3Jﬂ1ﬂ’JHJﬂﬁWﬂﬂﬁ\iNWﬂﬂQfﬂiZﬁ’)NﬁNFﬁﬂ

woangu ldiamFnuesdnngu (Sneath and Sokal, 1973)
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(2.4) Centroid Method ¥3® Mean Distance (1135 N0188A15 0528211

52131499 UINANUDINGUADINGY (Mohammed and Wagner, 2014) uaas ldaagzali 2.13
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dmSumshauuesdanesfiu Agglomerative 1aad lanagli 2.14

Algorithm: Agglomerative Hierarchical Clustering (Mohammed and Wagner, 2014)

AgglomerativeClustering (D,k)

[a——

C « {C; = {x;}|x; € D} //Each point in separate cluster

2 A« {S(Xi, Xj): Xj, Xj € D} //Comput distance matrix

3 repeat

4 Find the closest pair of clusters C;, Cj € C

5 Cjj < C; UCj // Merge the clusters

6 C « C\{{CGi} U {Gj}} U {Cy} // Update the clustering
7 Update distance matrix A to reflect new clustering

8 unmtil |C| =k

3 1 2.14 Agglomerative Hierarchical Clustering Algorithm

v 9 b4
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319 2.15 A79819M15A9 Dendrogram N k=3

2.2.2  Permutation Distribution Clustering
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H(P) =— Z prlogpy (2.4)
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2.2.3 9ane3nu k-Means Clustering
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Algorithm : K-means Clustering (Mohammed and Wagner, 2014)

K-MEANS (D,k,€)
1 t=0

2 Randomly initialize k centroids: /,tf, ,ug, v ,u,tC € R¢

repeat
3 t—t+1
4 // Cluster Assignment Step
5 foreach x; € D do
6 Jj* < arg mini{”xj — Mf”z} //Assign Xj to closest centroid
7 Cj. < G U {x;}

// Centroid Update Step

8 foreach i = 1to k do

e 1 z
uh e — X
' |CL| X]'ECL' g

10 until X [luf —pb Il <e

gﬂﬁ 2.17 The k-Means Clustering Algorithm
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Whole Time-Series 1ag92 11035 msmnuadunuoynsuamaldiilu 4 Usgian (Lin et al.,

A J { A

2003; Ratanamahatana et al., 2005; Bagnall et al., 2006; Shich and Keogh, 2009) 4§ Mmiundey
1#1un1s21an Data Adaptive 11a2 Non Data Adaptive 390013 39MANANITUNUDYNTUIAN

A 2 [ < o a !
wafiuummﬂ @N‘ﬂzlﬂuulﬁlﬂTﬂL!WHW\?Wlﬂl!ﬂﬂ?ﬁl!“l’ll!@ﬂﬂﬁllﬂﬁ? (Lin et al., 2007) 611!3‘]Jﬁ 2.19

Evaluation Measures

I
[ |

Scalar Accuracy Measure Visualization
] I 1
Internal Index External Index
 ————!

SSE | | Silhouette

| | | | | 1 | | ]
Jaccard || FM | [ ARI | | Entropy || F-measure || Rand Index || Purity NMI CSM

JUM 2.19 UHUAINATANIMHUAAILNUDYNTUIA

U

Tuvramaiia 1¥U Discrete Fourier Transform, Piecewise Linear Approximation, Haar
. . o c A = g a A o vy =
Wavelet Lnig Adaptive Piecewise Constant Approximation %4 AumataniMImIUAaIena

Auazilenlunsdvenesea uaaInannsegIenIgln 2.20

Discrete Fourier Piecewise Linear Hiar Wavelet Adaptive Piecewise
Transform Approximation Constant Approximation

0 50 100 0 50 100 0 50 100 0 50 100

31U 2.20 dredramsnfFeumsumsmmuadImMueYNINNIa1

(AX: Lin et al., 2007)
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X1 0.147650 | X13 -0.686040 | X25 -1.036100 | X37 0.573040 | X49 1.084600
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(a) Time-Series x (b) Time-Series y
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lutimsiweusonelusu Visible tagn1elusi Hidden (Hinton, 2007) #9317 2.27 (¥1) Al

General Boltzmmann Restricted Boltzmann
Machine Machine

31U 2.27 ununnIA39918U09 BMs 1Az RBMs

(A1: Salakhutdinov and Hinton, 2009)

2.4.3 Deep Autoencoder Networks Architecture

< { o o @
Deep Autoencoder Networks 11 uaa1fanonssunwauilagerdendannis
4

A A 3 A o A Aa A 9 A
NWHUITIUUDI RBMs Llﬁ$ﬁﬂ?ﬂ@lﬂﬂiiu‘ﬂ!ﬂ‘Ll‘VIEJ’O?JT]JLi@ﬂﬂigﬁﬂ‘ﬁﬂTWGlUﬂ”liuﬂusllﬂll“ﬁﬁiﬂaﬂ

a9
P
9 A

{iAtoyand1a Autoencoder Fa03 1185 0z B oA 1Al
(1) Autoencoders

(1.1)  Autoencoder (AE) %39 masiadnswada Tuiiasailulasavie

Uszenmuuy lldhanih Taedaandasnsuiiiisudorwy (Hidden Layer) Sinsi¥ouaa

v o % o
081981170 (Goodfellow et al., 2016; Gianniotis et al., 2016; Bengio, 2009) Fagnsamngia
9 Y = Aa a ) @ ~ 9 a9 =2 o ) P4 9
Joya ldedrallszansamdwiiumssouiuun lilidaen Juingmiwnldlumsunudoya
v =9 oA A ) ) Y A A aa
A2emsin Insevieien/aguveyamn (Input) Ieglugiunuon Tagmmeziensaniidves

9 & LY a Yy 1 1 ) [ ~ ¥ A 9
Yoya BIUIVVULUIAAVDY Autoencoder Qﬂi%@ﬂNLlWi‘Ha1ﬂﬁTﬂiUﬂWiLiﬂuqﬁjlW@ﬁiNIMlﬂﬁ

U q

UNUY D Ya (Goodfellow et al., 2016; Kingma and Welling, 2013) Taw “ﬁb’J 11 Tns9918 AE

v
=

szneudisansdIundn drunsniie Encoder Function 4 = fiy) Fadauiilddmsudsia
Foyarudr uagdruiidesiie Decoder Function » = gy ifludrufishimihalumsiSendiu
FoyannsafiduiunsIasdau Encoder Function gutuTasathoia ldvesamdaonssu
AE aziflumsmlasdoyarind r Wifludeyarheon (@umudoya) r (Code h) Fearmnsa

uaaa 1daagai 2.28 (Goodfellow et al., 2016)

G
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Hidden layer (Code)

f g
Input layer Output layer

517 2.28 uuuun lvesandaenssu Autoencoder

@ ] Y Y a ~ Y A 9
AIDYIN ﬂ’lﬁsl"lf Autoencodel‘LL‘]J'U@QL@?JGI,‘L!ﬂ'IﬁLﬁﬂuﬁlW@LLﬂu‘U@M

9
U IUADUUIA 8 Ua Tagli Inguneaail 1u Input Layer 11a2 Output Layer 4 Neuron = 8 11
. ~ 1 [ A 9 A o
Hidden Layer § Neuron = 3 (8-3-8 Neuron) uﬁmimwwmgﬂm 2.29 (180D) NTNNIUUDY

v Y Y v 1 v 9 o F) [ {
Tasseagindou Taetidhninelimaansinumilounudoeyariuid degii 2.29 (1nile)

Inputs Hiddens Outputs Inputs Hiddens Outputs

10000000 -= .89 .04 .08 -= 10000000
01000000 -= .15 99 99 -= 01000000
00100000 -= .01 97 .27 -= 00100000
00010000 -= 99 97 .71 -> 00010000
00001000 -= .03 .05 .02 -= 00001000
00000100 -= .01 .11 .88 -= 00000100
00000010 -= .80 .01 .98 -= 00000010
00000001 -= .60 94 .01 -= 00000001

5111 2.29 #1881 Autoencoder Networks 1111 8-3-8 Neuron LAz HaLNUT0Ya

o ' = o JAn Y ~ 9 &
%'lﬂﬁ')’f]fl']\?ﬂ%ﬂﬁ@QﬂQNaaWﬁﬂllﬂﬂ']ﬂﬂ'lilﬁﬂug"ll’f]\? Autoencoder 719
o saa X . & g [ Y J 9
NaaW‘ﬁmﬂﬂ"uﬂu Hidden Layer GINUJuaﬂymzmmm’iﬁ’inmuwumay’a

] I~ ]
(12) Y3zanued Autoencoder aru1souuldiilu 2 dszian 1dun

% [

a wAa ° 1 4 1 I
mﬂumf’ﬂ’"ﬁwaaMuummummmuuim (Undercomplete Autoencoder) n3eGeninily

a % (2

9
maiatsiasa Tuiauuuauay uazmaiadnsiasa TuiauuudsulnUnd (Regularized

'
vaa 1 9

Autoencoder) Aomatanisdswada TudanyudulumsadanuaunselunsGous

q

Y o 9 [} A ] 9 49! 2 o g o A A
1Wﬂ‘]J Encoder 1481¥ Decoder mﬂmwmﬂumm@m%auﬂm Gmumﬂumimﬁﬂuﬂimﬂ

9 . . 1 ' o . 1 a 4
9149 Hidden Unit Hy11a14gjn 1911494 Input Unit W30i56n01 1AUAN1YTH (Overcomplete)
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% a . 1 I a [
“cl?\ilﬂﬂuﬂll‘ﬂﬂ Regularized Autoencoder mmammuﬂu mﬂummuaﬂmyq,nmwmu
(Denoise Autoencoder) MAUALD VLIV (Sparse Autoencoder) MAUALLUYAAD (Contractive
Autoencoder) gazmnauaLUULTHY (Variational Autotencoder) (Goodfellow et al., 2016)

(2) Deep Autoencoder Networks
Deep Autoencoder Networks (DANs) H391nAlia1A59918A151915 ¥ a

@ va A K X I A Aa a a Y 9 @ 9

@ﬁjuﬂﬁﬁfﬁﬂﬂ%\‘llﬂu!‘ﬂﬂuﬂ%3J1J5$ﬁ'T]‘ﬁﬂ'lW(lL!ﬂ'luﬂ'liﬁi']ﬂ@]']u‘ﬂu"]]E]iJ”a Iﬂﬂ!ﬂW']%

) aa ] ] AA o I a {
anuannsalumsilSuandoyaiagelieglugilvessiadoyaias Tas DANs flumatiaf

o o dy a =X 1 d‘ a =K = 1
@1ﬁﬂﬂaﬂﬂ1iwuﬁ1umﬂﬂﬁﬂ1ﬁﬂﬂﬂii‘JJL(’]Nﬁﬂ Llagiﬂixﬂﬂﬂﬂ')']ﬂl"]ﬁ]lf’]ﬁﬁﬂ Iﬂﬂﬁlﬂﬁ@uiﬂiﬁﬂﬂ
gJJ g’/ { < o

YsTaMIuUNa18%U (Multilayer Neural Network) @2815zamyunarshlvinaaniaz ey

=

n13UFuUAT Weights NHdsz@nsnmgaieiseouslusiadoya lunszuiumsGoudae

Yy o 9 Y & Y o Y 4 % 2 Y o Aad o
L"’U’]ﬁﬁﬁ"’ll@ll“ﬁ{l]']ﬂslfuﬁu\‘]ulﬂslfuﬂﬂulﬂllﬂﬂsﬁuﬁﬂsﬁu{lueuu Encoder fﬂuulﬂﬁﬂﬁell@l]“ﬁﬁlumﬂﬂﬁ']a

Lo

9
%

9 ! 9 9
Tusu Code Layer tazaziinsnoasiaiead naudoyaauaunnsulugaoen lldssuuen
9 9 9 ]
gauuUsuao U 1 UTY Decoder HAAINUIAANTIHFOUADT1MSY DANs N3 3-Hidden Layers

1aaagai 2.30 Al

Decoder
Hiddenl Hidden2 | CodeLayer| Hidden2 Hiddenl
Encoder

#2l9n1591914v09 DANs LDIAINITHIIUVOUNAT A ]
9
AuaINsalunsdsuuag Weight ﬁjﬁﬂﬂiiﬁﬂﬁﬂuﬂlﬂﬁiﬂiﬂﬂﬂﬂ%u Hidden 88139 RBMs

o 1 Y a { g ! [ ] o o
ausawnumatianduieensuludunsunudeyasd1a Autoencoder #1151 DANS T
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Maunan 3aiuldun Pre-training, Unrolling 448 ¢ Fine-tuning (Hinton and Salakhutdinov,

2006) A3 2.31

Pretraining Unrolling Fine-tuning
(Create deep autoencoder)

Decoder
cadie

Deep Autoencoder
Encoder Networks

31U 2.31 (MuMan 3 @7ved DANs

d' a glJ ) Y o dy
g7 2.31 o5 ueiuaeumsTau lanail
Y [l
1) 4 Pre-training 921/52N0UAIY M35oUFVOIAUAN (Stack) YD RBMs &4
1 A A g’/ Y = 14 9 $
aae Stack 3B 1 TUYDIAINTIVVUNI905 (Feature Detectors) N5 b Feature NNIUATS
9 k I o Y o o o
Fouivod RBM ritlevzgnlfiludeyariudrdmsu RBM aalilu Stack
Y
@115 Binary Vectors 415 18910 RBM Tugduuuguainsiadu
~ A " v ¥ o ] 9 Y
Feature WU lunisvgidonaodrenms Imimiinuuuauuias lnedoyaithwuiendoans oz
¢ 11 Visible Units Y99 RBMs (1130 Output ¥94 RBMs) 69197357931 Feature 908 11
. . v & ' o . .
Hidden Units Fanua8 (v, h) Tagnaaodaiuaglinga911 (Hinton and Salakhutdinov, 2006)

A Y v dy
Hey 1daail

E(v,h) = - Z biv; — Z bjhj—zvihjwij (2.12)

i€pixels jEfeature i,j

4 I =)
1o v, az 13w Pixels (($huwne) nag Feature Tugiuuulouds veuthwine
3 1 1Y
i 1182 Feature j 3 b, 8% b, A® Biases Az w, 114 Weight 52313 Visible 11 Hidden Tagly
.. dy Y] v . . Y a [ ~ :; Y
13 Pre-training Hagweneulivuag Weights 1lai¢ Biases Tinanasanund vaz lvimune ey
A v A ] 9 a ﬂldd'
ngansoneasiaiunauiludoyamnldanga
9 ! v
2) UY Unrolling HOAIUNT Pre-training 1187 RBM %Zgﬂﬂaﬂﬂﬂ (Unrolled)
A Yy g = P ' & &
o1y Deep Autoencoder NUBDINTAI19IATIV18 Encoder 1182 Decoder BINIA DY
Tasaeaziins 14a1 Weight [edfu
y . . 3 & Y & g & o Y v a
3) VU Fine-tuning uvuaeugamedazluvunaunsliuunaiminogn
Y A qu9 A A o ¥ ¥y A A ya 9 ¥ a v v v
asuielinisFenauaunudeyaliimveunielndinsaveyanuauliuingalilagly

Backpropagation §1151Un13A15A529d0UTeAaNa1AlUN1TH19IURDITU1910 Weight 7
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P g’/ T A a U 9 T Aa ] a3 oA Y a .
SIGEIMIGH ﬂ'lﬂuu%8L!“I/Iuﬂ'l“lfllﬂﬂ%Wﬂﬂ'liij’iJﬂ’JfJﬂTVlﬁJﬂ’JWNUW%%L‘]JU?TWI!WI‘NQ Tag Weight

v 1 Y
alasuulaseusoiieny laasaumsae i

AWij = 8(<Uihj>data - <Uihj)recon) (2.13)
Taoi Awy; Ao Weight N1U5UUAIV0I Feature @27 i 118 Feature Detector GT’J‘ﬁJ
A o =} k4
& Y BAITINIILTIUY

[

A 1 z:i v d' . £ d' .
(Vihj)aata N0 AAAIUYDAIAIN Feature AN i LAY Feature Detector AN j

[

Wik recon PO dadiunafiaeandedlumsszuiaiioadvnudoya

2.4.4 mmmuagnwnmﬁmmaﬁﬂ DANs

o o A aa 1 . a 9
’ﬁTI’ii“lJelglj’fJiJEI‘VI?JGUHWHJG]Q'Q’E'JEJNalT’E'H;I]EI’EJia!ﬂﬁJL’JaW %Qﬁiiﬂ%Wﬁﬂ?ﬂﬂiiﬂﬂJﬂMvﬁ

u

A 3 o 1o & ) [ ) a 7 v & A g o o W
noniludyanasuniulusuiludmsumaillimsgd auiuuuameinduialadnnylu
' 9 ~ 9 A o Y o 9~ A a A 2 A
ﬂ'lﬁ“lf')fliﬂﬂ'lﬁﬁﬂugsllﬂ\uﬂﬁﬂ\‘ﬁ]ﬂisl'ﬁﬂ']\?'luulﬂilﬂ5$ﬁﬂ‘ﬁﬂ1W3J'lﬂfJ\16UuﬂE] NIUNUBDYNITNLIAN
Yy o ) v a ' = S a A "
AIYAUUNUTDUD Iﬂﬂicﬁlﬂﬂ‘l‘lﬂﬂ?ﬂ@fﬂ\? %3 DANs Lﬂuﬂ’l%ﬁﬂﬂﬂu’lﬁuiﬂ UasHININIeg
A & v & ' ci} ' = o Y A 9
NNADNUUN muﬂumuu%ﬂanmmim DANs 3J11%LWf]ﬂ1§LlﬂueUﬂyja@1§ﬂiiJL'Ja’l
A20819 MIMAWNUeYNINa1d1iudoya ECGs aynsy S1 Tageide
9
WANMIMNIUVDIUNAUA DANs ¥AITNINIU @T\Tﬁ!
o v Y = 1 dy o Y
(1) ﬂ]‘l"ﬁ!ﬂiu!ﬂﬂsllﬂﬂiﬂiﬂslﬂﬂﬂ1§!‘lni?’iﬁ WQ@]'J@EJWQUﬂ']WUﬂGlWINmaGU?N
] @ 5 . I o
TA59918M 319151 d110 3 U Hidden TAgi) Encoder Networks 111 700-200-20 1iuwungn 1y
" ¥ a g v dq Yva o 9 ¥ a = v ’
N alli’)ﬂJ“ﬁﬂ\‘llﬂil‘l]g'@‘ﬂLL‘]_Iﬁﬁiﬁlﬂusﬁﬁﬂli’)?;llﬁVlclﬂalﬂﬂﬁﬂﬂsll@ll“ﬂﬂ\imllﬂJTﬂVIZZfﬂ ﬂ'JfJIﬂiQslﬂfJ
) . <
DANs N1%U4 Hidden 1)1 700-200-20-200-700 (Encoder-Decoder)
(2) 3 Pre-training oW1 Weight (3 UAUNMINZaud M UM TAOUADVDY
1 2‘, v 1 dy 1 A o I [ g}z =} 9
ll@]ﬁ%“ﬁu@ﬂ@]ﬂulﬂu %']ﬂiﬂi\i"lﬂﬂ‘i/lﬂ']'ﬂﬂﬂlﬂu 700-200-20 PNUUNITLITIUIUD Stack U939 RBMs
2214 wl fie Weight FTUIN Input Layer AU 700-Hiddens Layer, w2 Ao Weight FE1I19 700-
Hiddens Layer 1Y 200-Hidden Layer tiag w3 Ao Weight 5212149 200-Hiddens Layer A 20-
Hidden Layer quidl ﬂﬂugﬂﬁ 2.31 (Pre-training)
LA A . Y . = v ¥
(3) 119 Unrolling A9 IWOANIUNTT Pre-training 14 Weight nnnzanleag
9 o o S { 4 I
gudmsunsiaulu Encoder Networks 91011 RBM %zgﬂﬂﬁaamﬁaa%’mﬂu Deep

v 1 Y
Autoencoder HUN8DIMIa519TAT9018M1U52n0UAIY Encoder a2 Decoder ¥aMaa0d1nT3118

vz 3im5 191 Weight 18enu @917 2.32 (Unrolling)
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i—" 20 i Decoder
200 RBMI P wrse
| o | [ 70 ]
wl+ eg
200 E wl+e,

W i . ‘ 20 ‘ Code Layer
\ 700 M ' w3 w3 + €3

200
Wy Wy + =]
\ 700 \ \ 700 \ \ 700 \
T wy T wy T w, + &1
REM Encoder
Pre-training Unrolling Fine-tuning

311 2.32 @1061IMIMAWNUBYNTUIAIAIYNATIA DANs

I g’l @ 1 g’u 4
(4) 3 Fine-tuning 1 1dunoun13U5 1A Weight Bnasune liimsadi
Ay o Y A A ya 9 ¥ a ) L A Yy Ay
Audoyannawmuldmiiouniolndifssdoyanuauliuinga Fuiermsadeaudie
v v [ Y Y
139910 Decoder Tno01Ay Weight N)asuuaslidnzsunuoniimsizoud () udrnnmiu
9 A ¥y oA 9 I A [l 1 1A Y Aa o A . .
wunudoyandduaumsanlnnuinnzuamiuiese a9 2.31 (Fine-tuning)
(5) Mvg1seyaauNsNIAzAINNUYBID YNNI IHD1InINATIA DANS

1 1 E4
wouaasnswlifFouifieuzdine Raw Data nuaaunu ag lasagaln 2.33 asll

Inputs

Representative
04

1.0

511 2.33 nslfSouiong1ls1e ST 521919 Raw Data @MY S1 9114910 DANs

(% (2

A a 9 = A ) Yo 9 ~
WaNTUIvYa ECGs 2YN3¥u S1 mauny ’Jl,muﬂllﬂiﬂﬂ DANSs ﬁ]z“lﬂﬂw@uammﬂﬂu

Y

[

~ = 9 ~ an dy
AITNN 2.3 GIUTAIVDYALNYI 60 WA AU
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Features | Raw Data | Representative | Features Raw Data Representative
X1 0.502060 0.665691 X31 -1.649300 0.000009
X2 0.542160 0.999968 X32 -1.726600 0.000035
X3 0.722380 0.999906 X33 -1.608400 0.000014
X4 1.428900 0.999925 X34 -1.662800 0.000026
X5 2.136500 0.999969 X35 -1.650700 0.000023
X6 2.281100 0.999992 X36 -1.697300 0.000609
X7 1.936300 0.999978 X37 -1.838700 0.000239
X8 1.468900 0.981547 X38 -1.802600 0.000199
X9 1.008800 0.000009 X39 -1.780500 0.000073
X10 0.380280 0.000001 X40 -1.825200 0.000053
X11 -0.296780 0.000007 X41 -1.644800 0.000015
X12 -0.513930 0.000140 X42 -1.423800 0.000086
X13 -0.255640 0.000092 X43 -1.392200 0.000180
X14 -0.107200 0.000081 X44 -1.360400 0.000146
X15 -0.287830 0.000100 X45 -1.200200 0.000252
X16 -0.418010 0.000044 X46 -0.918630 0.000210
X17 -0.319160 0.000040 X47 -0.685920 0.000394
X18 -0.260380 0.000059 X48 -0.667940 0.000758
X19 -0.350360 0.000024 X49 -0.512720 0.001005
X20 -0.505490 0.000046 X50 -0.101690 0.001921
X21 -0.710890 0.000053 X51 0.063954 0.003904
X22 -0.823920 0.000016 X52 0.082614 0.013585
X23 -0.899700 0.000029 X53 0.237610 0.031864
X24 -1.153900 0.000038 X54 0.174790 0.065063
X25 -1.229800 0.000016 X55 0.123210 0.115009
X26 -1.044100 0.000015 X56 0.503390 0.193587
X27 -1.202000 0.000031 X57 0.683870 0.344191
X28 -1.392200 0.000006 X58 0.474990 0.436498
X29 -1.130100 0.000025 X59 0.532800 0.470723
X30 -1.179900 0.665691 X60 0.723550 0.482312
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U a

25 anoINMTINUENIIN

@ a a @ I a o @
8ano3 NUFINUEFNTTH (Genetic Algorithms: GAs) 1HulTmsaumdnou Tnse Ay

4

MIAIULVUIIAUINTNNETTUINAVITINFIANTNUFIUUUIAANNNBHTTAUINTNI

FIINYIAVDY Charie Darwin 19815 UUAUDDANDINUIFTINUTATINUDI John Holland 1143

q

asa a A X o Y
W¥IaluszuvaInew lglunsamuiuaie
Y

QUUABUMININIUTINTY Genetic Algorithms

QAD-

2% a o
f.¢/1. 1975 Iﬂﬂﬂﬁ%faIﬂﬂleuﬂ@u'J'J@lu'lﬂWﬁﬂlﬂ\?

=D0-

a s A 9 o A ~
AONNINBIINBAUIAMABUNIMINE AN A
o 2

(Houck et al., 1995) Uaqu
Y L% .
1) msstalnslulas (Chromosome Encoding)
9 o a v ° A A
nssvalag I Tsuluniseenuuuli Chromosome HNUAIAOUYDIFIN
£y Y 1 Y =] a o A
ADINITAUNI UAAY Chromosome 1J52NOUAIVIU (Gene) FUIUN15101A0F (Parameter) T
ﬁﬂﬂﬂﬁ?ﬂfﬁﬁlﬂlﬂ&ﬁh MInswa Chromosome 3 3 U5tam (Holland, 1975) hlﬁglluﬂ'
9 @ . . I Y o
(2.1) MIVITHALVULAVIIUA DI (Binary Encoding) WuUn151U1s e
a I . 1 @
Chromosome Iagnsuilasdoyassuiluaugiuass #9918 Gene aazdalu Chromosome i
I
suuuualu 0 uag 1 (Holland, 1975)
o 1A . I @ 1
(2.2) MITHEUVVAIITE (Value Encoding) 11111519715 a Taemsunuan
Y T a oA A = 1A I o ~ Y 1 a Aq J
Gene A20A193 3Fou Tosdemnasaumpo vz auvesfygn la arvsaildlums
9 o I o o a v @ A o @ I Y .
[W15H e Chromosome 91911 AUAVTIUINDTI AIONYT HI0MTS 1T UAW (Wright, 1991)
Y o = o w . . a Y o
2.3) MssHasuuasuainy (Permutation Encoding) Wumsnsvialae
MSUNU Gene UARZAIAIILNUIUDITYMINABINITHIAIADL
v Ay oP g .
?2) maaaalsznsianny (Initialize Population)
9 A 9 A A ' ' . .
M358 UAY W50158n21U 58 1ATFUUITA (Initial Population)
Tagn 1oz 1935 msguaav I dmnusiuauilsz¥ns (Population Size) Nvua
3) msiszfiumanumanzay (Fitness Value Evaluation)
A 1 1 I g}/ o {
M55 UAIA NN ANVBAUAAE Chromosome (T UTUABUAUNIAINDUN
I o Y 0 Y 1 Ju W s L .
Mgaumunannmua aremsalsznnsnglansuingilszasn (Objective Function)
A = ) A 9 A Y [ ' 1 [
Naglimsmuavieldaumshasandosnuuaaz Toymarenu 'l
4) MIAVHUMININUENTIN (Genetic Operations)
o A @ I A o Y a = @ Aa
MaantumIneanugnssn ununmninemsn)dsuuilamaiugnisy na
] 0o A 9 (% v d
U525 3UgNHAIU (Offspring) MIAUTUMINIHUFNTTVUTZNOUAIY MIAARBNGWUT

. 9 o J 4 . v tdy
(Selection) MIVIUAIWNWUT (Crossover) HAZMINAIWWUT (Mutation) AU
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v A 4 . < = [
4.1) minaaena@gnUg (Selection) 1WUNTAALADN Chromosome 1R8N IINA
{ o A < 1 1 4 ° o A
nag ldaoviugna liilu Chromosome Wo 1182 Chromosome i titeti1 liladwduduiiaaie

[

v asy v A =} axy 1 asy v A Y
Wu‘gguﬂﬂ"lﬂ AwMsaaenserInsUvalels A5N1IARABDNIINADIIARA (Roulette Wheel)

ax v A

AEmsfadon 1aen13gy (Random Selection) 35NMIAAIADNUUUIADUAY (Ranking Selection)
A = [ . I 9
1HaZITNIIAAADNLUUULLUIVU (Tournament Selection) Lﬂu@m
9 @ 4 I Y [ 9

(4.2) "INV NUT (Crossover) 13]14n15@319 Chromosome FUYNHATUAIY
AIAUIUMT Crossover 35114 Chromosome WO AL 113 AI8OATINT Crossover NHNUA &4
8A5 1ML AVAITOYITZH I 0.5 — 0.9 (Wehrens and Buydens, 1998) #3115 Crossover 1 3 5

1 ] o =1 o o
1&un nsduaeWuiuuDaAe) (Single-point Crossover) MITIUE1BWUFUDUKA187A
(Multiple-point Crossover)
v . I @ o [ A o '

(4.3) MINAYNWUT (Mutation) 1WA Gene T NIONNAMH U
1u Chromosome tite 1d1AAN15H 1A nToHgARUIINMIAB U MMNIZANATALU DAY
MWIZD Y (Local Optimum) TAgf14UATATING Mutation 1HHA1A1HIAITH0AT104521719
0.001-0.05 (Wehrens and Buydens, 1998)

(5) M3UNUN (Replacement)
A a 1 a 9 1 TA A
msununlszanns@y dunmsunulszmnsaualtslssansyulnuniany
A R o I v 1 1A A A v A Y
manzauan ¥ i 1ddszansjuluifil Chromosome NHUMsAA@ONLAY TagnIs
uwnuilszannsannsam’la 2 35 1aun
A E . . . 3 ax A o
(5.1) mnmumﬂimﬂﬂimgu (Generational Genetic Algorithm) WuIsmMsnin
1 d' ] ) ) 3’, 1 é 1 Y d’d ]
Uszannsgugnuaiu lununiszmnsguwoninigu #99zdwalin Chromosome NAVDIND
' Ay = 2y vy A < A A

wignunuidegnranu Feansoun Iyt Iddronsi@eniiy Chromosome NANFAUDA

voud 13 1aunedau Send1 MmsAalaentiang (Elitist Strategy)

(5.2) MINUNUILFINTVINAIU (Partial Genetic Algorithm) 14T ATUNUN
g

=

v v Y
Uszmnsjuay Tagdenunuiysz 3N JunoLln w1z Chromosome NADENFATINAUNIIU
= = =\ J =~ v A 9
Fa¥N18D99H Chromosoem jUgnHaIUioaU19AINgnlF
6) MmsasrvaeusouluNedugAn151191u (Termination Condition)
4 y £ o I g‘/ " o a a
mMiasdeuNou luedugamsinau iluluaouasivdeuindanes Nl
o 2 ° A o R A Aq Y Y o 1 Y
WUFNTTUAITTUFAMTINOUNT 03 FaSou lun 9 wu adndwauguvesdszring lansy
o A o Y XK 2 o 1 @ [ A o A
amuswauiimuald 3z dugansviiou uannddludluauSouly msduiuauay

Y 9 A f
ndu lhugihauiuaeuauas 1
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fet1s mathie Gas T mmaeuiinnz auiige dmsulTamdade i
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Chromosome Encoding
Offspring Real Value
Gene4 Gene3 Gene2 Genel
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2.6.1  MM31U5zdiungy (Cluster Evaluation)
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2.63 mdanlsz@nsFagida (Silhouette Coefficient: SC)
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2.6.4 MHATINANNAANAIA (Sum of Squared Error: SSE)
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Wang tagaug (2010) latduouninaluid mivisnismivuadiunuvesdoya

PUNTUNAMALITNITIANIINARIBATI/AUUANAT TAotaUe91UIT8TUTDIT09 A Time-
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wraue lanadninnon 20% Iaglduasiadlun Precision/Recall tag Accuracy

Hinton 1A% Salakhutdinov (2006) 1dteuadsmaitisiadeyaifiiageliidandag
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Subsequence Time-series Clustering v

N3 Lmu%'au“amgﬂi 41991 (Time-Series Representation)

Piecewise Aggregate Approximation (PAA) v
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Multiresolution Vector Quantized (MVQ) v

Deep Autoencoder Networks v v v
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MAUATINITUMITUATIZH (Techniques for analysis)

k-Means Clustering
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PAM (k-Medoids) Clustering

Permutation Distribution Clustering (P

DC)

Neural Network Classification

mAtinM3Us21iun139Angu (Evaluation Clustering)

Sum of Squared Error (SSE)

Silhouette Coefficient

Cluster Evaluation (Accuracy)

Visualization
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SN S

Normalized Mutual Information

Cross-Entropy Error

Purity

N

na1lumsseunana (Processing Time)

Accuracy for Classification

Precision

Recall

Sensitivity

Specificity
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U UNUNUITBUDI Wang LaZANE (2010)
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3 UNUUITBVDI Song LAZANE (2013)
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2 UNUNUINVDY Ripoll tiazAde (2016)
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mAln GAs 3aHaansn lane Tumainingaudmiyldnandunueynsuaal (DANGA)
(2) MsunudyNINLIAT (Time-Series Representation) N1STIUFIUNT D
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3) nﬁc‘i‘)'ﬂntjw?imgama!nsunm (Time-Series Clustering) N131191UaIUN
10 NTTANUTOYADUNIUIIAIAI186aN0TNUNITIANG Y PDC 1A k-Means 111D
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1) szu Uﬂﬁﬂami : Windows 7 Home Premium (64 Bit)

2) n3eadionlelumsnann : RStudio Version 1.0.143
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3.3 NUVYNUUAUD (The Proposed Work)
a o dyd 9| v A o o a = o 9 a
QTH’J%EJH?JL‘]J'I‘VHJWEJTWﬂﬂ@u%ﬁuﬂ “aaﬂaimlmimmuwuayﬂmnmmwmm
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1) d1m%07A398%19 Encoder Networks Himsfuuas1uaus Hidden (Hidden
Layer) SR 1-5 3
2) 1y Hidden Layer tlofi015 @ 1am12 9113567 mi’ 18'1dnUNINITTUNTTY
WIMUANUNT NI IHUATIUIUTY Alg 1-6 54 TA1TAHMUATINAY Node (Unit) T
Hidden iffefiv1sanluustaz Tuaaagy 14l
N30l 6-Hidden Layers 13991800 15A1HMUATIUIU Unit a8 400-200-
100-50-25-6 (WULEI9TUIAEAT 6-Hidden Layers)
A58l 5-Hidden Layers 91nm3any ldwums1gau
N59l 4-Hidden Layers JA340180M1501HUATIUIU Unit Tundag s
Hidden ﬁlﬂﬁ Hiddenl1: 1000-2048, Hidden2: 250-1024, Hidden3: 50-512 tta¢ Hidden4 (Code
Layer): 10-256 Units
N5l 3-Hidden Layers 1A59018M 1% UATIUIU Unit Tunsaz 44 Hidden
ﬁlﬂ‘ﬁ Hiddenl: 170-700, Hidden2: 100-700 ttaig Hidden3 (Code Layer): 30-700 Units
N59 2-Hidden Layers 1A59U180N15A 1M UATIUIU Unit Tundaz i
Hidden ﬁﬂ‘ﬁ Hiddenl: 128-2000, Hidden (Code Layer): 64-680 Units
N9l 1-Hidden Layers ¥ UAT1UIU Unit Gl,m'?u Hidden (Code Layer): 10

<3| S ?z’/ a
(Lﬂuﬂim Autoencoder HUUAUAY)
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g91UIU 9 Nﬁﬁ1uﬁlﬁﬂﬁ%@ﬁﬁﬂﬂﬁ
=

79 VY g}J g}J a a Y o d'
ﬂiﬂgﬂ@]ﬁlﬂf Autoencoder Networks “I/NL!.‘U‘Uﬂ\ilﬂﬂllﬁ%il‘ﬂ‘ﬂl%’\iﬁﬂﬁ?1Jllﬂﬂﬁﬂﬁ"l\i“l/l 3.2

A1319% 3.2 Tuaauod1A398M TN a1 MINUNIUNUIY

No Model-of-Networks Reference

1 | Autoencoder Traditional (Input-Hidden-Output) (Kramer, 1992)

Autoencoder Traditional = 1-10-1 (Gianniotis et al.,
? (NARMA, Cauchy, Wind, Textual, Discarded Symbols) 2016)

(28 x 28)-400-200-100-50-25-6 (Curves)

(Hinton and
3 | (784)-1000-500-250-30 (MNIST)
Salakhutdinov, 2006)

(625)-2000-1000-500-30 (face)

(1024)-200-80 (COIL.20) (Huang et al., 2014)
4 | (1200)-500-100-30 (Yale-B) (Manually choose)

(1024)-2000-680 (PIE)

(28 x 28)-1000-250-50-10 (MNIST)

Song et al., 2013

5 | (16 x 16)-1000-250-50-10 (USPS)

(1200)-1000-250-50-10 (Yale-B)

(Input)-700-500-500 (Textual autoencoder), Silberer and Lapata
° (Input)-170-100-500 (Visual autoencoder) (2014)

(178)-128-64 (Wine)

(600)-512-256 (3-NG)

(1200)-1024-512-256-128 (6-NG) Tian et al., 2014
! (1800)-1024-512-256-128 (9-NG)

(4741)-2048-1024-512-256 (DIP)

(5964)-2048-1024-256-128 (BioGrid)

(72 x 72)-1000-500-250-30 (PSB, NTU) Zhu et al., 2016
° (72 x 72)-2000-500-100-20 (ESB)
9 | (Input)-700-700-700 (ECGs) Ripoll et al., 2016
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v Jdo v A FY J < @ = [ dy
1000-300-10 I@UWﬁaWﬁ@Qﬂa'I'Jllﬁ'@\iclu@nﬁ'l\?ﬂ 4.2 !lﬁﬂ\iﬂ'JEJG]'JL?IGUHJHG]'JWH']?(H@Q@QH
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M13199 4.2 Yszansgui 2 Tunisaun DANs mematia GAs dmsudoya ECGs

#Model Hidden1 Hidden2 Code Layer Fitness Values
1 500 200 20 66.5
2 600 100 8 66.5
3 600 200 20 76.0
4 700 400 10 66.5
5 800 200 3 67.5
6 900 200 3 76.0
7 9200 200 20 76.0
8 9200 200 20 76.0
9 9200 200 20 76.0
10 900 300 10 76.0
11 1000 100 30 78.0
12 1000 200 20 66.5
13 1000 300 8 66.5
14 1000 300 10 75.0

15 1000 300 10 75.0
16 1000 300 30 71.0
17 1000 500 3 75.5
18 1000 500 3 75.5
19 1000 500 3 75.5
20 1000 500 10 66.5

1A

2 ~ o 1q ¥ . = 1 A
PBNIAUY IUAIT19N 4.2 FanuTUsz¥ 10T 1HUN19A1 Fitness A1 0
1w a X oA A A . <
Ay ineAnlugun 2 An Tuaa 1000-100-30 NA1 Fitness 1114 78.0 t1ag Tutaa 900-200-3 11ay
Aa . <3| Y o = = 9
900-300-10 NA1 Fitness 131 76.0 LLAAIAILAINUUDIITN

' 9 [

A = S I ao A

lll'f]llﬁ'@\?ﬂﬁﬂﬁ$"]ﬂﬂi§uﬂ 3 G]fﬂlﬂuguq@ﬂ’lﬂ"l]ﬂﬂﬂ'ﬁﬂﬁgll'Jawaﬂ'lll\ﬂuﬁﬂElu
= < o a [ [ Y Y o dy 1 ~ o < o ay ¥

NWUIN 1Jmi!mm”mzﬂmﬂﬂizﬁlﬂﬂiguﬂauﬁuﬂ’mqu ﬂﬁ%’]ﬂﬂi?lﬂﬂ 1 ENﬂ\?Lﬂ‘lJ‘W'JﬂVVIVh

v a o @ oA Y 1 A . < Y 1

auay dmivdszynsgun 2 18un Chromosome 1A Fitness 1Hu 78.0 1&un Tuaa 1000-

100-30 Tutaa A1 Fitness 111 76.0 1&un Tuiaa 900-200-3 az 900-300-10 Tutaania



71

v
=

Fitness (311 75.0 13U Tanaa 1000-300-10 taz51ng Chromosome Tvailutssannsjud 3 7
1 Fitness g4n31A8 Chromosome #1111 Fitess 14 82.5 1&un Tuiaa 700-200-20 Tuiaadisia
Fitness 1511 76.0 181 Tiaa 900-200-3 tag 900-300-10 TuiaafifiA Fitness i1 78.5 1&un
Tuiaa 1000-300-20 Taaafifien Fitness 11 7.5 1§uA Tuiaa 1000-500-30 uerasdredanund
ihadaduld dedugamsisziananu umaiiaiigane Tumaii 1A Fimess (Purity)

82.5 Taed Tnseviailu 700-200-20 (**) danaaaluminan 4.3 aail

M13199 4.3 Yszansgui 3 Tun1sAum DANs mematia GAs dmSudoya ECGs

#Model Hidden1 Hidden2 Code Layer Fitness Values
1 600 200 20 76
2 600 200 20 76
3 700 200 20 82.5%*
4 900 100 30 71.5
5 900 200 3 76
6 900 200 20 76
7 9200 200 20 76
8 900 200 20 76
9 900 300 10 76
10 900 500 3 76
11 1000 100 30 78

12 1000 100 30 78
13 1000 300 10 75
14 1000 300 10 75
15 1000 300 20 8.5
16 1000 500 3 75.5
17 1000 500 20 66.5
18 1000 00 30 115
19 1000 500 30 173
20 1000 00 30 115
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D .

= o v Y

412 lweanangadvisudeya EEGs
9 o Y A A o o Y a 9
dmsumsAum luaanAngad 1My DANs Aematlia GAs luveya EEGs
1 Y . T o YA [ [ 3’; = 3’; -dy
wun Tumasz 1981 Fimess Tume laazdslndinesnunn Tuea aaiulumsanyingail
v v
F9l5vilgamsihay Tagmsiinvuasumsdsuuaedumueynsumal (TSR,,) Tagi

(J 1 k) 9 g‘./ a a F -dy
mgmuauﬂmmmmaﬂmﬂa (TSR) fUAIYVDYaAUAY (Raw Data) ‘L!miJllﬂﬂQ‘Ll

TSR, = Raw Data of EEGs * TSR of EEGs 4.1)

Y
[ Y

i . Aq a 9 2K 1 . A
JUUA Fitness ‘V]Glﬁlfﬂﬁgllluﬂj'lll!WNW%ﬁNﬂI@QﬂJ@Ha EEGs ﬂﬂ!ﬂuﬂ’l Purity 7

Y 9 ! v J 1 1 A A1 oA [ { v -
Idandoya TSR, Fanadnivesluaauaaziy Tasisunigui 1 uaaiain1319i 4.4 Aall

{ oA a ) v 9
M5199 4.4 dszansgui 1 TunsAuw DANs fematia GAs d1m5udoya EEGs

#Model Hidden1 Hidden2 Code Layer Fitness Values
1 500 100 8 66.0
2 500 500 30 69.0
3 600 400 20 64.0
4 600 500 20 55.0
5 700 100 10 54.0
6 700 300 30 72.0
7 700 500 1 63.0
8 800 400 20 65.0
9 800 400 20 65.0
10 800 500 10 52.0
11 900 200 30 51.0
12 900 300 1 77.0
13 900 300 30 52.0
14 900 400 10 68.0
15 900 400 20 56.0
16 1000 100 10 52.0
17 1000 200 30 68.0
18 1000 300 30 57.0
19 1000 400 7 76.0

20 1000 400 20 64.0
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1INA15 17N 4.4 uaaanallszrInTFuUn 1 1I9MIAUT Tuaa DANs a8madin

[ [T

[ 9
GAs WU Tiaaiin Fitness gaga 4 ouaunsn Instiouauusniiai 77.0 laun Tuaa 900-

300-1 duUAUERINA1 76.0 1dun Tutaa 1000-400-7 suauauiial 72.0 1dun Tutaa 700-300-30

]
v AA

HazdUALaIA 69.0 Taun Tuma 500-500-30 HEAAIRIIAIHUITUA

A a VoA ~ = <3 Y] a
LN@W‘DTﬁﬂ!']‘]JﬁS‘mﬂﬁ?uVI 2 114@]15'1\11’] 4.5 NUNUMINURINENNYTEHINS

suit 1 131800 Tuiaa 900-300-1 Tataa 1000-400-7 taz Taaa 700-300-30 NIAT Fitness 1311

q

o w dyw 1A 1A Y . = T A 49! =
77.0, 76.0 Lag 72.0 1NN wonundgImuNIUszsns Tuunlvan Fitness ANIUNAVUAD

Tuiaa 500-400-20 A1 Fitness 1311 84.0 Tataa 600-400-10 381 Fitness 134 82.0 naz luaa

Y
v A

SO . < Y D S 29
800-200-30 LA Fitness 11/1 80.0 a@aA8@ 11U 1De9a N1 A9l

M5199 4.5 Yszansgui 2 Tun1sAun DANs mematia GAs dmSudoya EEGs

#Model Hidden1 Hidden2 Code Layer Fitness Values
1 500 100 1 59.0
2 500 100 1 59.0
3 500 400 7 54.0
4 500 400 7 54.0
5 500 400 20 84.0
6 600 400 10 82.0
7 600 400 20 64.0
8 600 400 20 64.0
9 700 300 30 72.0
10 800 200 1 55.0

11 800 200 30 80.0
12 800 400 20 65.0
13 800 400 20 65.0
14 800 500 1 51.0
15 800 500 10 52.0
16 900 200 1 59.0
17 9200 300 1 77.0
18 1000 400 7 76.0
19 1000 400 10 59.0
20 1000 500 30 76.0
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o A ) [ VoA 2 I 1 9 o o Ao dy @
pansauiuud T ulssmnsun 3 Fatlugugaimedmiuauidell A
d‘ 1 1 a ld' Y . dy ] @ a

M13199 4.6 nun ldwudsennsinaluin e Fimess getu uag luwuiinziveslseznns
oA A ' oA oA Hq Y . @ < A a X
Jun 1 Funeaaelugun 3 Useyinsgun 3 N14a1 Fimess gagadanuiluluaainayuly
Usznsgun 2 A Tumaniian Fitness 11 84.0 laun Tutaah 500-400-20 Tautaaiinn Fitness
a3 1 4 1 a3 1
i1 82.0 1dunTuma 600-400-10 wag Tuaaiiin1 Fitness 1Hu 76.0 1dun Tuaa 1000-500-30

o L 4 2 : dad A da v

aueauganisdssutananunluaanangane luman 1na1 Fimess

(Purity) 1 84.0 (**) TaeT Taseviedlu 500-400-20 Aauanalum1s1ei 4.6 aail

{ oA Y Y A o o Y
GﬂiNﬁ 4.6 ‘]Ji$°]ﬂf‘li§‘uﬁ 3 Gluﬂﬁﬂu’ﬂ1 DANs a8naAUn GAs ’GTTHTLIGU’E]M”Q EEGs

#Model Hidden1 Hidden2 Code Layer Fitness Values
1 500 400 1 56.0
2 500 400 20 84.0**
3 500 400 20 84.0
4 500 400 20 84.0
5 500 400 20 84.0
6 500 400 30 54.0
7 600 200 30 73.0
8 600 400 10 82.0
9 600 400 10 82.0
10 600 400 20 64.0
11 800 400 10 74.0
12 800 400 20 65.0
13 800 400 20 65.0
14 800 400 20 65.0
15 800 400 30 70.0
16 900 300 30 52.0
17 1000 400 10 59.0
18 1000 400 20 64.0
19 1000 400 20 64.0

20 1000 500 30 76.0
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4.2 wanmmumgnimamé’hﬂ DANGA

o a = o Ao Ay ¥
ﬂ'lﬁ!L“V]u@lgﬂilJL3a11ﬂ861ﬁﬂlﬂﬂuﬂ DANGA uiluTuaana ’Qfﬂ“lflvlﬂﬁﬂﬂ TSDL
a v =3
9

. Av A o = I @ 9 A dy 1
Algorithm (WA UIVYNUUAUD) G]NEUZL‘]JL!@]jl!ﬂu‘llf)lluaﬂklﬂﬁﬂl'l'd"WI\ﬂu gULTYNI TSR-

Y
v A

DANGA wamsunuoynsuna1d1vsudoya ECGS uaz EEGs 95110 1anail
421 TSR-DANGA dw5udeya ECGs
Foyanau il wiedoya ECGs ilounuoynsuiaidlomaiin
Y = 1 I [ 1 1 =1 o
DANGA 9218 TSR-DANGA Fadunsaudasgisiailuatedispiedinn/souiiouny Raw

v 9

Data N38iAA1A1NA (Normal) ¥oa¥03a ECGs lanagzilf 4.1 asil

U

s2
2 01
S2

T T

S5

!
}

Ll

s9

S6
232 0122 0122 0123
TR S S T S S N R A A AR
S8 S6
0800 04 0800 04 0800 04 0800 04 08

= e

S10

§
e

(a) Raw Data (Normal) (b) TSR-DANGA (Normal)

3111 4.1 20619 TSR-DANGA dm5ud01a ECGs Aa1d Normal

1 < @ 1 U = 1%
Llﬁgﬁ'ln'liﬂllﬁﬂﬂgﬂi'l\ﬁlﬂﬂ TSR-DANGA Lﬂum’ammnﬁauuﬁiﬂumEmfm

v 9
Raw Data N39iAa1a li1n@ (Abnormal) voadoya ECGs laaagil 4.2 agll

U

S1
101 2
81

s7 83
101224 01
L

s7 S3

0800 04 0800 04 0B

I I Y

815 S8
2 0122 012
L

815 S8
00 04 0800 04 0300 04

(a) Raw Data (Abnormal) (b) TSR-DANGA (Abnormal)

3 1

517 4.2 @10813 TSR-DANGA dm5udoya ECGs Aale Abnormal
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422 TSR-DANGA dw5udeya EEGs

aau'lvauos w50 EEGs tHon1aunuaromaiia DANGA 22 '1a TSR-

DANGA, TSR, ,-DANGA Faaii106194d1151 EEGs Aa1d Closed-eyes laadgiin 4.3

U

S25
0 20050 0 100
Ly
826 825
08

04 0800 04

S26

827

328
S28

|

T T T T T

0 100 150 -50 50-100 O 1000

-200
L
529

S29

e —
=——F—

e e e e

|

(a) Raw Data (Closed-eyes) (b) TSR-DANGA (Closed-eyes)

00 04 0600 04 0600 04 0800

e]

2
0 20060 0 100
I

S26

e

<100 0 10600

-50

s28

$29
450 0 100 -150

(c) TSR, ;~-DANGA (Closed-eyes)

@ 1

gﬂ‘ﬁ 4.3 929810 TSR-DANGA ﬁ?ﬁ%ﬂsﬁjﬂyja EEGs fa1d Closed-eyes

9
v a

1n317 4.3 (2) vaasglirevesnan i lvauduanzaida (Closed)

v A o

1w ' ] ! o ¥ a 3 4 {
wuNdyaruaoutarnuty uenvniidyg e EEGs auandalianyuziiluglaauni

G

&Q

= J 9

1 d .
anuwdd T ldawsssuana 310 4.3 (b) naasgils19v09 TSR-DANGA Fuiludumudoya

a

a 1 ' [N A v A o <3| A o a o 1 A
EEGs vmzaila sxnungisn hidlugiladundulianuazilumiieudyanaainadiugli
43 (o) warazyedunudImiy EEGs varzlan1ignyfuuaa TSR, ,-DANGA Wil
[ d' Y A [ [ 3}/ a 1 4' [ [ A = Y I
anvazhlndifssiudyaanudunnni vazliodunasznuNdyauiiougnda 13ty

9 A
LUUATUATINAT 0
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n3ioya EEGs YmzaAna1 (Open-eyes) @111301aA931/519903 Raw Data

W3uNgUAY TSR-DANGA, TSR, ,-DANGA Hudredannadin1aaagin 4.4 (a), o) uaz

U

[

o w é (% 1 9 [ 9 a dy
(c) MuaAy “ﬁﬂﬁﬂ‘]&lﬂ!%ﬂlﬂ\‘lgﬂiﬁﬁﬂﬂﬂaﬂﬂﬂﬂ VoY a EEGs vauztaa Laaail

S51
851

S52
150 0 100 100 100
U
852

(1
10 1A

S53
853

S54
00 04 0800 04 DE00 04 0800 04 0800 04 08

S54

AR
N

(a) Raw Data (Open-eyes) (b) TSR-DANGA (Open-eyes)

200200 0 20@00 O
T

855

-200 0

753

e}

w
T T T T T

S51

b
b o e

852

853
20000 0 150 0 100 100 50 200

S54

S65
200 50 100 200 0
R

T T T L T

(c) TSR, ,;-DANGA (Open-eyes)

511 4.4 #0613 TSR-DANGA dm5udoia EEGs Aa1d Open-eyes

% " v I a A
4.3 wnmﬁf‘nﬂnqmlmqgamasn'im:rmamzuf%ﬂumﬂuﬂszaﬂﬁmw

Y
o ' 3 o @ ' o o
ﬂ13Ll1Lﬁu@u1uﬁ3uﬁlﬂuﬂ15uuﬁu@Wﬁﬂ?iﬂﬂﬂi‘]ﬂsﬂ}i’)ua TSR-DANGA ﬁmiwﬁ)@yja

Y

ECGs 8¢ TSR,,-DANGA d13udeya EEGs #286ane31un153angu PDC 1ag k-Means
pazdszidiudsz@ninmuesnisdanguaie 5 u1asia 1&un Accuracy, Purity, Silhouette

(W915011A1 Silhouette tNOARALADN Optimal k), Optimal k (Usziliui1uaunguaina1 SSE) tag

[ Y

Processing Time 1a81/580MeVY52aNTNINN159ANQUAVYATDYA Raw Data YAAILNY

a U
9

Joyauvy PAA uazgaaunudeyatuy SAX lananisvanguuazifSouiioulss@nsam

Y

AP

Zhe

——
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431 wamsdangudeya ECGs
o v 9 Aq Yo 1 g’; dyd
dmsudumuvetaya ECGs Nlgianguluiunauiine TSR-DANGA uag
iiodangquale 6ano3nu PDC 1Az k-Means @1015DUAAINAANTUYDINITIANGUUAY
Y
nFeuievlszansnmldaade i
(1) walszfivlszanimmvesmsdanguioyanadanaiiin PDC Taold
5 wasia fieuifieudsz@nEnmny gadoya Raw Data YAAMNUTDYAUUD PAA 1A YA

1 4
Aunudeyauuy SAX naaana laaans1ei 4.7 Agil

A A o ' 9 Y o A=
AT NN 4.7 L‘lf%fJ“lJmeiJwamiﬂﬂﬂ’qmmWﬂya ECGs ag9ana3nNd PDC

Increased Increased | | . AVG
. . Silhouette [Optimal k|
Dataset Accuracy | Accurary | Purity | Purity Time
(k=2) (SSE)
(%) (%) (m)
Raw Data 62.0 - 67.0 - 0.23 2 0.02
PAA 67.0 8.1 74.0 104 0.43 2 0.02
SAX 72.3 16.6 74.0 10.4 0.16 2 0.06
TSR-DANGA 80.6 30.0 82.5 23.1 0.31 2 7.56

pamsnfieuiieumsianqudinsudeya ECGs A1g8anesfiu PDC 92

WUNAWMNUDYNINIIAT TSR-DANGA H152@NTAIMINU103IA Accuracy 1A 80.6%, Purity

S 1 Lé

11 82.5% 91/52ANTAINANI Raw Data 1A8A1 Accuracy 1ae Purity tloi/Toufieuny Raw

a2 9

' 9 [ v
Data IHAUNMAUUDI 30.0% 1AE 23.1% AUEIAY LAZGIANIUNALADUDNA2Y Tuvne N SSE

= 1

F4
iag Silhouette 1ﬁ)NﬁUQ%ﬁ?fﬂiﬂﬂﬂﬁﬂJiJﬂ’JHJLTﬁJW%ﬁiJ@HJﬂaiJ%iQ (k=2) ﬁﬁllﬁ}’l”l TSR-

Q Q

1 o (%

DANGA 921981 Accuracy 182 Purity Nauadmsunalunslszuanageniumainguuin

A A A A A
ﬂﬂlﬂaﬂ‘ﬂﬂﬁzuTmlﬂ@ﬂ 8 UIMN

Y

3 v I
(2) Dendrogram a1%i5UUdNa ECGs Lﬂﬂﬂ’ﬂhﬁWﬁﬂiHﬂﬁl,!,ﬁﬂﬁwa

U

AM5UMIIANGUOYNTNIAINIEDANDI NI PDC 1HaNaIaN NI ImMsIangudmsy TSR-

DANGA ¥83901/a ECGs W1/31 Dendrogram Muaaslidosinalundainanmssanquindoya
AA A o Y LK) [ g’z A I = a A (% 1

nifsuanniIduaana @ ludanu duinieidlumsuaasdalsz@nsnmlumstangy
Y v

a1wdane3 NuauItell 1AudaA10619 Raw Data tag TSR-DANGA 1183 10 8103111 39
v ' a A o ! [ o .

HAdNF WD 1TeYa TSR-DANGA 1#152@nTn1mnsdangqunaninsin Accuracy 118z Purity

IS

171 100% TuvmgAinans9aNgu Raw Data 1H#A189.9% 1ag 90.0% AWE1AY 11az Dendrogram
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@ < J { [ ' ' o a { (J
daaasliiiundoyangnialioglunguifernu (asanduizuaainisan Dendrogram)

= 1 9y =2 o 1 [ dl
uzlsnenaienasnunInn g 4.5

w Abnormal
’_\—fﬁh/\/\ﬂ Abnormal
—— ’_\—fo\ﬂ Abnormal
L) oL Abnomal
{ | “ / VAN Normal
Mf\_ Normal
E— F\_/\—/'\‘\\J\_, Normal
M Normal
W Normal

{ w Abnormal

517 4.5 Dendrogram voWansIANqUA M5 UTDYA TSR-DANGA (10 0YNT1)

) [ 9 1T v A 1 3’, § 1
#1150 Toya Raw Data Wudvarangu 'l 1 oynsy naigUswveseynsu

9 =® o a 1 [ d' d' @ 1 1 dy
AeARINUEFNAIeTUNQY mgﬂ% 4.6 (@YNTUN 3 UUINVUAIAN) ao il

W Normal
W Normal
W Abnormal
W Normal
W Normal
e o S T T\ Nomal
“ N _——— Abbormal
W Abnormal
/\M""““ Abnormal

— W Abnormal

5191 4.6 Dendrogram veaHamsIANgUA M5 UT0Ya Raw Data (10 8Yn5H)

3) wadszidiudszansmnveamsdanguioyadlgdana3Nu k-Means
Tagld 5 a9 (arlumsiszulanadiedanudanssny PDC) nfeumeuilszaninn
[ 9

A1 gAY01a Raw Data FARMNUTOYAUUD PAA LAZYAAIMNUTOYALLY SAX Haadna 1@

A9915197 4.8



A ~ o ' ¥ Y o A=
AT NN 4.8 l‘lr%fJTJW]fJUWﬁﬂ’]ﬁ%ﬂﬂQNﬂJ@QﬂI@?J“a ECGs A289an93NN k-Means
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Increased Increased . .

. . Silhouette | Optimal
Dataset Accuracy | Accurary | Purity Purity
(k=2) k (SSE)
(%) (%)

Raw Data 69.8 - 74.5 - 0.36 2

PAA 69.0 -1.1 74.0 -0.7 0.43 2

SAX 69.1 -1.1 74.0 -0.7 0.43 2

TSR-DANGA 72.6 4.0 76.0 2.0 0.51 2

~ o 1 ) o Y @ a
namsfSouiieumsdangud s udoya ECGs A209ano3 N k-Means
WNUNAMNUDYNTULIAT TSR-DANGA H52aNTANAIWUIATIA Accuracy UAT 72.6%,

. 1 v a a = 1 1 . Y A 3
Purity 111 76.0% %9152 @NTAINANIT Raw Data 1A8fA1 Accuracy 1A g Purity THANNUAYY

A a9

4.0% 182 2.0% MUEFD uazdiAnumATinauBndan Tuvazi SSE nag Silhouette WiHat i
AINFTANGUTAWHUILAUAINNGUDIF I (k=2) 1Ag TSR-DANGA §31% A1 Silhouette
WMINzaugiigasnds
432 wamsdangudola EEGs

dmsudumuvesteyn EEGs 71 195anguluiuasuiife TSR, ,-DANGA
VY04 EEGs Lmzzﬁaﬁ’@ﬂduﬁ’w #ane3hu PDC uag k-Means 81113 0UAAINAGNTUDINITIA
ngunazBoudonszansamldssie Ti

(1) wadszfiudszanimmvesmsdanguieyaniadanaiiiu PDC Taoly

5 a5 ia Wieuioulsz@nTamny gadoya Raw Data gaauMudoyanuy PAA 1azya

v Y
Aunudoyauny SAX iaaina laan1199 4.9 Al

d‘ = [ 1 9 9 [ a KR
AT NN 4.9 Ll]diEmmmeﬁﬂﬁ%ﬂﬂijiJGUfN"Uf]y'ﬁ EEGs a80anaini PDC

Increased Increased AVG
. . Silhouette [Optimal k|
Dataset Accuracy | Accuracy | Purity Purity Time
(k=2) (SSE)

(%) (%) (m)

Raw Data 64.0 - 52.0 - 0.42 2 0.01

PAA 65.8 2.7 52.0 - 0.27 2 0.01

SAX 58.7 -8.3 55.0 5.8 0.12 2 0.01
TSR, ;-DANGA 83.9 31.1 84.0 61.5 0.21 2 59.35
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pamsfSeuiisumstangudmiudoya EEGs Argdanoi iy PDC 1¢
WUGIWNUOYNTIIAT TSR, ,-DANGA 1971 Accuracy 1Ai1 83.9%, Purity 1ifi1 84.0% ¥4
A a a 1 Y1 A 2 = o w v a 1
U52ANTNINANI Raw Data Tasldannuuuda 31.1% wag 61.5% Mud1ay tazdaanii
A A a 9 A . 9 1 dy U [ 1T A 1
matiaoudNAe Tuuaizi SSE 1o Silhouette 1HNALNTININITANGUIANMIHINS AUMWNGY
a =< Y Y . a2 d [ I ) 1
934 (k=2) D391 TSR, ,-DANGA 22 1¥if1 Silhouette ATusUAVMANN dmiualums
Y x 1
1lszananatiu TSR,,-DANGA lHna1gandunatinguunn mae 59 wi
Y
(2) Dendrogram @1%5U403a EEGs Tuaiuivzudainanmsinngueynsu
@ a R o ) @ v
NA1A0aND3 7L PDC A20LNUNN Dendrogram Fuiluanuamnsodmiumsuaainaans
v 9 9 A 9y a @ ' o v & A a A @ '
Tugdunudsdu lifieldmaiinnisdanquunudidsuionasannnnsmvoInsiangu
A289an0391N PDC d1151 TSR, ,-DANGA 837030 EEGs W31 Dendrogram Nuaa il
Y o w v 1 w9 Aa A o q ¥ Y 1o v & A g
dosinalundaiwamstangunudeyaniiSinaunilduaaa ld higanu aniuiedu
= a A @ 1 a o tél Y A 9
msuaasdelszansnimlunsdanguluununin Dendrogram 1113981 laidenudasdoya
{ o [ ' o a : v J
Raw Data 1182 TSR ,,,-DANGA 71 latinnsangualedanesiiy PDC i#ied 10 oYnIN FInadns
WUHAN1IIANGUTOYA TSR ,,-DANGA 1A Accuracy 110 Purity 1971 79.2% 1182 80.0%
ad1ay Tuvazinan159Angn Raw Data 1471 67.0% 1ag 70.0% AWE1AY 39 Dendrogram

@ 1 < v 1 { 1% I J
YOINAN1IIANGUToYa TSR, ,-DANGA udasliiwiudanundoyangnialieglungu

A3

= [ a d' 9 (% = 1 9y =R o 1 1Y d‘ [ =
RYINU (WTUINFTULTAINITAA Dendrogram) NgﬂﬁNﬂa1ﬂﬂa\1ﬂulﬂﬂﬂ’N ﬂﬂgﬂ‘ﬂ 4.7 a3
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SHAAURUD NI R MIUNUBIYNINIIAAIY TSDL Algorithm

HiHt 1.EEGs data
# lenght 4097 times, It's has true_cluster(closed->col 1:50, close->col 51:100)
files.A <- paste("./Data/setA.zip")

files.B <- paste("./Data/setB.zip")

instances.each <- 50

EEGot <- matrix(NA, nrow = 4097, ncol = instances.each * 2)

for (i in 1:instances.each) {
z <- unz(files.A, paste("Z", formatC(i, width=3, flag="0"), ".txt", sep=""))
EEGot][,i] <- as.numeric(readLines(z))
close(z)
z <- unz(files.B, paste("O", formatC(i, width=3, flag="0"), ".txt", sep=""))
EEGot][, instances.each + i] <- as.numeric(readLines(z))

close(z)

#---For Deep Learning Networks is not time series (not Transpost)
trueClustl <- rep(c(1, 2), each = instances.each)

EEGot <- EEGot[-4097.]

EEGo <- data.frame(t(EEGot))

EEGolabel <- data.frame(trueClust1)

colnames(EEGolabel) <- "trueClust"

trueClust <- trueClust1

EEGs <- data.frame(EEGo, EEGolabel)

HitHt 2.ECGs data

ECG200t <- read.csv("./Data/ECG200.csv")

trueClust3 <- ¢(2,1,2,2,1,1,2,2,1,1,1,1,1,1,2,1,1,1,2.2,1,1,1,2,1,1,1,2,1,1,1,1,1,1,1,2,1,1,1,1,
1,1,1,2,2,1,2,2,1,2,1,1,1,2,1,1,2,2,1,1,1,2,1,1,1,2,1,1,1,1,1,1,2,1,1,1,1,1,1,1,
1,1,1,2,2,2,2,1,2,1,2,1,1,2,1,1,2,2,1,1,1,1,1,1,2,1,1,1,1,2,2,1,2,2,2,1,1,1,2,1,
2,1,1,1,1,1,2,1,2,1,1,1,2,2,1,1,1,1,2,2,1,1,2,1,1,1,1,1,1,1,1,2,2,2,2.2,1,2,2,2,
2,1,1,2,2,2.1,1,1,1,1,1,1,1,1,2,1,1,1,1,1,2,1,1,2.2,2,2,1,1,1,2,1,1,1,1,1,2,2,1)

ECG200 <- data.frame(t(ECG200t))

ECG200label <- data.frame(trueClust3)

trueClust <- trueClust3

colnames(ECG200label) <- "trueClust"

ECGs <- data.frame(ECG200, ECG200label)
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#======== Purity Measures
ClusterPurity <- function(clusters, classes) {

sum(apply(table(classes, clusters), 2, max)) / length(clusters)

###====== Finding Appropriate number by Silhouette, SSE ===
library(cluster) #---for silhouette; library(GMD) #-- for css, cssobj; library(fpc);
findNum <- function(datas, nloop, CMethod, dists ) {

library(cluster) #---for silhouette; library(GMD) #-- for css, cssobj; library(fpc);

wss <-0; si_1<-0; si<- 0; sse <-0; maxsi <- 0; maxs <-0; apk <-0; ksse <- 2

for (i in 1:nloop) {
if (CMethod=="kmeans") { set.seed(5555); (clusts <- kmeans(datas,i)$cluster) }
else if (CMethod=="hclust") { clusts <- cutree(datas.k=i) }
else if (CMethod=="pdc") { clusts <- cutree(datas,k=i) }
else if (CMethod=="pam") {set.seed(5555); clusts <- pam(dists, k=i)$clustering }

#-- for Silhouette

if (i>1) {
si_i <- silhouette(clusts, dists) #plot(si_i) # silhouette plot
si[i] <- ave(si i[,c("sil width")])[1] #or ave(si_i[,3])

}

if (((si[i]) > maxsi) || (i<3)) {
maxsi <-si[i];  apk <-1i;

}

#--- for SSE
cssobj <- css(dists,clusts)
wss[i] <- (cssobj$totwss/i) #average of tot.withinSSE
H
for (j in 2:nloop) {
if (wss[j] > 0.00009){
sselj] <- (abs(wss[j-1] - wss[j]) * 100 )/ wss[j]
if (sse[j] > maxs) {
maxs <- sse[j]; ksse=i;
H
telse
break
H
out <- list(clusts=clusts, si=si, wss=wss, ksse=ksse, apk=apk)
return(out)

}
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#========Plot SSE Vs. Number of Clusters ======—===
plotSSE <- function(wss,n){
library(ggvis);
wsss = data.frame(c(1:n), c(wss));
names(wsss)[1] = 'Clusters";
names(wsss)[2] ='SSE'
wsss %>%
ggvis(~Clusters, ~SSE) %>%
layer_points(fill := 'blue') %>%
layer_lines() %>%
set_options(height = 300, width = 400)
}
#======== Darch Package on autoencoder ========
library(darch)
Autoencoder <- function(datas, enLayer, epch, flname) {
set.seed(999)
darch <- darch(datas, datas, enLayer, darch.isClass = F,
preProc.params = list(method = c("center", "scale")), preProc.targets = T,
darch.numEpochs = epch, darch.batchSize = 3,
darch.unitFunction = softplusUnit, bp.learnRate = 0.1,
darch.fineTuneFunction = backpropagation)
predictions <- predict(darch, newdata = datas)

write.csv(predictions, flname, row.names = TRUE)

out <- list(darchobj=darch, predicts=predictions, mse=mse)

return(out)

}

#======== Genetic Optimization

library(genalg)

library(ggplot2)

library(TSclust)

library(cluster)

# ---- 1.Monitor function for Evaluate function ----

monitor <- function(obj) {
xlim = c(obj$stringMin[1], obj$stringMax[1]);
ylim = c(obj$stringMin[2], obj$stringMax[2]);
zlim = c(obj$stringMin[3], obj$stringMax[3]);

flname <- paste0("Data/ENC/Popiter ",obj$iter,".csv")

write.csv(obj$population, flname, row.names = TRUE)

}
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evaluate <- function(string=c()) {
returnVal = NA;
if (Iength(string) == 3) {
#--- 1. Chromosome Encoding --> Randomize number of Nuerons of Hidden unit
#--- 2. Population Initialization c(Hidden1, Hidden2, CodesLayer)
Hdd1 <- round(string[1]/1000,1)*1000; print(pasteO(string[1],"-",Hdd1))
Hdd2 <- round(string[2]/100,0)*100; print(pasteO(string[2],"-",Hdd2))
ifelse(string[3] < 10, Cds <- round(string[3],0),
Cds <- round(string[3]/10,0)*10) ;print(pasteO(string[3],"-",Cds))

#--- 3. Fitness Function
- 3.1 TSDL: Time Series Representation with Deep Learninging Technique
enCodeLayer <- ¢(NCOL(TsData),Hdd1,Hdd2,Cds,Hdd2,Hdd1,NCOL(TsData))
fln <- paste0("Data/ENC/",datan,Hdd1," ",Hdd2," ",Cds,".csv"
features <- Autoencoder(TsData, enCodeLayer, epch, fln)
#----- After autoencoder then Retrive TS Representative
predictions <- read.csv(fln); predictions$X <- NULL
# predictions <- TsData * predictions #---for EEGs Dataset
H--mmm- 3.2 Finding the Purity value
he <- pdclust(t(predictions))
memb <- cutree(hc, k=2)
Prt <- ClusterPurity(memb, trueClust)*100; print(Prt)
#H----- Write every neurons to file
write(Hdd1, paste0("Data/ENC/",datan," rbga Hdd1"), append = TRUE)
write(Hdd2, paste0("Data/ENC/",datan," rbga Hdd2"), append = TRUE)
write(Cds, paste0("Data/ENC/",datan," rbga Cds"), append = TRUE)
write(Prt, paste0("Data/ENC/",datan," rbga Prt"), append = TRUE)
returnVal = (100 - Prt) #The optimal is a minimal data

}else {  stop("Expecting a chromosome of length 3!"); }

returnVal

J

#===== Processing of Genetic Algorithm ===========

TsData <- EEGo; trueClust <- trueClust1; datan <- "eegs" # for EEGs

# TsData <- ECG200; trueClust <- trueClust3;datan <- "ecgs" # for ECGs

epch <- 50; iter <- 3; popSizes <- 20

(ptm <- proc.time())

GAmodel = rbga(c(500, 100, 1), ¢(1000, 500, 30), popSize=popSizes, iters=iter,
monitorFunc=monitor, evalFunc=evaluate, verbose=TRUE,
mutationChance=0.05,elitism = T)

proc.time() - ptm

cat(summary(GAmodel))
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Abstract

The data clustering with automatic program such as
k-means has been a popular technique widely used in many
general applications. Two interesting sub-activity of
clustering process are studied in this paper, selection the
number of clusters and analysis the result of data clustering.
This research aims at studying the clustering validation to
find appropriate number of clusters for k-means method.
The characteristics of experimental data have 3 shapes and
each shape have 4 datasets (100 items), which diffusion is
achieved by applying a Gaussian distributed (normal
distribution). This research used two techmniques for
clustering validation: Silhouette and Sum of Squared Errors
(SSE). The research shows comparative results on data
clustering configuration k from 2 to 10. The results of both
Silhouette and SSE are consistent in the sense that
Silhouette and SSE present appropriate number of clusters
at the same k-value (Silhouette value: maximum average.
SSE-value: knee point).

Keywords: Clustering Validity, Silhouette Measure, Sum of
Squared Errors, k-means Algorithm.

1. Introduction

A clustering is to group data. Although the clustering is
similar to the data classification in terms of data input, the
clustering is learning without target class. The clustering
algorithm forms groups based on object similarities™. The

clustering was applied to many fields such as

bioinformatics, genetics, image processing, speech

recognition, market research, document classification, and

)

weather classification*”. In addition, the clustering was

applied to document data analysis that was one of big data

learning®™.

There are various algorithms for the data clustering.
But the most popular one is k-means algorithm. The
k-means algorithm is very simple in operation and suitable
for unraveling compact clusters and a fast iterative
algorithm(g). The principle of k-means algorithm has divide
n objects from dataset for k clusters that used center-based
clustering methods®. In addition, each cluster has
represented by the means of objects™. Although k-means is
a popular technique. k-means is not known the correct
number of clusters a priori. Consequently. the main
challenge for these clustering methods is in determining the
number of clusters®. In general, the number of clusters has
been set by users or archives from knowledge of research’™
9-11)

Fig. 1 shows the distribution of each cluster when k=3,
and k=4. The researcher found that the determination of
suitable k value is not clear as shown in fig. 1a and fig. 1b.
As mentioned above about problem of clustering, there are
various tesearch for selecting an appropriate number of
clusters"”!¥ Each of the proposed technique is suitable for
each of data distribution such as Gaussianity and
non—Gaussianity(”). Therefore, finding the correct k-value
for clustering is still a fundamental problem of clustering
methods"*"®,

In this research. we study the clustering validity
techniques to quantify the appropriate number of clusters
for k-means algorithm. These techniques are Silhouette and
Sum of Squared Errors. The rest of this paper is organized
as follows. Section 2 discusses related research. Section 3
contains a description of methodology. Section 4 presents
the results of experiments. The last section contains
conclusions.
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& Means Algorithm, k=3

k-Means Algorithm, k=5

2 1 0 1 2 3 4 5 3 2 1 [ 1 A 3 4 5
(a) k=3 L) k=5
Fig. 1. Data clustering when k=3 and k=5

2. Related Research

12
Rousseeuw"?

have proposed the concept of the
monitoring cluster. In the research proposed for Silhouette
technique, which is based on the comparison of objects
tightness and separation. The silhouette can reflect the data
is grouped that objects are organized into groups that match
it. This is a tool to assess the validity of the clustering to be
used for selecting the optimal k in the cluster.

Kwedlo"” have proposed the concept of problem
solving in order to know the number of cluster using the
Sum of Squared Errors (SSE). The research for developed a
new method. called DE-KM (Differential Eveolution
Algorithm: DE) technique is the combination of algorithms,
k-means clustering by tuning in DE and sort data to see the
evolution. Experimental results show that the highest k
values appropriate to the clustering, and DE-KM SSE
values than the other methods they tested.

Shahbaba and Beheshii” have proposed the concept of
dealing with the problem of determining the correct number
of cluster to be grouped. The method used fo estimate the
probability of error point average (ACE), which is the
difference between the actual point and estimate point. The
idea is to explore how to use the k-means clustering with
ACE k-means low (MACE-Means) is used with the UCI
data and the other synthetic. They found that a correct
number of cluster that can be spent on items that are sturdy
little overlap and time less.

Jun et al.® have proposed the concept of clustering the
documents based on the concept of reducing the dimension
of the data, combined with the clustering k-means based on
clustering with support vector and silhouette measure. They
have experimented with the patent, documents from UCI to
analyze separately each group of documents to clustering
for technology forecasting.

3. Proposed Methodology

3.1 AFramework of Data Clustering and Validation
Approach

The clustering is a data mining at an unsupervised
learning techniquea' 1720 The principle of data clustering
that objects in the same cluster will have to look very
similar, while objects in other similar less"”. There are
various algorithms of clustering technique, for example,
Basic Sequential Algorithms Scheme (BSAS), Partitioning
Around Medoids Algorithm (PAM), Fuzzy c-Means
Algorithm (FCM), k-means Algorithm(g} and so on.

The main steps in the work of the clustering has 5
stepsm). There are (a) set a number of cluster for clustering
(k) and cluster feature, (b) set a function for objects
similarity measurement, (c) run clustering algorithm, (d) set
Visualization to display cluster and (e) clustering validity
analysis, as fig. 2.

AN @ —
hS:t.a%g of cluster for clustering and cluster feature
S 5 =SSa——

kﬁ,l,a function for objects similarity measurement I
XV 1

——

. ©
) : C Eun clustering algorithm J

- @
l Set Visualization to display cluster

i |

(o) —
Clustering validity analysis

Show 5 steps in clustering process.

L —

Fig. 2.




3.2  k-Means Clustering

The k-means clustering is a technique that relies on the
center of cluster. This is often represented by the average
(Means) of cluster. The clustering measure the similarity of
the group by iterating the measurement distance between

each object and the center of each cluster™

using
Euclidean distance measuring.
The k-means algorithm is an iterative algorithm which
can be described by the following steps.
Algorithm: k-means Clustering(m.
(a) Choose initial centroids {my,...,m;} of the clusters
{Ch ... Cy}.
(b) Calculate new cluster membership. A feature vector

x; is assigned to the cluster C; if and only if

i = arg min |[x; - my| [ (1)

(c) Recalculate centroids for the cluster according.

1
m; = mz X (2)

XEC;

(d) If none of the cluster centroids have changed, finish
the algorithm. Otherwise go to Step (b).

3.3  Clustering Validity Methods

3.3.1 Silhouette Measure

The concept of Rousseeuw? is described as follows:
the Silhouette is a tool used to assess the validity of
clustering. The silhouette constructed to select the optimal
number of cluster with a ratio scale data (as in the case of
Euclidean distances) that suitable for clearly separated
cluster. The clustering are considered average proximities
as the two are dissimilarities and similarities, which work

best in a situation with roughly spherical clusters.

Fig. 3. Show computation s(i) for each object. where

obiect i belone to cluster A2,

Case #1 considered dissimilarities".

From fig. 3 described for take the object 7 in the data
set, and assigned to cluster 4, then define as follows:

s(i) = in case of dissimilarities.

i = object i belong to cluster 4.

a(i) = average dissimilarity of 7 to all other objects of 4.
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d(i, C) = average dissimilarity of i to all objects of C.

b(i) = minimum d(i, C), where C# 4.

B =the cluster B for which minimum is attained the

neighbor of object i

The cluster B is like the second-best choice for object i:
if it could not be accommodated into cluster 4, which
cluster B would be the closest competitor In Fig. 3. The
number s(7) write this in formula:

_ b(@) — a(i)
s() = m- 3)

The number s(i) is obtained by combining «(i) and b(i) as

follows:
1—a()/b(i) if a(d) < b(i),
s(i)=40 if a(i) = b(i),
b(D)/a(i) — 1 if a(i) > b(i),

s(i)canwillbe =1 <s(i) €1

Case #2 considered similarities"?.

In this case consideration similarities and define a’(i),
d’(i, C), and put b'(i) = maximum d’(i, C), where C'# 4.
The numbers s(i) is obtained by

1=b(D)/a®) if al(®) > b'(D),
s() =40 if a'(i) = b'(i),
a'(i)/b'() — 1 if a'(i) < b'(D),

For Example, fig. 4 shows the results silhouette of
clustering, when fig. 4 (a) present clustering on k = 2 and
fig. 4 (b) clustering on k = 3. The Figure shows the
comparison of result: density and separation, Neighbors, the
average Silhouette of each cluster. Which silhouette is used
to support the evaluation clustering with the maximum of
silhouette.

3.3.2 Sum of Squared Errors

The k-means clustering techniques defines the target
object (x;) to each group (C;). which relies on the Euclidean
distance measurement (nz;) is the reference point to check
the quality of clustering. The Sum of Squared Errors: SSE
is another technique for clustering validity. SSE is defined

as follows™"”.

K
SSEQLI) = ) Y lly-mlF @
i=1x;€C;
where
N = Feature vectors
X ={Xy, 0 Xy Xn} - % € RM
O=1{C,C;..Ck} VigCnGC=0ULC=XvC+0
||+ 1] = Euclidean distance and m; is centroid of cluster ;

which can computed as Eq.(2).
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Fig. 4.

Conditions of applied the SSE for clustering, is to
determine k >2“?. When the SSE is applied in graph that
generated from the relationship between the SSE and k
(Significant "knee"). which is
positioned to indicate the appropriate number of cluster in

value at knee point

the k-means clustering ® ag shown in fig. 5.

3.4  Selection an Appropriate Number of Cluster

The principle of the monitoring tool for clustering, can
support the selection of correct k values for the k-means
clustering, consider the following.

Fig. 4, Silhouette is used to assist in cluster monitoring.
This analysis is compared between Fig. 4 (a) and (b) it is
found that the average silhouette of clustering when k = 3.
the value 33 will be greater than k= 2. the value 28.

Fig. 5 the SSE is used in the inspection cluster. This
analysis was shows the appropriate number at the knee
clearly was 5(a) k= 3, 5(b) k=4 and 5(c) k = 5, which the
appropriate number of cluster.

(b) k=3.

Shown Silhouette was present clustering when k=2 and k=32,

4. Experimentation and Results

4.1  Experimental Data

The research uses data synthesized with 3 shapes and
each shape have 4 datasets (100 items), which is applying a
Gaussian distribution (normal distribution). Fig. 6 is the
distribution of a spherical around the center of dataset, fig.
7 the distribution is non-spherical lying on the x-axis, and
fig. 8 the distribution is spherical, but each group will have
some overlap.

4.2 Results of k-Means Clustering Method

In experiments. the researchers repeated the k-means
clustering algorithm with datasets by changing the value of
k, set k=2 to k = 10. which illustrate the specific clustering
when k=2, 4, and 6 shown in fig. 6, fig. 7 and fig. 8.

The next step is to investigate the cluster. This relies on
the analysis of both Silhouette and SSE of above mentioned,
are as follows.

Gl of Batlore Evrorfor 1 Cluater Sum of Squars Ewor for KClustar Surn of Squara Enar far k Guctor
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250 ! 1000}
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110 4000
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500 — Lo 2000 \
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— ——— - —
2 3 & B 6 T 8 9 0 2 3 a2 5 6 T 8 ] 10 3 4 5 6 7 [ B 1
Number of Cluster Humber of Cluster Humbes of Claster
(a) k=3 (b) k=4 (c) k=5

Fig. 5.

Number of cluster consideration from the relationship between SSE and the k value.



112

Means Alguiihm, k=2
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Fig. 6. Clustering with spherical data shape where k=2 (left), k=4 (middle). and k=6 (right)
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Fig. 7. Clustering with non-spherical data shape where k=2 (left), k=4 (middle), and k=6 (right)

kMeans Algarthm, k=2

k-Means Algorthm, k=4

-Means Algorithm, k=6

-
9
~
.
o

Fig. 8.

4.3  Clustering Validity with Silhouette Measure

Consider Fig. 9 is an illustration Silhouette of a
clustering technique to the k-means repeating the grouping
by changing the value of k from 2 to 10. which shows a
comparison of the density and separation of each cluster.
‘Which found that the density of the k values of k=2 and k
= 4 show the density and separation is optimal.

Using the silhouette to assess the quality of clustering
not silhouette diagrams only in addition need to consider
the average of silhouette. It was found that the average of
all silhouette values when k=4 the highest shown in table 1.

Clustering with overlap data where k=2 (left), k=4 (middle), and k=6 (right)

4.4  Clustering Validity with SSE

The Result of SSE for inspection the cluster is shown
in Table 2. The table 2 shows the SSE value and rate of
change of the SSE when k = 2 to 10, found that when k=4
SSE is the maximum rate of change. The rate of change
(%Change) defined as follows.

ch (SSEofK;_, — SSEofK;) =100
hChange =
SSEofK,

®

icanwillbe { =2



where
SSEofK;.;
SSEofK,

Table 1.

= SSE values of f;_;
= SSE values of k;

Show comparison of the average of the

Silhouette of a k-means clustering when k=2 to 10.

Number of Average of Silhouette
Cluster Spherical | Non-Spherical | Spherical & Overlap

K=2 0.8305 0.8318 0.5262
K=3 0.7715 0.7553 0.5603
K=4 0.9117 0.9018 0.6150
K=5 0.8182 0.8558 0.5720
K=6 0.7109 0.7982 0.5407

=7 0.5639 0.7466 0.5177
K=8§ 0.6198 0.7333 0.5104
K=9 0.5072 0.6945 0.5217
K=10 0.5162 0.6850 0.5177

As the Silhouette to assess the quality of clustering not
the data in table 2 that should set correct k value only. In
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order to investigate the effect is therefore necessary to

consider a graph showing the relationship between k and

the SSE values at the knee point are shown in fig. 10.

Table 2. Show SSE values and %change from k-means
algorithm when k=2 to 10.
Number Sum of Squared Errors
of Spherical Non-Spherical Spherical &
Cluster Overlap
SSE |%Change | SSE |%Change | SSE |%Change
K=2 597297 - | 604224 - | 1505.40 -
K=3 | 3,179.66 87.85 | 3,265.32| 85.04 | 958.94 56.99
K=4 77176 | 312.00 | 834.01| 291.52 | 608.08 | 57.70
K=5 682.02 | 13.16 | 679.50 22.74 | 518.62 17.25
K=6 612.04 | 1143 | 55251 2298 | 441.48 17.47
K=7 544.41 12.42 430.75( 2827 | 387.16 14.03
K=8 512.90 6.14 | 403.10| 686 | 337.27 14.79
=9 436.02 | 1763 | 364.19| 10.68 | 302.21 11.60
K=10 | 403.84 797 | 245.55| 4832 | 276.06 9.47

Number of Cluster Spherical Shape Non-Spherical Shape Spherical Overlap Shape
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Fig. 9.

Silhouette of a clustering technique when k=2, k=4, and k=6
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Fig. 10. The graph showing the relationship between k and the SSE values of different data shapes

5. Conclusions

The results of research above when examining the
Silhouette clustering analysis is to determine the k = 4 was
the highest average Silhouette with all the data sets. When
examining the clustering of the graph that shows the
relationship between the SSE and k value with k = 4 the
result was the knee point. That means the examination of
both Silhouette and SSE are result inconsistent. Is that the
number of cluster as the same number that k = 4.

However, a comparison of SSE and Silhouette have to
attention is if the data does not overlap. Assessment the
number of cluster is appropriate both SSE and Silhouette.
However, when the data begin to overlap SSE will provide
an assessment that 1s more close to the true value.

Acknowledgment

The first author has been supported by grant from the
Informatics Program, Faculty of Science and Technology,
Rajabaht Nakhon Ratchasrima University (NRRU). Data
Engineering Research Unit has been funded by Suranaree
University of Technology.

References

(1) Han, J., and Kamber, M. (2006). Data mining concepts
and techniques (2nd ed.). United States of America:
Morgan Kaufman Publishers.

(2) Shahbaba, M., Beheshti, S. (2014). MACE-means
clustering. Singnal Processing. Vol.105, pp.216-225.

(3) Aliguliyev, R. M. (2009). Clustering of document

collection—A weighting approach. Expert Systems with
Applications, Vol.36, pp. 7904-7916.

Isa. D.. Kallimani. V. P.. and Lee, L. H. (2009). Using
the Self Organizing map for Clustering of Text

(4

Z

Documents. Expert Systems with Applications, Vol.36,
PP.9584-9591.

Maziere, P. A. D., and Hulle, M. M. V. (2011). A
clustering study of a 7000 EU document inventory
using MDS and SOM. Expert Systems with
Applications, Vol.38, pp. 8835-8849.

Saracoglu, R., Tutuncu, K., and Allahverdi, N. (2007).
A fuzzy clustering approach for finding similar

(5

faty

@

g

documents using a novel similarity measure. Expert
Systems with Applications, Vol.33, pp.600—605.

(7) Tseng, Y. H. (2010). Generic title labeling for clustered
documents. Expert Systems with Applications, Vol.37,
Pp.2247-2254.

(8) Theodoridis, S.. Pikrakis, A.. Koutroumbas, K..
Cavouras, D. (2010). An Introduction to Pattern
Reccognition : A MATLAB Approach. Academic Press,
USA.

(9) Jun, S.. Park. S., and Jang, D. (2014). Document
clustering method using dimension reduction and
support vector clustering to overcome sparseness.
Expert  Systems Vol.41,
Pp.3204-3212.

(10)Everitt, B. S., Landau, S., and Leese, M. (2001).
Cluster analysis (4th ed.). Apnold.

(11)Jun, S., and Uhm, D. (2010). Patent and statistics.
What’s the connection? Communications of the Korean
Statistical Society, Vol.17(2), pp.205-222.

with  Applications.




(12)Rousseeuw, P. J. (1987). Silhouettes: a graphical aid to
the interpretation and validation of cluster analysis.
Journal of Computational and Applied Mathematics.
Vol.20, pp.53-65.

(13)Wang, L., Leckie, C., Ramamohanarao, K., and Bezdek,
J. (2009). Automatically determining the number of
clusters in unlabeled data sets. IEEE Transactions on
Knowledge and Data Engineering, Vol.21(3),
pp.335-350.

(14)McNicholas, P. D, Subedi. S. (2012). Clustering gene
expression time course data using mixtures of
multivariate t-distributions. J. Stat. Plan. Inference 142
(May (5)). p.1114-1127.

(15)Jain, A. K. (2010). Data clustering: 50 years beyond
k-means, Pattern Recogn. Lett. Vol.(8) 31, pp.651-666,
http://dx.doi.org//10.1016j.patrec..2009.09.011

(16) Aggarwal, C. C., Reddy, C. K. (2013). Data Clustering:
Algorithms and Applications, Vol.31, CRC Press,
Hoboken, New Jersey, p.648. (Chapman & Hall/CRC
Data Mining and Knowledge Discovery Series. ISBN:
1466558210).

(17)Kwedlo, W. (2011). A clustering method combining
differential evolution with the k-means algorithm.
Pattern Recognition Lefters. Vol.32, pp.1613-1621.

(18)Roiger, R. I., Geatz, M. W. (2003). Data Mining A
Tutorial — Based Primer. Pearson Education, Inc.
Addison Wesley. pp. 11-12.

(19)Jain, A., Murty, M. N.. Flynn, P. J. (1999). Data
clustering: a review. ACM Comput. Surv. Vol.31(3),
Pp-264-323.

(20)Kaufiman, L., Rousseeuw, P. J. (1990). Finding Groups
in Data: An Introduction to Cluster Analysis. Wiley.
(21)Kerdprasop, K. (2006). Density Biased Sampling for
Incremental Data Clustering. Research Final Report.
School of Computer Engineering, Suranaree University

of Technology.

(22) Aloise, D., Deshpande, A., Hansen, P., Popat, P. (2009).
NP-hardness of Euclidean sum-of-squares clustering.
Mach. Learn Vol.75 (2), pp.245-248.

115



116

ON IMPROVING K-MEANS CLUSTERING EFFICIENCY WITH
IMPORTANCE AND CORRELATION ANALYSES

Tippaya Thinsungnoen*, Kittisak Kerdprasop, Nittaya Kerdprasop
Data engineering research unit, School of computer engineering
Suranaree university of technology, Thailand

ABSTRACT

The k-means clustering has been a popular technique
widely used and wused with data distribution both
gaussianity and non-gaussianity, which if data distribution
is non-gaussianity making the efficiency of data clustering
will be low. This research aims at study of improve the
efficiency for k-means clustering with feature selection.
The experimental comparing feature selection techniques
between random forests and correlation. using real data
various 4 data sets from UCI machme learning repository.
Evaluate the effectiveness of the clustering used by the
purity value and f-measure value. The results showed that
both feature selection technique provide higher efficiency
for k-means clustering in all data sets.

Keyword: k-Means clustering, Random forest. Correlation,
Purity, F-measure.

1. INTRODUCTION

A data clustering is process of knowledge discovery in
databases. There are various algorithms for data clustering.
but one popular algorithm is k-means algorithm is due to a
simple operation and a fast processing (Theodoridis et al.,
2010). The principle of k-means algorithm is separate data
into k cluster and then calculating the means fo represent
each cluster, which the means represented centroid for
measuring the similarity and dissimilarity of the same
cluster (Shahbaba and Beheshti, 2014).

Despite such advantages as previous mention,
however, k-means clustering has also a limitation, it works
well with data that is hyper-spherical cluster shapes and
performs poorly when the true underlying clusters are
arbitrarily shaped (Ryali et al. 2015). In addition, the data
used for clustering may contain features that are not
suitable for processing such as has the number of attributes
more, each attribute irrelevant. the scale of the data is very
different (high or low) and so on. The limitations
mentioned above, we must find solution to improve the
efficiency of clustering method.

Lee et al. research on the automatic detection of
pulmonary edema can help show abnormalities in the lung
by CT mmage using by random forest technique, and
presented structure for the hybrid-random forest base on
according to the classification of pulmonary nodule from

the clustering. The experiments conducted by using scans
of the lung patients, including 32 patients and 5.721
images, which are marked by projecting an expert
radiologist. The result shows sensitivity best is 98.33%,
and the specificity best is 97.11%.

Saha et al. has proposed clustering algorithm named
Incremental learning based multiobjective fuzzy clustering
for categorical data. The research offered the adjustment
multiobjective base on the principles of fuzzy clustering
algorithms then integrated with random forest. The
experiment finding from a comparison with other method
to synthesize 6 data sets and real 4 data sets, the results
shows that better than other methods.

Ai-li et al. have proposed clustering and correlation
Analysis of the Industry Networks so considered the
structure of the network and the correlation weight to
determine the correlation analysis. The study has found
that it can optimize the industrial structure.

Tosi et al have proposed clustering traffic
information based on the correlation analysis for select a
variable that is outstanding for the group. The study
evaluated the experiment with multiple data sets. The
synthetic data and real data The results showed that the
accuracy and durability than conventional clustering
methods are available.

Yu et al. have presented the concept of clustering that
can be grouped to data from multiple different sources and
different structure of the data. By strategies called
selection features mmportant information for the group.
This new concept in the evaluation to selection features by
combining the use of the correlation included in their
selection techniques. The experimental data and
information from the UCI cancer gene operating results
showed that the method presented better results with all
data sets and more effective strategy than all other options
are compared.

Therefore, this paper, has studied performance
improvements for k-means clustering technique chosen by
comparative feature selection such as random forest and
correlation. By selecting a specific importance value of
feature assign to k-means clustering. In experiments using
real 4 data sets from the UCL, using purify measure and f-
measure for evaluating the performance of the clustering.



2. METHODOLOGY
2.1 k-Means clustering method
The k-means clustering technique has been the most
widely used because it is easy to understand the process is
not complicated. The Means was the center of the cluster.
The k-Means algorithm can be described by the following
steps.
Algorithm: k-means clustering (Kwedlo, W., 2011)
(a) Choose initial centroids {my,...,m;} of the clusters
{C,....Ci}.
(b) Calculate new cluster membership. A feature vector x;
is assigned to the cluster C; if and only if

= arg min_||x; — myl|* 6))

(¢) Recalculate centroids for the cluster according.
m; = |Cl| X}-. (2)
7EC;

(d) If none of the cluster centroids have changed. finish
the algorithm. Otherwise go to Step (b).

2.2 Feature selection with random forest technique

Random forest is a combination of tree predictors
such that each tree depends on the values of a random
vector sampled independently and the same distribution of
trees. An application randomly features selection for each
node. Internal estimation to determine the strength of the
error and relationships and is used to show an increasing
number of features used in isolation. The estimation also
used to measure the importance of feature (Breiman. L.,
2001).

The random forest technique is the classification
accuracy than other methods due to (i) reduce the average
of variance of feature (i) reduce of correlation between
specific feature and other feature (Lee, SLA, 2010). The
selected appropriate feature led to classify successfully.
An exploration for importance of feature can be observed
from the plot of the means of accuracy show in fig. 1. The
figure shows that relationship between means of accuracy
and feature for example, if the appropriate feature greater
than and equal to 2 we have to be select including V2, V3.
V7.V8,V9, V10, V12 and V13.
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Fig. 1 Measure of variable importance for
random forest.

2.3 Feature selection with correlation technique
Correlation coefficient or another word that Pearson's

product moment is shows the linear relationship. It has

ranged from -1.0 to +1.0 (Correlation coefficient. 2015).
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An exploration for correlation coefficient can be
observed from the plot of importance value show in fig. 2.
if an appropriate is importance >= 0.3 we have to be select
ncluding V3, V8, V9, V10, V12 and V13.
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Index
Fig. 2 Measure of variable importance for

correlation analysis.

3. EXPERIMENTAL AND RESULT
3.1 Experiments on real data sets

This research was, experiment on real 4 data sets that
are characteristic of different data, different number of
features and different scale of value inside each feature.
The experimental setting data are training data and testing
data such as 70:30 percent respectively. Details of the trial
are shown in Table 1.

Table 1 Srtatistics of real data sets.

Data set Instance  Attribute  Class
Thyroid-disease 7.200 21 3
Heart disease 270 13 2
Pima Indians diabetes 768 8 2
Breast cancer Wisconsin 699 10 2

The experiment we wused k-means clustering

techniques to clustering with 4 data sets of comparative
data in three formats. i.e, original data and data from using
feature selection techniques such random forest and
correlation analysis. The result shows that the clustering
method with data sets was through feature selection can be
separate very clear. As shown, the plot results grouped in
Table 2.

3.2 Evaluate the clustering efficiency

In evaluating the performance of the clustering has
various measures (Mohammed et al., 2014). This paper,
we has two measures for clustering evaluate that are purity
value and f-measure value, principle as follows.

a. The purity value is the measurement that member
are clustering sifuation, the Purity for cluster C; defined
below.

. 1 k
purity; = — max {n; } 3)
g j=1

Therefore, the purity of clustering C is defined as the

weighted sum of the cluster-wise purity values.
r

. n Ly~ &
purity = Z ?lgm'mtyﬁ == Z 1?_:afc{nij} (4
i Ci=1 "

i=1
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b. The f-measure consisting of the two necessary where mj; = |Tj|. It measures the fraction of point in
values as precision value and recall value. The precision partition 7}; shared in common with cluster C;.
value of the members in the cluster C; defined as follows. Therefore, the f-measure for cluster C; is given as.
1 & Nij 2 2 - prec; - recall; 2 ni;
Ji - _ _ Ji
rec; = —max {n;; } = —= 5 F;= = = 7
prece n; j=1 { 1-7} — ®) : [# + rlalh prec; + recall; n; +my, ™

The recall value of the cluster C; defined as follows. The f-measure for the clustering C is the mean of cluster-

—_— - wise f-measure values.
N n
g o TS

recall; = 6) r
T3l — my, F=13"F ®
i=1

Table 2 Visualization of k-means clustering in comparison with original data and feature selection
(random forest, correlation).

k-means clustering
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The experiment we evaluate the performance of the
data clustermg by compare results showed that the
clustering via the feature selection present the purify value
and f-measure value are better than origmal data. As shown
in Table 3.

Table 3 Performance evaluation of k-means
clustering in comparison with original data and
feature selection (random forest, correlation)

Data set k-Means clustering
Original Random forest Correlation
Evaluate data :% increment :% increment
Thyroid-disease
#feature 21 7 4
Purity  0.929 0.929 : 0.0% 0.929 : 0.0%
F-measure  0.464 0.474 :2.3% 0.449 : -3.2%
Heart disease
#feature 13 8 9
Purity  0.581 0.716 : 23.3%  0.716 : 23.3%
F-measure  0.579 0.712:22.9% 0.712 :22.9%
Pima Indians diabetes
#feature 8 5 4
Purity  0.628  0.756 : 20.41% 0.756 : 20.41%
F-measure  0.562  0.740 : 31.66% 0.740 : 31.66%
Breast cancer Wisconsin
#feature 10 8 8
Purity  0.659  0.967 : 46.8%  0.967 : 46.8%
F-measure  0.539  0.963 :78.7%  0.963 : 78.7%
CONCLUSIONS

The data clustering with not suitable data such as
distribution is non-gaussianity. each feature are irrelevant.
or the scale of each value mside feature is very different
etc, led to low efficiency clustering. This study, we
propose to improve the efficiency of the data clustering via
a principle of feature selection technique as random forest
and correlation analysis. The experiments with real data
results show that the performance of k-means clustering
given improving purity value and f-measure for all data
sets. In addition, also found that if you want to use
clustering method with imbalance data then the result of
data clustering will performance increase only slightly.
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Abstract

This research aims at studying the discretization based
on Chi2 algorithm and visualize technique for association
rule mining. Numeric attributes with large distinct values
normally do not appear in the association rules. We thus
study the discretization method for numeric attributes with
the integrated Chi2 algorithm and visualize technique to
handle numeric attributes prior to the association analysis
phase. We comparatively experiment with our proposed
method against existing techniques. The comparative
metrics are accuracy and number of rules.

Keywords: Discretization. Association Rule Mining, Chi2,
Visualize.

1. Introduction

Currently, many organizations and merchants do not
use paper to record data, but they use computers for
recording. When the data are in the digital form, we can use
computer to analyze these data in order to obtain the model
for future use such as to predict patient’s disease, to
understand customer purchase behavior, or to assess
learning behavior of student. The automatic induction of
model from electronic data is known as data mining .

Association rule mining is one well-known technique
in data mining. It is the induction of relationships of events
or objects and generate these relationship as association
rules to understand the current data or to predict the
occurrence of an event or object in the future. There are
many researches about the increase in efficiency in
association rule mining, such as increase the speed or the
accuracy of the association rule mining.

The data currently available are in a variety of types,
such as numeric, text or character. But, the result of
relationship induction from the numerical data in
association rule mining was not good enough because the
numerical data have a wide range of values. Thus, the
solution of numerical data handling for association rule
mining is discretization technique. There exist have many
techniques for discretizing numerical data®, such as Chi2
algorithm and Extend-Chi2 algorithm®,

This research aims at proposing the efficient
discretization technique based on Chi2 algorithm and
visualized cut-point analysis for association rule mining to
bandle numerical data. The problem caused by the
numerical data in association rule mining is that they make
association rules disappear due to the sparseness of each
numeric value. We, therefore, propose an efficient
algorithm to solve this problem.

2. Related Work

Related researches can be divided into several types:
research for proposing the new idea, research to improve
the original algorithm. research to discretize numerical data
for classification, and research to discretize numerical data
for association rule mining. Thus, we study related work
along these research themes with the details as follows:

Gyenesei” has proposed an algorithm to discretize
numerical data by using fuzzy sets technique to reduce
runtime and to increase number of effective rules in the
association rule mining. The experimental result has been
compared between discretization by non-normal distributed
data and normal distributed data. The result of the
discretization by normal distributed data gives more
effective association rules than non-normal distributed data.



which is measured by the minimum support, minimum
confidence and runtime in association rule mining.

Tong et al.®) has proposed a method for association
rule mining with numerical data using k-means clustering
algorithm and Euclidean-based distance calculation. They
used synthetic data to test the performance of the algorithm.
Their algorithm results in less number of association rules,
but higher in the wvalues of support and confidence
compared to association rule mining without any handling
method for numerical data.

Ke et al.®? has proposed a method of the association
rule mining with numerical data using mutual information
and clique (MIC). This technique has divided the work into
3 parts. First, applying discretization to numerical data.
Second, using the data obtained from the first step to create
the MI graph. And finally, the result of the second step was
used in the finding of frequent itemsets. The experimental
result used 6 datasets and compared the runtime, number of
rules and other measures.

Wei™ has proposed discretization technique to handle
numerical data for association rule mining with clustering
and genetic algorithm. His proposed technique is
density-based
clustering and genetic algorithm (MVD-CG), which is an

multivariate  discretization based on
algorithm that improves the multivariate discretization
algorithm (MVD). The experiment used real data and
MVD-CG algorithm and MVD
algorithm. Measurement mefrics are number of rules and
effective of rules. The result is that MVD-CG algorithm has
higher confident than MVD algorithm.

Sug® has proposed multi-dimensional association rule

compared between

mining, which is different from original association rule
mining in term of the difference of column. This method
can reduce the data size and runtime in association rule
mining. The experiment used real data from UCI. The result
is that the algorithm can create small multi-dimensional
table and reduce the number of rules.

From the related work, it can be seen that there exist
many techniques for discretization. However, most
researches do not take into consideration the distribution of
the data in each rang of the divided value. We notice that it
may be possible that some of the data that was in the range
with very small amount might be unnecessary to be used in
the association rule mining. We thus propose the visualize
technique to detect ranges of values with limited amount of
data in order to consider a cut point during discretization
process.

121

3. Background

This research aims at studying the discretization and
proposing a new method based on Chi2 algorithm and
visualize technique for association rule mining. The related
theories are divided into 4 parts, that is. association rule
mining, discretization algorithms, the cut points in Chi2

algorithm, and visualization by cut points.
3.1 Association Rule Mining

Association rule mining is a popular analysis technique
to automatically find the relationships between the data.
There are many methods for association rule mining. In this
papers we use Apriori® algorithm for association rule
mining. In the table 1 is a list of customer purchases that
will be used as an example to explain the association rule
mining process. The data are counted to find the frequent
customer purchases on each itemset, and then take the
frequent itemsets to generate the association rules, which is
a rule in the form of “If condition Then result”. The
measurement metrics used in the selection of frequent
itemsets and rules are the following:

- Support is the frequency of the occurring event.
Give the items A and B, the computation for
support of A and B to be purchased is as follows:

Support(A — B) = P(A A B) (1)

As an example, support (Coca cola—>Bread) =
2/5=10.4 or 40%.

- Confidence is the frequency of the incident with
other events occurring together. The computation
for confident is as follows:

Confidence (A —> B) = Support(4 — B) @)
Support(4)

For the same example as above, confidence

(Coca cola —> Bread) = 0.4/0.4 = 1.0 or 100%.

Table 1. Purchase transactions of customers.
Order Coca cola Bread Candy Milk
1 1 1 0 0
2 0 1 1 0
3 0 0 0 1
4 1 1 1 0
5 0 1 0 0
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Table 2. Contingency table for cut point computing Sample | F X Intervals Chi?
demonstration. 1 1 1 {0,2} 2
Class 1 Class 2 Sum | 2 | 3 2 J {2,5} -
Interval 1 An Anp Ry 15,7.5} 7_¥
Interval 2 Ay An Ry 17.5,8.5} 4'_>_
Sum o o N (8.5,10) —
’ — 2
110,17} =
Sample | K=1 | K=2 17 30; ==
- Ep = (12)*1 = .05 ’ — 2
2 o N " Ejp= (12)*1 = 05 3038y =
3 1 0 1 E;; =(1/2)*1=.05 138,42} — 5
E;=(1/2)*1 =05 "
total 1 1 2 == (1) {42’45'5]7’11
-
X2 =(0-5)2.5 + (1-502/.5 + (1-.52/.5 + (0-5)2/5=2 5352y =
\| 12 [ 50 ' |) {52,603

Sample | K=1 K=2
En=(1/2)*2=1

3 1 0 1 Epn=(02)*2=0
n . 5 . E, =(172)*2=1
Ey=(02)¥2=0

total 2 0 2

X2 = (1-1/1+(0-0)2/0+ (1-1)/1-+0-0)2/0 = 0

Fig. 1. Example of calculation the Chi2 cut point between
intervals.

3.2 Discretization algorithms

(a) Chi2 algorithm
Chi2 algorithm™® that is based on the X? statistics was
used to perform discretization over the numerical data. The
computation for x? is as follows:

& (4, 5 F
Xt oy y sl o)
i=l j=1 Eij
where:
k = number of classes,
Ay = number of patterns in the ith interval, jth

class,

Lij = expected frequency of A, =R *C,/N.

R; = number of patterns in the ith
. k
interval = X
S,
C; = number of patterns i the jih

2
class = E 4 .
=1 i

N = total number of patterns = Z; R

Fig. 2. Example of interval integration by Chi2
considering value.

(b) CAIM algorithm
Class-Attribute
(CAIM)™ is a discretization algorithm by supervised
learning. Main idea of the CAIM algorithm is to use
class-attributed interdependence of the class and the
interval. The

Interdependence Maximization

numeric column to create minimal

computation for CTAM is as follows:

s max’
r=1 M“A (4)

n

CAIM(C,D|F) =

where:
C = class,
D = discretization,
F = columns,
n =number of intervals,
max, = maximum of the qi.
M-, = number of all continuous columns

(c) CACC algorithm
Class-Aftribute Contingency Coefficient (CACC)? is
a discretization algorithm developed from CAIM algorithm
for solving the overfitting problem. The computation for
CACC is as follows:

cacc = |2 (5)
y'+M|




where:
M= number of sampling data

y=M stl S ﬁ} - 1} /log(n)

when
M = number of sampling data.
n = number of data,
qir = number of class i by sampling data
(i=1,2,..S and r=1,2,.n) in the
interval (de1.df].
M;i+ = number of class i by sampling data

(d) AMEVA algorithm
AMEVA algorithin® is discretization algorithm by
supervised learning. This algorithm increase performance in
terms of correlations between parameter and decrease
number of intervals of the Chi2 algorithm. The computation

for AMEVA is as follows:

Ameva(k) = k). ©

k(7 —-1)
1

Discretization by Chi2 algorithm is te find the cut

where:
k = number of intervals,

X (k)= N{ 1+ Zjaz;

2
1 i
n

n;

3.3 Cut point in Chi2 Algorithm

points to divide the numerical data to interval data. The
algorithm is based on the bottom-up division of numerical
data in each row infto intervals, and then gradually merging
each interval based on independence, which can be
computed by Chi2 value. We can be demonstrate the cut
point calculation from contingency table in table 2 and
equation (3). Figure 1 shows an example of calculating the
Chi2 in each interval,‘such as intervals 2, 3 and 4 has Chi2
0. Figure 2 shows an example of integration the intervals by
considering minimal Chi2 value, because the minimal Chi2
value means less independent between intervals. If the
intervals are less independent, they should be in the same
interval. For instance, the intervals 3, 4 and 5 have the Chi2
values 0. They should be in the same interval. Repeat the
interval merging until Chi2 values of all intervals are
greater than threshold that the user has defined.
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Number of dams
P
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Number of intervals

Fig. 3. Example of comparing the number of rules in each

interval.

3.4  Visualization Cut Point Consideration Through

Discretization numerical data by various algorithms has
to consider the cut pomts, which can be used for grouping
the numerical data to intervals. But in some situation the
data in the discretized interval has too small amount of data.
This can lead to an inefficient association rule mining. Thus,
we propose to use visualization techniquet™ in the
post-processing of the discretization steps to see the
distribution of data in each interval, and then adjust the cut
points to fit the data distribution in each interval. Figure 3
shows an example chart comparing the number of data in
each interval. It can be seen that the data in the intervals 1,
7 and 12 are minimal comparing to other intervals. The cut
points should be adjusted to re-distribute data m the
discretized intervals. Figure 4 example of interval
integration by visualize technique.

0.00-3.92

3.93-3.95 0.00-3.95
3.96-429 306-4.29
4.30-4.50 4.30-4.50
4.51-4.85 4.51-4.85
4.86-5.00 4.86-5.04
5.01-5.04 5.05-6.61
5.05-6.61 6.62-7.39
6.62-7.39 7.40-8.01
7.40-8.01 8.02-8.71
8.02-8.69 8.72-9.80
8.70-8.71

8.72-9.80

Fig. 4. Example of interval integration by visualize
technique
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Table 3. Comparative results of accuracy and number of rules by five discretization algorithms.
Datasets Simulated Data ECOLI APD CLE
Algorithms #Rules Ace. #Rules Ace. #Rules Ace. #Rules Ace
AMEVA 81 88.19 107 97.57 987 95.29 111 4531
CAIM 79 88.39 52 97.47 971 94.87 43 83.13
CACC 81 88.19 107 97.57 987 95.21 75 65.09
Chi2 41 88.17 47 97.67 40 81.85 239 81.37
Chi2+Visualize 37 95.41 47 97.68 36 87.08 220 81.58
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Fig. 7. Conceptual framework of the research.

4. Proposed Discretization Method

This research has proposed a methodology to perform
discretization based on the Chi2 algorithm and the visualize
technique for association rule mining. Figure 7 sketches the
proposed method to discretize numerical attributed for
association rule mining. The pre-processing module can be
divided into two parts: discretization step and visualization
by cut point consideration step. Discretization in our
method is based on the Chi2 algorithm because it is easy to
understand. After the discretization step to visualization has
been applied to see distribution of data i each mterval. If
amount of data in any interval is too small, that interval will
be merged with the previous interval or the next interval.
which is considered by the distance to the nearest interval.
Finally, the result is data discretized by new cuf points.
These data will be further used in the association rule
mining

5. Experimental Setting and Results

The proposed -discretization method has been
experimented with both synthetic data and real data from
the UCI Machine Learning Repository. The UCI data are
Appendicitis data (APD) with 106 records and 7 attributes.
Ecoli data with 336 records and 8 atiributes. Cleveland data
(CLE) with 303 records and 13 attributes. Each of these
datasets hasbeen divided into training dataset (70%) and
test dataset (30%). The discretization algorithm is encoded
with the R language™®. The algorithm proposed in this
research is called Chi2+Visualize discretization algorithm.
Its performance has been compared with the AMEVA,
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CAIM, CACC, and Chi2 algorithms. The performance
metrics are number of rules and accuracy of the algorithms.

Table 3 shows the number of rules and accuracy of
algorithms with different datasets. It can be seen that the
Chi2+Visualize algorithm with the synthetic data and Ecoli
data shows higher accuracy with less number of rules when
compared to other algorithms. But the performance of our
algorithm on the CLE and APD data shows lower accuracy
than some algorithms.

Figure 5 shows a chart comparing the accuracy of
algorithms with different datasets. It can be seen that the
Chi2+Visualize with synthetic data and Ecoli data show
higher accuracy when compared to other algorithms. Figure
6 shows a chart comparing the number of rules with
different datasets. It can be seen that the Chi2+Visualize
with synthetic. Ecoli and APD data has less number of rules
when compared with other algorithms.

6. Conclusions

This research aims at studying the discretization
method based on Chi2 algorithm and visualize technique
for association rule mining. The problem of association rule
mining with numerical data is that there will be large
number of rules and the obtained association rules are not
effective enough to predict the future data. Thus, we
propose to use the cut point from discretization by Chi2
algorithm to see the distributed data m each interval, and
then adjust the cut points to fit the distribution in each
interval. The experimental results reveal that the proposed
algorithm can reduce the number of rules and increase
accuracy in predicting the future data. However, the
application of our method over some data show low
accuracy. but can be traded-off by small number of rules.
But in some data our method shows low accuracy and large
number of rules. We hypothesize that this dataset may be
non-normal distribution and this kind of distribution has
strong eftect to our method. However, this hypothesis needs
theoretical and experimental proofs further.
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A Deep Learning of Time Series for Efficient Analysis

Tippaya Thinsungnoen, Kittisak Kerdprasop, and Nittaya Kerdprasop

Abstfract—The main problem for analyzing time series data
with machine learning techniques such as classification and
clustering is that a high-dimensional nature of this kind of data
can cause computational difficulty in finding optimal solution.
Currently, advanced learning strategy such as deep learning
has been used extensively and effectively to improve learning
performance. In this research, we propose a method to optimize
time series analysis by adding a pre-training and fine-tuning
process of deep learning based on Deep Belief Networks and
Restricted Boltzmann Machines. On evaluating performance of
the proposed method, we wuse electroencephalographic,
electrocardiogram, and synthetic time series data to analyze
with classification task. The induced classification models are
assessed with the four several metrics including cluster
evaluation, purity, mean squared error, and processing time.
We comparatively compare the three learning schemes:
traditional neural networks, deep learning networks, and deep
learning networks with added a pre-training and fine-tuning
process. The results showed that all three schemes show the
same performance on predicting time series data when assessed
with mean squared error. For the processing time comparison,
neural networks technique is slightly faster than others. But
when assessed with cluster formation and purity metrics, we
found that deep learning based on the concept of Deep Belief
Networks and Restricted Boltzmann Machines that adds a
pre-training and fine-tuning process outperforms other
learning techniques.

Index Terms—Deep belief networks, deep learning, restricted
Boltzmann machines, time series analysis.

I. INTRODUCTION

Time series data are a set of values that had been stored
consecutively in terms of occurring time and kept for a long
period. Data in many applications are being stored as time
series such as sales records, stock prices. weather data. and
biomedical measurements [1]. An efficient analysis of time
series data is a challenging problem in machine learning. The
difficulty is due to the fact that time-series data is a type of
temporal data, which is naturally high dimensional and large
in data size. Researchers have tried to improve efficiency by
reducing dimensionality to low-dimensions or introducing
new representation method for time-series. The proposed
time series representation appeared in the literature includes a
symbolic [2], [3] and a grid [4] representation of time series
for similarity search.

Besides representation. efficient learning techniques that
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are appropriate for time series analysis are also in the main
focus of my research teams. One potential learning technique
is deep learning, which is a complex learning architectural
style composing of sub-layers, where each layer contains
multiple linear and non-linear transformations attempting to
model high level abstractions in data [5]. Researchers offer
several learning architectures based on principles of a deep
learning such as deep neural networks and deep belief
networks. These learning styles have been successfully
applied in computer vision, speech recognition, natural
language processing. bioinformatics. and others. In the
research of [6]. they proposed a fast learning algorithm for
deep belief nets. In the work of [7], they proposed to reduce
the dimensionality of data with neural networks based on the
deep autoencoder method. In the same year, the research
team [8] proposed a novel and efficient algorithm to sparse
feature learning for deep belief networks to capture
high-order dependencies between the input observed
variables. Furthermore, in the work of [9], they proposed
learning algorithm called Deep Boltzmann Machines (DBM's)
such that efficiency can be achieved through the pre-training
process. Lately, in research work of [10], they also applied
pre-training to the ECG assessment based on Restricted
Boltzmann Machines (RBM's).

The works mentioned above are a small review of deep
learning applied for efficient data analysis, with a particularly
interest in high-dimensional data forming themselves as
sequences and important knowledge is hidden in these series.
This paper thus proposes a study of deep learning of time
series for efficient analysis by using a Deep Architecture and
Restricted Boltzmann Machines. The data domains include
electroencephalographic (EEG), electrocardiogram (ECG),
and synthetic time series data. Learning efficiency is
evaluated by comparing the results of classification between
the three solutions of learning. We use four evaluation
measures, that are, cluster evaluation to assess group
formation of data, purity in each data group, mean squared
error for series prediction, and time used for processing.

II. BACKGROUND

A. Artificial Neural Network

Artificial neural networks (ANN) are a computational
approach, based on a large collection of neural units for
information processing with connectionist theory. This
machine learning approach simulates the pattern recognition
function of neural networks in human brain. The bioelectric
network in the human brain consists of neurons and synapses,
and the interoperation to connect neurons [11]-[13].
Basically, the neural network consists of three layers
including input layers, hidden layer and output layer.



B. Deep Learning

Deep leaming (or deep structured learning, hierarchical
learning, deep machine learning) is an advanced learning
technique relying on a set of algorithms that attempt to model
high-level abstractions in data. Deep learning is part of a
broader family of machine learning methods based on
learning representations of data. The concepts include the
processing among multiple layers such that each layer is
derived from both the linear and nonlinear conversions [5].
[13]. [14].

C. Deep Belief Networks

Deep Belief Networks (DBNs) is a kind of networks that
use probability in a modeling process including multiple
layers of stochastic and latent variables. The latent variables
typically have binary values called hidden units or feature
detectors. The top two layers are undirected graph between
itself and memory. The layer below have been directed by the
above layer, as shown on the left network of Fig. 1. This
network concept has been used as a simple element of
unsupervised learning such as RBMs and autoencoder [15].

Deep Beliel
Network

Deep Boltzmann
Machine

D. Deep Boltzmann Machines

A Boltzmann Machine is a network of symmetrically
coupled stochastic binary units [14]. It consists of a set of
visible units v € {0, 1} and a set of hiddenunits h € {0, 1}, as
shown on the right of Fig. 1 [9]. The energy of the state {v.h}
can be defined as:

E(v,h'_e):—%VTL\'—%hTJh-VTFWa. (M

where &= {7, L, .J} is aset of the model parameters: 77, L and

Jrepresent visible-hidden, visible-visible, and hidden-hidden,

respectively. The diagonal elements of L and J are set to 0.
Deep Boltzmann Machines (DBMs) are generally used for
learning a deep multilayer Boltzmann Machine [9]. Consider
a two-layer Boltzmann Machine with no within-layer
comnections, the energy of the state {v, h', h’} is defined as

[9]:
E(v. hlﬁhZEH):_ TWlhl _thW2h2= (2)

where 8 = {W'. W’} is a pair of model parameters
representing visible-hidden and hidden-hidden symmetric
interaction terms, respectively.

E. Restricted Boltzmann Machines

A general Boltzmann Machines consist of the top layer to
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represent a hidden connection and the bottom layer to
represent a visible connection, as shown in Fig. 2 (left). But
RBMs is a network of symmetrically coupled stochastic
binary units, with no hidden-to-hidden and no
visible-to-visible connections [9], [16]-[18], as shown in Fig.
2 (right).

RBMs are energy-based probabilistic model. In these
models a probability distribution is defined from energy
function as [10]:

Energy(ch)

P =€ et )

where x is a set of input variables, and h corresponds to the
hidden variables introduced to increase the expressive power
of the model. The normalization factor Z is called the
partition function defined as [10]:

Z = 3 gEnenth) [€))
*h

Restricted Boltzmann
Machine

General Bolizmann
Machine

{ T Me O
Fig. 2. Model of general BMs and RBMs [9].

F. Performance Evaluation

There are various measures for evaluating performance if
we know previous label of data [18]. This research, we use
the three measures: Cluster Evaluation, Purity, and Mean
Squared Error (MSE).

Cluster Evaluation is often used for clustering evaluation
criteria based on the known label. It is a calculation of an
index that measures the amount of agreement between the
true cluster partition G = {Gy, .. ., Gy} (the “ground-truth™),
and the experimental cluster solution A = {A;. . ... Ay}
obtained by a machine learning method. The similarity index
Sim (G, A) is defined by [19]:

k
sim(ged) = X wax(Gs A) ®
1 S
Sim(g. d) = g%"j ©)
1l Jl

where |0| denote the member of the set.

Purity is an assessment of how members are organized into
class or cluster with the innocence of a member of the cluster.
The Purity for members of cluster Ci is defined as follows
[18]:

. 1 0k
puf"lt)}l_:fﬂ?_ﬂx{ny} (7)
=

where i is an order of clusters from i to r,



Jis an order of targets fromjtok,

n; is a member of cluster i,

ny 1s a member of cluster i that belongs to class j.

Thus, purity of clustering or classification can be defined
as:

o r A . ,7i k_ (8}
purﬂy—;: " pl{?"l’}i—nin]‘;‘;\{”lo}

Mean Squared Error (MSE) is the accuracy index for
neural networks model and can be defined as follows [19]:

(Et) &)

MSE =

2w

t=1

where N is total number of data for prediction, E, is difference
(or error) between actual and predicted values of object t.

ITI. MATERIALS AND METHODOLOGY

A. Dataset Description

The datasets used in this study consist of EEG signals.
ECG signals, and Time Series Synthefics. Details of datasets
are summarized in Table I.

TABLE I: THE DESCRIPTION OF DATASET

Dataset Time Series Length #Series #Class
EEGs 4.096 20 2
ECGs 96 200 2y
Synthetic 200 18 6

Electroencephalographic (EEG) data, taken from [20].
[21]. consist of five sets: A to E. All EEG signals were
recorded with 128-channel amplifier system, using an
average common reference. Sets A and B are data sensed
from volunteers in a relaxing and awake state with eyes-open
(A) and eyes-closed (B), Sets C. D. and E are data originated
from EEG archive of presurgical diagnosis. In this research,
we use only sets A and B of EEGs data comprising time
series of 4,096 samples each, and 10 instances of each class.

Electrocardiogram (ECG) are data taken from [22], [23].
This dataset contains measurements of cardiac electrical
activity as recorded from electrodes at various locations on
the body: each data set in the ECG recorded by one electrode
during one heartbeat. The datasetin each database were
analyzed by domain experts; from 200 data records, 133
records were identified as normal and 67 were identified as
abnormal.

The Synthetic of Time series (Synthetic.tseries) follows the
work of [24] by synthesizing data from six different models:
three models were set with both linear and non-linear
distributions. Each profile model is shown in Table II.

Preview time series of EEG and ECG data, as well as the
synthetic data, are shown in Fig. 3 (a). (b), (c). respectively.

InFig. 3 (a). the preview of EEG signals shows two classes
of the whole signal that were very similar. Fig. 3(b) shows
previews ECG signals with two classes, that are, classes
normal as the S6, S9 and S10 series, and class abnormal as S7
and S8. It can be noticed at time points 40-45 that the two

groups

3(c) shows previews of synthesis of time
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inverse. F

series

have difference changes on the

complicated shapes derived from different distributi
models, thus, resulting in the six different groups that can
clearly differentiated.

TABLE II: THE DESCRIPTION OF SIX SYNTHETICS [24]

Name

Model
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B. Methodology

This research aims at studying a deep learning
performance when applied to time series analysis. We
employ Deep Architecture and RBMs to find out solution for
efficient analysis. The framework of our research shows in
figure 4. The four main steps can be explained as follows:

Input Raw Time series: This research use the whole raw
time series as input to the machines.

Experimental Design: At this step, we divide our
experimental method as two sections. Section 1 is the use of
Artificial Neural Nets to learn patterns in time series. Section
2 is the application of Deep Architecture and RBMs. The
parameter setting of both sections are explained as follows.

Networks consist of three layers. The input layer and a
number of neurons equal to the length of time series. Hidden
layer contains 10 neurons (which is the best setting from our
experiment), and output layer contain one neuron (figure 5).

Whole Raw Time Series
(ECG. EEG. Synthetic)

Deep Learning rNe'u]:'.’«ll nets
RBM Model Model
+ - -
Fine-tune Predict Predict
* .
Model
+
Predict
1
| !

v

The Result of Each methods
(Cluster Evaluation. Purity. MSE. Times)

Comparison of
The results

Fig. 4. The framework for this research.

Input Layer | Hidden Layer | OQutput Layer

Whole Ra

Time Serfes
me e
.

Fig. 5. Model of Neural Networks for this research.

130

Solutions are based on the setting of 500 epochs for
running and stop before the end if small error exists
compared to the previous iteration. We design three solutions
for analysis. Solution#1 is the analysis with the application of
neural nets as a training process for modeling using back
propagation. Solution#2 is the use of deep architecture.
Solution#3 1s a deep learning with pre-training as a startup,
then fine-tune with back propagation and sigmoid function,
and end the process with prediction step.

Collection the results: after complete all solutions.

Comparison: comparing of cluster evaluation, purity,
MSE, and running time between EEG, ECG and Synthetic
darasets.

IV. EXPERIMENTAL RESULTS

This research concerns the study of deep learning based on
Deep Architecture and RBMs for effectiveness of time series
analysis. The summary of the results is shown in table IIT, and
the details of the experimental results are follows.

An Evaluated by MSE, the lower is the better. The results
show that in Solution#3, Solution#2 and Selution#1, MSE
values for EEG, ECG, and synthetic data from all solutions
are almost the same at 0.5, 0.335 and 9.17. respectively.

An Evaluated by process time, the lower is the better. The
results show that Selution#1 uses the least processing time,
but only slightly less than the others. The running time of
EEG data for Solution#3. Solution#2 and Solution#l are
4.78. 3.61, and 2.80 minutes, respectively. The running time
of ECG data for Solution#3. Solution#2 and Solution#1 are
4.95,3.01, and 1.60 minutes, respectively. For synthetic data,
the running time from the three solutions are 2.48, 0.95, and
0.76 minutes, respectively.

An Evaluated by cluster evaluation and purity, the higher
1s the better. These assessment metrics raise an interesting
result. In Solution#3. which is the learning based on DBNs
and RBMs with the additional pre-training and fine-tuning
procedure, the results show the best performance in almost all
datasets. The results of cluster evaluation and purity for EEG
dataset are 0.949 and 0.95, and for ECG dataset are 0.65 and
0.7, respectively. For the synthetic data. we found that
Solution#1 performs slightly better than others with the
cluster evaluation and purity showing the same value at 0.39.

TABLE III: THE COMPARING OF THE RESULTS

Dataset Measures  Solution#1  Solution#2 Solution#3
Time (m) 2.8 3.611 4.783
Purity 07 0.5 0.95
EEGs MSE 0.5005 0.5 0.5
Cluster Evaluation 0.7 0.67 0.949
Incorrect (%a)  6(30%) 10(50%) 1(5%)
Time (m) 1.6 3.01 4.9508
Punty 0.7 07 0.7
ECGs MSE 0.335 0.335 0.335
Cluster Evaluation 0.55 0.65 0.65
Incorrect (%)  88(44%)  67(33.5%)  67(33.5%
Time (m) 0.76 0.951 2.481
Punty 0.39 0.2 0.2
Synthetic MSE 9.17 9.17 917
Cluster Evaluation 0.39 0.29 0.29
Tneorrect (%) 14(77.78%) 15(83.33%)  15(83.33)




method using Deep Architecture and RBM:s for analyzing the
time series data. The findings for this research are as follows.

Some of Deep architecture such as DBNs and RBMs can
be an appropriate method for analyzing the time series data
with high-dimensions and a clear sequence pattern. These
methods can solve the problem with satisfied accuracy,
effectiveness and speed.

An adaptation, such as pre-training and fine-tuning in
RBMs, has been experimentally proven to be efficient
supporting steps for deep learning more efficiently with a
slightly increase in processing time. The study can also
conclude that both ANN and RBMs can be used for time
series analysis when MSE is the sole concern. But if cluster
quality and purity are also additional criteria, RBMs with
pre-training and fine-tuning is a better choice for time series
analysis.

B. Future Work

Based on the result of synthesis data, created from six
different distribution models, we found that ANN performs
the best. Deep learning with pre-training and fine-tuning
shows remarkably high predictive performance on the EEG
dataset. Thus, we plan to extend our research for more studies
on the correlation between time series characteristic and deep
architectures.
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