% BIEFEDLERRRETR IR 451

BRARES ~ BM4GE (2019) 07 % BAZAF PR A0 1] A7) FAR] 50 FF
REFAHEELER  F_+~4% Fuwdy B 451-482 -

% B AZ4F B PLIE g aF B 5 2 7a R

PRAR B
TPRRXEENERE A

B H

Bl Zf sk KEAAFTEER

&

BER R 2] B R LA R 5 %R 0 ATEAl L — A R A P04 B A Fe BF
R oo IF MERFARLT L O PEAR AL - HERF R 09 IEAL TR B M e BME 0 F b
ABEFT— % BAREH A 2] FAARE A » & R ANARTAR] - A 6, & WmAERA R
Mo AT AP &4 (Artificial nural networks; ANN ) & 3k Al 78 #4b & B & %
( Sphere complex neuro-fuzzy system; SCNFS ) o & SCNFS #4538 % > An AN ERI 4 #
B E (Sphere complex fuzzy sets; SCFS) & # ¥/ (Aim object layer) » AT% &
A GHBARE LR EM L BARE - R THRITS BREL  BERSH
% o B R BIME - TEARBE ARSI G E L AT o AR AT RIS > wA S B AT
HFBHE - AELENE (Entropy ) #9484 » MR RO AHE P IE R BAZEL TR
N EH - ARB LTI ERARSGABRBLHHA L &0 RA
# f 7% (Continuous ant colony optimization; CACO ) & # i@ 5% /Js F # & 3t %
(Recursive least squares estimation; RLSE ) » # 2 3 4R B2 70 04 S - KB P47
ZEE® - BER—&iB%E BAZFARSKE ANN-SCNFS #4344 & CACO-RLSE #41%
R BR_AAEAHER N ETEBARTARA R % BARTAA] » BRERA T —
RTAR % BARZ AN 5 BB B RFARGILEST Z BARTAR] - AR AF R A%
A LM - BERERKARAARIEZITFARERR ZEAIRLER B TFAKR

FOYRFH B2 FAR LA RIFEYRAR o

M2 % BAZAFMPRE - A TAPLEMEIR  FRAV AR BRI B~ HRA AR BoAb 2 A
A% BRAEAXBBEY

*  RIEAMEE o BT EHM4Z4 ¢ jamesli@mgt.ncu.edu.tw
2019/04/22 3% 4% 5 2019/06/09 1537 ; 2019/07/04 #=%



452 SNEEER F-+1E FUH

Chen, Y.C. and Li, C. (2019), ‘Multi-target feature selection and time-series
forecasting’, Journal of Information Management, Vol. 26, No. 4, pp. 451-482.

Multi-target Feature Selection and Time-series
Forecasting

Yu-Ching Chen
Department of Information Management, National Central University

Chunshien Li*
Department of Information Management, National Central University

Abstract

Purpose — Time series forecasting is a challenging research issue. In the past
research, most of them were single-target forecasting. However, in the stock market,
stocks will effect each other. Therefore, we hope to predict the stock price on multiple
targets simultaneously, and find the relationship between them through this research.

Design/methodology/approach —In the data preprocessing phase, we use multi-
target feature selection to find the useful data for prediction. Then, in order to predict
multiple targets, the proposed model in the paper combines artificial neural networks
(ANN) and asymmetric sphere complex neuro-fuzzy system (SCNFS). Moreover, we use
the hybrid machine learning algorithm CACO-RLSE, which combines continuous ant
colony optimization algorithm (CACO) and recursive least squares estimation (RLSE) to

train the parameters in the model.

Findings — The result shows that the performance of multi-target prediction is better
than single-target prediction. In addition, the use of input dataset is flexible, we can use
US index to predict US stock price.

Research limitations/implications — This study only focused on US stock market
information. In the future, we plan to research the different stock market, and get more

information to do multi-target time-series forecasting.

*  Corresponding author. Email: jamesli@mgt.ncu.edu.tw
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Practical implications — In this paper, we have proposed a multi-target time-series
forecasting model. This method can give the investors some support to make investment

decisions.

Originality/value — We use hybrid machine learning algorithm, CACO-RLSE, to
improve the efficiency of training parameters. Besides that, we change the structure of
original SCNFS, and let it become an asymmetric model structure by using the novel aim-
object layer (AOL) in the model.

Keywords: multi-target feature selection, artificial neural networks (ANN), sphere
complex fuzzy sets (SCFS), sphere complex neuro-fuzzy system
(SCNFS), hybrid machine learning algorithm
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Je A TAp 2z 4934 (Artificial neural networks; ANN) Z R 4n80 » 2 % A #
R R 710 AR - Rw A AR ELRT AR RAARTEAHR SR
B LWBARERSNBERE  RLREFARNGEBEE BRI & THRAR
BRI - R » EEEBRFXGRZ TR > REBRYRTREEE X FHL
SRR E  BRTHERALE  ZEEMR IR BRI Btk
BEREEGERT ST HRERLBELA EXTENGRE > BLA AR PR
OYRETY SHEF 2 B R T AT R -

WA P S AT A7) 69 5F 5 » Wang 82 Leu (1996) 15 & © 545 8- 3942 A

( Autoregressive integrated moving average model; ARIMA ) » 4+ ¥ & % hutE RR 1B 45
#4778 - Hassan ¥ Nath (2005) VAIS KK 5T x4 % (Hidden Markov model;
HMM ) F8 3R] fn %= IE A8 > BRE AR A 24 48 - Hadavandi ~ Shavandi ¥2 Ghanbari

(2010 ) ARIZAEHN B HEH2 B SR M £ 4 (Genetic fuzzy system; GFS) » T % F %
VAR JE MEBA B £ 0 R R Ak 4b e 493% (Recurrent neural networks; RNN) #o &
s2 #7315 49% (Long short-term memory; LSTM ) » Selvin % (2017) 44 LSTM -
RNN % % 7 22 49 %% ( Convolutional neural networks; CNN ) 5 #5428 7% » FAR]EP B
R J 2 5 Fr £ 77 ik ° Faustryjak » Jackowska-Strumitto ¥ Majchrowicz (2018 )
P EH LSTM % & Google #4344 F4 % APl » 4T RBAE T 09 7F % o

WA RKR S LEBAZTAR A RR LKL E— » HRARTF R —
% BARTARBEA - ANN-SCNFS(AOL) » £ X EMA A H REH - ARA MK
## % (Sphere complex fuzzy sets; SCFS) » %% % BARa9EH - iy 5 BARIFHK
BB R R AR ETREHAIEAZRGEFELIMAN - B ERFRRBREL
% (Continuous ant colony optimization; CACO ) Feik 1 5z .\ F 7 &3t i% (Recursive
least squares estimation; RLSE) » JAIR & A B L H gL A58 H 3% -

5o & X RKART - ERBABIH R T N BIFRT FORREL > AR
AR AT REBIT Ui » BITHERANNE - FLHAETR T X §F R
BB RPTAL R 69 7 i ~ AR » ARG GHRE » AF ANN #2122 R s SCNFS
WATE S EAHRREAMBEE E A% » CACO-RLSE - #ATH s F 09 5
ek o FEHHAETRER  CHHEARNNIERAREEAARABRAETEIRA
% BAROYTAR] 0 M IXBRBATEA KB - FEHLEERENH > OHHER
B R BT SR GIR  ARTRERGHH - R aHRER  §
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R~ XBRIE
— ~ AP 4E 53k

AL Ab & 48 ¥ (Artificial neural networks; ANN) #2 /7% McCulloch ¥i Pitts
(1943 ) AAfaAP & AR T AW APTIR B ah4P &3+ £ (Neuro-computing ) » 2K ¥
% Wt A 209 &R o H 5] Rosenblatt (1958) #%zh & A R4 A » 38 w4 ] B 049 A ik,
RIS — RAAB PR R Bk 0 A4 Bk (Perceptron ) o 3 FHB K 2 4%
Widrow 2 %= & Hoff 7 1960 #-12 & § i J& 42 147 48 ;t ( Adaptive Linear Element;
ADALINE ) (Widrow & Hoff 1960 ) » dy# ADALINE #442A) 22 Hh Akt » kA8 2
BRAVEEIE > LRANAXFOHFR HXLA —F 4 Winter 124 % B0
ADALINE ( Multiply ADALINE; MADALINE ) ( Winter & Widrow 1988) e
fe 1960 2] 1980 FH) - ANN o9 R B R T 258 » BRA TR LZEMH
f8 /1A B ANN 89 Z F X P78 o # 5] Werbos (1974 ) # 8f fa) 1k 3% /8 B /%
( Backpropagation; BP) A /3 A fRik » X T34k £ L4 sp e 4P 22 4955 > A v B BL
7 ANN sy PR - A AT S ANN o4& A - H b AR A4 48 49 58 ik & AT >
ANFRBI AN & 4 B L & EAT AR I ] -

—BHMESRBEHERESL

Zadeh (1965) #thi## % (Fuzzy sets) #9itd - R XM E S M7 B
AZEHE O Fn 1 070 00 1 RO E/E - BLAT R TR ERT  RSHR
WM o AR LGE S (Crispsets ) MM ETEA P % 8% - Takagi ¥
Sugeno (1985) ARE#E I B ¥ HE3H & 4 (Fuzzy inference system; FIS) » A%
W EAE B AR 09 IRIE 1 AR Y AT 4838 (IF-part) A f%4%3% (THEN-part) > 3%
B AR K A R B 4R o Jang (1993) R¥E FIS 3% i i J& M Fa40 S HEH 2
% ( Adaptive neuro-fuzzy inference system; ANFIS ) » vUiR & K M 55 223 75 FL ik 37 4k
B S o &4 Hsia (1997) #45.)FF f&3F 7% (Least squares estimation; LSE )
B BP » ATwp 1% 4% A LSE A% 48 » R&ih+ Aldy BP FAELH -

PR — A BE# & 4 > Ramot % (2002) # i #Tey e - MEBEMES

(Complex fuzzy sets; CFS) » HEFBAEZ A — BB EGEMA - 5 FHRAE
HoMBALEKRKRERLFE > BRFLSE | 09K FE/E M4 (Unit disc
complex plate; UDCP) o pbie —fx#i# & - CFS T3 I A ey m it 46 7 $120 A8 © 7
4h > Li #2 Chiang (2010) »A ANFIS & Jk#f » AFHER! & ey B £ 208 & CFS » %32
$ARELRERSIEKE ¢4 5HHWEHEM A% (Complex neuro-fuzzy
system; CNFS) »
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Tu ¥ Li (2019) #&4% CFS 32 h 3R A 47 B4 # &£ & (Sphere complex fuzzy sets;
SCFS) » & ARE#A ey FIEZ — » YASEE & ¥ (Membership function) & #&1& % #
(Amplitude function) # eI FH > A SEMBNFEBARE » R L % BAF
oy % K o B B 0 Xk ANFIS i #2R ah £ 224 - AFEM £ 2 s SCFS - 34§
H a2 L3k A8 BoAP 2 B 2 4 (Sphere complex neuro-fuzzy system; SCNFS ) -
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BP A AR EMIE A o Am A0 A £ &4 A BP - H bR &
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Holland (1992 ) AR 4% i /i X (Darwm) EALH - ALK R L ik
1 R RFRBER  RELBEAEE (Genetic algorithm; GA) - Kennedy 2
Eberhart ( 1995) A B#EAITEH L ERR BB T# K L E (Particle swarm
optimization; PSO) » /A B ey AT . ~ B & R FFRE ;N 0421 28 F 3 24 - Socha
# Dorigo (2008) MAMREE & F R iv h E A A m Ak (CACO) » A #hiEix

(Roulette wheel selection) %# % B A A B R FR I E » B R ERILEET
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ff i 8F A B {04 B A8 - Karaboga (2005) ARIFEMEFF/T AR X2 b A TR R E
1tig Bk (Artificial bee colony optimization; ABC) » vy =& R B B0y £ > &4F
FHRILEOLE - Li > Yang #2 Nguyen (2012) $#24 A KL H B FHRMEIEE X
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Whitney (1971) % $ 45 5w aT1248 7% (Sequential forward selection; SFS) » »A
AT K ER VARG FB FRAAH e EH - RERAABGFRAS  ZRATRALRRK
WAL AT BCRIEIR IR o BRI o SRAEAR B T A SR S 4 0 de Kwak s
Choi (2002) 32 ##4 Z 43 (Mutual information; MI) » ¥4 Shannon (1948) #4#L
JE454%4% (Entropy ) Z#EA » #ALE TR B A A H e - Tu $2 Li (2017)
& A B E A (Influence information) £ %48 Bl ME454% » 4t &8 B AR B A
R OYAFRL B AR P Bl i R B AR B ARk AGAF L -

S~ RFiE

LRk S BAZTAR M A > KRB % B 24 PiE ( Multi-target feature
selection ) fF & A HAT R Tk KERXWWMATH TP E LT AER
(Influence information matrix; IIM ) 3% ¥ B AZH 569 F# o vA SCFS {42 A 5T
BT AARELE LS MEMKA B MD > T RIREKSHE - AIEHMAKX
SCNFS &R pk % # % 09 JE#AE R R 4% » 2L £ 5 J 337 B ARMA - & SCNFS
EH AT mA ANN A B4 F 5 ey 453 B BT 4K SCNFS w9385 & 47 » B
REMI B S AIRFARIBEA 4 & & ANN-SCNFS (AOL) » #EABEAE @ 1 BT
o

input Model output

; Multi-target N s

feature selection ANN SCNFS

— % BB IeE

B UG sa RN GRAF ] 0 RGBS 0 FIBFRIE % RARTARI M > KREHKRA
% BARRBIEE L AT RAFIRILAFE —F Ty B e B A Rde
TR T RGAFEB A sy © AHER T A IFMATHERBRZETHE
WEN CP B2 TS ¥ EH0HAFNE 1 KB A E LA (Influence
information) # 5 IIM » 3£ ARLBATHFBPLE - BETALL G L F AFTE T
AR ERAAM AR ELMAHMY  ROARLT R PHLT—Z48E » AR
TR A THEKIMGENELRTEMAE > B HFZ TR LR EELEE
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WATIHE R R A SBEE N EIAES RE 948 BT EIEAE o

R 11 5 BAR GRS

Symbol Description
CP f#1# 45 #¢ (Candidate feature pool) » CP = {f;,i = 1,2,...,ncp}
fi % i1E4% 22 4% 2 (The ith candidate feature )
Nep (ERE LT &R 5d
sp0) SHH 5 A8 B AZ 6y PR 4F s (Selected feature pool for the jth target )
sPO) =[xk = 1,2, ..., n5,0}
Nepn  |SHEF B B ARATHIE d e 45 B4
x,((j) S5 8 B AR AT B 6y 5 kB AT
Q EHPTH BAZ SP FasF S
nq A BLAME— SP ey prse
b % kAR & BLAME— SP g 4F 8L
FP 445 #k (Final feature pool ) » FP = {s;,i = 1,2, ..., ngp}
Npp I P AT A
TS AAZ4 4 (Targetsets) TS = {t;,j = 1,2, ..., npg}
ti %j18 B 4% (Target)
Nrs B AR
I(X,Y) |FaA% 4 #XAYZ Key & &R (Mutual information, MI )
I MBS #0908 wR=Z (Influence information )
pa(*) # % % i ok # (Probability density function )
H %% (Entropy )
g(fi - tj) RS ¥ B AR 09 g i (Selection gain )

B HRARAEIEAT L0484 » AT T AT E H AR R F AR
st (Bowman & Azzalini 1977) + VA T A# G 49 # % % & 5 (Probability density
distribution ) » A L3 H A FHRAAZE > w(DKXATF - HEITZERGFE > Fik
QXA BAQ)KF AL AR - BEX ARG EF KW@ T 0 &
BAA O LERGEKAM»ELERHELRGEREE AL BEARFIELHE
AT A X ZH A AR BE LT REL M -
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HX) = — [, pa(x) log(pa(x)) dx, (1)

HXIY) = = [, [, paCe, ) log(pa(xly)) dxdy, )
I(X,Y) = H(X) — HX|Y), 3)
#wﬁ=IULFJJ?PAE)+KﬁEﬁ'ﬁ;PAE) (4)

BT o R I N H A R RAYE S GATELEMEA IR SP AR
IIM S+ 3045 503 B AR 0GR BIE & - e(G) X AT T - KRBT R 746 B AR MY
BEAE - ATERFHRAETHMANSP ¥ » FEREE L — B PR EAL
HHHAARA E@BE  RUELSOHR FRANSP ¥ - L+ R 00
m%“%g LR EA NG AR WA OERAN SP AP A E AR

EHBATHRETRETRABELT R REALLTHAACH LSt
k%m%&mxﬁﬁmASP¢ H A KA (6) R T o

g(fl - tj) = Ifl-—>t]- - Rfi_,gp(j); (5)

5 sp(])
k= f x (J) Sf;
R fiosp() = ’ (6)

sp(])

s xR B B ARPTIE B8y B hma sk x0) € SPO) 5 g B H B
8 B AR PT HRZ 09 4 A0 - BT HPT A BAR L RRR 048 B EPTA SP o Ik
DR PRIR AR B HEARANESQF Q={P,k=1,2,..,n0} * B
BHHE QA2 ey B REAZE (Contribution index ) i —F % » L - w(pp) K K4F
Bty H B R EF > @) KAT T 5 noL () REFAF B 7 &8 SP + 8y
HIRE S Gaum (PRI BT A BIZOBETRESE » w(DXPTT - &
#% A (10) X F 3 w Fo F 34 ooy 09 RARAELAE & TIARAL » BB LR BRAZ E KA PR
BB FP o » &R 5 BARAF BRI RO ER o

p(dr) = w(Pr) * Gsum (Pr), (7
w(py) = n0L(¢k) (8)
gsum(¢k) = Tlng(¢k -t ) )

Pth = ® * Gsum» (10)



460 SNEEER F-+1E FUH

oul

Hbk=12,..,nq; 0L ARG IBIRGFEEER | Jaum b PITH H iy
HERBETRLEZ T - 5 BRFHRIETRRLLE LT 7 5855

L3t B ERRIER

2 A LSRG ERIE S > TS L BARMSP o

M ELBAZSP aydEsk c EAELQY  SHEM AP, -

4. APt E B A & BAR B E A Aot e 0 TRAZE -

ST EEERTFHNBET ARG o RAELPVBRMA » #QP R d i

B P 09458k 0 EMFHLA BN FP & -

— AR EBEME

LRk % BAZTARIF A > KREBEAA SCFS MARIGLRME - bE 4 5@
B A &0 57 B 42 2 (Membership degree; MD) » A% B89 %5 XL » AL T 1A
%3 % BAZTER] BT RM@R Y CACO #4314k %% » X B SCFS w457 B2 /% &
AL AR BT d B AR - TR IR e B bt AE 7 13k Ak o SCFS R A#AF 12 4 12
REMAMASPTIE LN Tk AZH HEEH L RIEEBREL » w(ID)XPTT -

r = Gaussian(h; c,0) = exp ((hz;cz)z), (11)
Hb o cREPOE  oREZREE - BUARR LA BTRITEAELE 5@
MD - ABfi A& B R RS E AR AEERAELE (@) #ITH
W ooEAE LB A0, &P e(12) X FFw o

dr(h;c,o
( ) %

o ’ (12)

0,(h;c,0,¢0,) =
b o BB A AR AR R A SR -

RIE Lk ey 7 X HE MD Fetafs A1 0 BPoT45 MD A %8 72 B b 48 fs A 35
wsin(-) &cos() #ATHA I+ AF R 46 09 MD e & % {87 A & 49 MD > dw(13)
XPTF o b NAKER BAZeEE - Kf o & TR ERRYE 0 B 1 (9 ER
#4570 UDCP B 63642 % » AF(13) X Pr3t 5 69 08 18 MD A ey 77 X &
RF o HRMBEA R GE  ARAES SCES 98 » de(14) X FFF o

Uy =r X sin 91\/_1,
w, =7 X [[N31 cosO; X sinB,_;,k € [2,N —1], (13)
u, =1 X [[Ntcos 6;,
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Uik = Uzg—1 + Uzk), (14)

k=23, ,N—1>3td  NAKAYEAZEL :j=V—1-

= AR BAP AR A S

SCNFS & J# SCFS Pz ey FIS » Rin A K B A ¢ SCNFS #5744 64
SCNFS (Tu & Li 2019) #— .k B » LA EwE 2 Biw K465 SCNFS 2 4%
JA — ¥t — ey HLB W5 3 347 Hesh » AR A P A% R 04 2 ROAR SCNFS A2 BER) 6 E AL
At /& (Normalization layer) #%4e T — & #r¥ & (Aim object layer; AOL) » vA % #t
SR RMAGIERLER  RNFLTERBETORINBR  BKRKERE

(Consequence layer) #9iEH & #7 - A LZHEE S FAMATH £ BIZEHE
T ATALA RAB AR AR oM R E MBI HMKRQ - A THMFRALRL > PEA
By SF IR AR 2 -

&2 BRI
Symbol Description
h, |BEREGFHIERANi=12.,M
M EAR G AEE
T, |FiERAMBBEES (=12, M T, ={41,4 ... Ayr,}
IT;| |5 (B A\ 6 B SR M
k k=12,..K
K |AT4E3r (AT4E3 B A EHALE ) ehEE
q q=12,..,Q
Q maEn (AR A ERE) siEEK
N [RA AT BAREEK

- T
BO gl 2 mm L0 g o O = [p,p0, ., g

e s . N N . o N T
pY | Ekmi a2 ERILE S B E > O = [p, 08, 0]

N T
10 \qmsrsefk2iaa® o 10 = 20,20, .20
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N N T
5O |t famuns > O =[50, 980, . 9%0]

5 BARBEGE P = [PuP e In]T

- - B L2y B2, S — T
y B BEERE Y= [yLYa e Yn]
Layer 1 Layer 2 Layer 3 Layer 4 Layer 5 Layer 6 Layer 7
Input SCFS Premise Normalization Aim Object Consequence Output
Ry, hy, -, hy
11
A1y
51) $(1)
p y
Ayt
A2,1
5(2)
h, % Ay P
Az,ITzl
Apa 5(K)
hy Ao
Av Tyl

2 : SCNFS # Al ;%42 [

(—) EERAREME

EATB A EE AT E R A A& UM B RMEE S ER 0 L Chiu
(1994) &y iki%x %A% (Subtractive clustering) 55| HIm AN A H EH BAZFH £
SRF 0 ROTATHEER BAR B AR MY AP I A o dy At AOL Ay Bl M BB AL 0 B ARME &
HMBARE - H b AOL 84 & 85 RAZ A £ & 38 ikesh UDCP F o d3k Jr X & B (195)
KM AR RANE B DI H B P - Az UDCP oy BARLEATH 2B P o8k
BARREFE A or(O)aSHHE o KA EAKwe(I)KPrT » hd i
WG AR > co R A B AR TR R PFYMBATRE £ » RSB AR
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(VAT @ ik A BE ST 80 BRI SR A BE Comeans %+ sk fse doags - €9,
FARIE M B 0y B AR R e b o Bt S seaR i £ 0 5\

cGaussian(h; c,0) = r(h;c,0) X exp (Z—Z . \/—1). (15)

(=) BAGA

AL 3 BE 2 BPT AT S BARTER] AR B E ey ok
SATAEIRAA] > B A EHHRAGFSAZE  AAEERE MBI -

Layer 1 : @ A& (Input layer)

SR B A AN T A (h) o ARk &SR AKX » BRAKE
AT 0 B 2 PSR a9 aE AR 0 M o AKX R SCNFS 89 & HHE # -
Layer 2 : 3R AV 48 A2 #1428 (SCFS layer)

S B A AR AR BN T A AR BTN TR R SR TR
AT MD > B b &0 A (60 KA R AR R R F) 00 o B e 1B £ 58 5 3 R AL
W amest LSRR e L — R -

Layer 3 : #T4% 38 & (Premise layer)

BB 0 48 U R — AR A B0 R RS 4 R LR - F SCFS
R Bi=t B 69 MD AR¥E 7~ F) 0 q & AR B AR (Algebraic product ) #% 7 R i /7 BEHI
EEH o W AR KA SALE - GBS 5% E (Firing strength ) © A
— {E AT A 6 BB SRR A — W E o B kA8 B B %k E L A R =
88,859, B k=12, K Fodk o KRB A AT SR 0 NR
RER B HE o
Layer 4 : JE31t& (Normalization layer )

SLPE B R 2 T M AKEL B TR Y AR R SHE KB A B B BB TR E & BT A
A 64 Yo fp) - A5 BB 5% AT EARAG » de AE A B 69 BL B 5% PR A BT A AR B X BBy
3% Hacfe o R 45 L FAAA0, 112 0 de(16) X P ©

N B
Y =5 (16)

= S0
T
k:LZmK’E¢’ﬁ“:bPﬁ?wﬁﬁq’%ﬁk@ﬁ%%ziﬁw&%
5% & 3% (Normalized firing strength vector ) ; N4X &AL R 4t #a4 B AZ B -
Layer 5 : ¥ /& (Aim object layer)
SRS 60— 1B S BT — B A e > e e (C9) &
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WAz £ (SN ) RSN R B AT 0 3 HLAS BT 4 H i 84 L i 4T A
Mo LEERB BB G 0 (1) XFFT -

10 =5k w(p®; Ci0, 569)), (17)

G=1,2.,0 4 @ = [1@ 20 3@ 0y a sk ge g b ds 12 485
Gt S 0 (OSC8, S0L) (o S8 ) o () ) =
=
Layer 6 : 4R & (Consequence layer)

S & 3 | Takagi-Sugeno = FIS 1445 3R % X, » & —FE4E M R » d(18) K FF
T AR TR T B RESTRE I EAAR  FRERE &E
MBI d » L - aARBEF AT EINRZISH - hHBEA A -

§@ = 1D x (a§? + alPhy + -+ aff hy) (18)

H o p@ = [371((1)'372(‘1)’ ___'}A,ISq)]T \
Layer 7 : #y & & (Output layer )

WPk R A A ERB G PIT A S 3 m8 > Lt A& REp &M R
“whd o (19X P o

y=3K, 9® (19)

W RA AMELY R

ABEAFRASAMBE 2 H A FFAESE - CACO-RLSE » &4 7 CACO %
RLSE - CACO 3464 58 H : ANN 44 & (weight) Fuffy 245 (bias) » SCFS #4
$oudh () ABRE (o) Folafs fHET%AH (@) RLSE 3444 HA & &
REFPIMANZTHMEM (a)  GABRBLERE SGMEJE - TAGMEFGF X
Beik 3% Bl VAR 0 B BFFE K CACO 89314k 308 A PR Rk B & -

(—) &R AR % (CACO)

Dorigo % (1996 ) #% & %%8 5% 575 (Ant colony optimization; ACO ) » f# ik ik
ATHe 4% B A8 (Travelling salesman problem; TSP) » #| il €484y 3818 B F354% B ik
TSRS o AP Sk AR kiR AR R HE ) - F gL Socha ¥ Dorigo (2008) #% i

%
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T CACO: 2 —fa Sy BHILEAEE  CACO AFHLEN 28 %84
o AR AR AR R IR E o AR AURIE — B
IR RN EHRB EFRIILE > AR WE 3 T -

#1451k
v
1 E 8 K E I HE A RE R
i
st &AM E
v
B P OILRAZEE
i
DABSAEE R IR W I B
v
H LT — R B R 4L EERE
@ M

3:CACO EH AAZH

B — 1 it

o B E A Aoy S Ak 3 B 0 BAREAR Y F X dE RGBT E -
FEEZ 1 3 SEAR kAR 3 PR R

55 KB R 45 4k 8 £ B RS () + 3HIE S ESEER 3R KA - BRI B
JRK A BN RBEF] + HE AT @ 095 - LR LA -
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% 3:CACO % ¥ # Bk
Symbol Explanation
k Jo 4& 45 5% {8 ¥ (Ant archive size )
m AU E (Antsample size) + 45 4k 4% P i 5 rHEHR o0 2B
nDim |4 % (Dimension)  F535%k45 B 69 H 4K - 5214k 65 S AR
() AR FZE (Cost function) - A AT A Hek ey kM - FERA
S 42 E (Position )
§ |74t %& (Evaporation rate ) » 4R 6B ER T+ APl
q £ 8 & (Learning rate) » Ji 738 )R 46 $5 58 A R 18 2 4 & P-4+ ALKk
PRiE B g F AT
t ARk E (Iteration) » KA EHREF 9 RK

SR G E A K

S E L R Rt 7 KT WQOK - b SEEA 1 Bk RN A
Ve BAZAE £ o BE A AT 00 SE MR AR A 0 FAR(21) K 2F 0 9 R ik Bk i B 04 4
& o

— 2q%k
i = x e, 0)
w
Pr= Zﬁ:llwr' (21)

l=1,2,.. ko Lo qB5HE; kL RIEHRMER -

B Ry S P OB RARE £

WA TG T B RASIRR A B B A F R E 0 AL @RGSR E
P w2 FT T 0 AR LML RIS My AR R R R R R
o wmQ)K P 0 MR R B G RISIRRR I FHE -

W=, ol = (s, osi). (22)
af=fzgﬂtj4 (23)

AF > o BREFIRFGHHE T B BREFIRBREMEF 8 oKk
FiRBREVEAZEZ  SIREABIRBRAUEBIR L E - EL%KEF
BERA AR EPREIEREE S A E

AR I AR (p) ABMF BRI (R IER Y35 E Fa
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18) » RIZIGIRaPT XN FHREFRILE » wQ)KPrw -
st=st+alxr, (24)

EF o r&RRTEs REAME -

TGS ST — R EBR ARG G

BB IE S YEEIRAE BARAS () 0 3B IR A 0 B IRRISIHIRIRBAE kM
BT —RIET] i RiEE RN AR E AT EB R D R SR > L EL
RAGAE - F— BIHRR & SN RIL W ER -

(=) #&@x P43k (RLSE)

RLSE (Stigler 1981) & vy Hsia (1977) &4 LSE Z4% MRk » & — LS5 H
o M T e B AP S B VTR - ARz RLSE 0 LSE F#A 2| T EH A T3
B —EH AR T EY L RLSE B|AA BN » ¥4 — EFHOAHBTE
BIEHSE NFEEIHFE > B TAHETEIE G2 OBEL o @ RAARF 23
B EH 0 (RS K AT o ¥ 0 0.5 RLSE A & 3l4k 2 5 8 0 b2 40k o B ey %
¥ asMAR g yARROE @uy)REFKETHE - Mt AR LS BIR
AR AOL — 4 o PayindeitinQ0) X FFT > b > afi KB %2 5108 ;1
AR PNANXneY B4R OB K N AnXxmeg B4R (nk 4Ry 5 8
¥om&BAREE) -

T
=P, — Py agyq agyq P
I+ap,; Pragss (25)

Oy =0 + Pk+1ak+1(YkT+1 - aE+1@k)’

Pis1

P, = al (26)

B TRER

AR YA ANN(4)-SCNFS(AOL)if /T £ B 1B FAR] » &6 — B A 4 A& T
ANN Z ¢,4 AOL &) SCNFS » #3355 5% J 754 1 CACO-RLSE ° F 8 A3 7 4%
3% #£ (Root-mean-square error; RMSE ) ¢ L R B » wQRT)XArw» LFy, &5
FEARE > VA FIERAMEA - TR T st AR EFEHRE F
¥ B ¥ 7H ki £ (Mean absolute percentage error; MAPE ) #n 35 4 ¥} 3% £
( Mean absolute error; MAE ) » 42(28) X #2(29) X Ff = - MAPE 2 VA-F3g 843k 2 R 43
HAETERL > BRAEMBKRE%EA 05 1 ZH > TAB>RGFKXERTZ  MAE
RVAF R ZBIMEETER - MR AR RRMIT -
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n )2
RMSE = |F=x=90 (27)

n |Yi=¥i
1=1 v;
MAPE = d (28)
MAE = Zi=ilvi=3il (29)
n

ARELET=ZMEER > TRh—ALHF0RAER > MATHERLAZETHELA
Bl — 2 B35 — @ T ¥ P35 (Dow Jones Industrial Average; DIIA ) » i ¥z 3
TR Z R ERILE - Bir =4 % BAZTAR > AT H R BAZ AR £ A4
BleywAE £ B 458 —DIIA ~ A2#& & 500 53 (S&P 500) - #yifix % 42 535 #

(NASDAQ) ~ 4 #9352 P2 435 % (New York Stock Exchange; NYSE) » [ iF it
T4 BARREAAZGTAR AR S AARTARREAAZFAAG LA - TR=Z% A
FTARA] - EMAETH EH AR ARG TR AT A RER ZRER
—DIJIA ~ S&P 500 ~ NASDAQ #» NYSE » st & H £ A L ETRXBE 09 £ —
3% (Apple) ~ #% 3% (Microsoft) » Alphabet fn £ B &% T (AT&T) -

T By B AR I A Yahoo! Finance » A — -84 Jif s B HH EATH AL 62 4R &
AR o MAE AT IR MLk 4 30 Feyk 518 (High) » &AKE (Low) »
1% (Open) Zc#1% (Close) /&£ > AREFEHEAE 31 FRBEFE > E A
80 : 20 k& B & A £ » 2 &9 sk M & (Training phase ) #u ] 2% % & ( Testing
phase) » A 500 kBRI AEM 53 - CACO a9 4 HZ Tk 4 Fi = » BRER
BRI RETMA TR PIRERESNER BB LE -

%4 : CACO %¥n e

Parameters Value
Archive size (k) 5
Sample size (m) 25

Evaporation rate (£) 0.8
Learning rate (q) 0.5

—_— N %l%é——

WAKSH R L EBARTAR 0 KREM{E A ANN(4)-SCNFS(AOL)iE 4T % B 4%
Z AR TAR] B SRR AT o Sadaei % (2016) 32 3 ARFIMA-FTS #£#! »
&4 8 948 3R » % 4 (Auto Regressive Fractional Integrated Moving
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Average; ARFIMA ) #2505 M) 5 5 (Fuzzy Time Series; FTS ) » 4+#f DJIA #47%
BARTEA] - BROEA &Mk 5 T @ L nepREBEA M AT BB » npp
REAFBIE R I AR B E ; K-O K& SCNFS 6y JE$ A 224 - R EROE
Bt RINAKO6F -

RS BEAEH (TR—)

Year | n¢p | ngp | K-Q Training phase Testing phase

2001 | 120 9 |10-2| 2001/2/14 -2001/10/25 2001/10/26 - 2001/12/28
2002 | 120 | 10 | 10-2 | 2002/2/13 -2002/10/24 2002/10/25 -2002/12/30
2003 | 120 | 7 |10-2| 2003/2/13 -2003/10/24 2003/10/27 - 2003/12/30
2004 | 120 | 12 |10-3 | 2004/2/13 -2004/10/26 2004/10/27 - 2004/12/30
2005 | 120 | 10 | 10-2 | 2005/2/14 - 2005/10/26 2005/10/27 - 2005/12/30
2006 | 120 | 16 | 10-2 | 2006/2/15 - 2006/10/25 2006/10/26 - 2006/12/29
2007 | 120 | 11 | 10-2| 2007/2/15 -2007/10/25 2007/10/26 - 2007/12/28
2008 | 120 | 9 |10-2| 2008/2/13 -2008/10/24 2008/10/27 - 2008/12/30
2009 | 120 | 15 | 10-2 | 2009/2/13 -2009/10/26 2009/10/27 - 2009/12/30

% 6: VARMSE %3 DJIA % &% (§8—)

Model 2001 2002 2003 | 2004 | 2005 | 2006 2007 2008 2009 Avg
Chen 1996
(Sadaci et al. 2016) 104.25 | 119.33 | 68.06 | 73.64 | 60.71 | 64.32 | 171.62 | 310.52 | 92.75 | 118.36

ARIMA

(Sadaei et al. 2016) 97.43 | 121.23 | 71.23 | 70.23 | 58.32 | 64.43 | 169.33 | 306.11 | 94.39 | 116.97

Yu 2005-average
(Sadaei et al. 2016)

ETS
(Sadaei et al. 2016)

Yu 2005-distribution
(Sadaei et al. 2016)

Huarng and Yu 2006
(Sadaei et al. 2016)

Chen and Chen 2011
(Sadaei et al. 2016)

Chen et al. 2008
(Sadaei et al. 2016)

ARFIMA
(Sadaei et al. 2016)

Javedani et al. 2014
(Sadaei et al. 2016)

Sadaei 2016
(Sadaei et al. 2016)

ANN-SCNFS
(Proposed)

100.54 | 119.33 | 65.35 | 71.50 | 57.00 | 63.18 | 168.76 | 310.09 | 91.32 | 116.34

96.80 | 119.43 | 68.01 | 72.33 | 54.70 | 63.72 | 165.04 | 303.39 | 95.60 | 115.45

98.69 | 119.18 | 63.66 | 70.88 | 54.69 | 60.87 | 167.69 | 308.40 | 89.78 | 114.87

97.86 | 116.85 | 61.32 | 70.22 | 52.36 | 58.37 | 167.69 | 306.07 | 87.45 | 113.13

96.39 | 114.08 | 61.38 | 66.75 | 52.18 | 55.83 | 165.48 | 304.35 | 85.06 | 111.28

95.86 | 114.35 | 60.32 | 66.22 | 50.86 | 56.62 | 164.69 | 303.82 | 87.45 | 111.13

95.18 | 115.13 | 59.43 | 58.47 | 50.78 | 51.23 | 163.77 | 315.17 | 89.23 | 110.93

94.80 | 111.70 | 59.00 | 64.10 | 49.80 | 55.30 | 163.10 | 301.70 | 84.80 | 109.37

86.67 | 101.62 | 45.04 | 55.80 | 34.91 | 45.14 | 152.88 | 293.96 | 74.98 | 99.00

85.34 93.89 | 55.12 | 49.58 | 51.77 | 40.64 | 123.06 | 255.13 | 88.45 | 93.67
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N

TE i RInk 6 BrT > YA RMSE 48 % & B 3pE4542 - R BB ASUS-X550V
WATE B 0 A MATLAB 2018 38 Z BHAZR, - MEGAKT 1 EHE L Intel®
Core™ i5-6300HQ * RAM % 4GB - 4R 500 &K T » BRI S 52 F ATt & oo is
M%) 170 # £ F o CIlRFZEA ARG Z —RPTEZ A X458 0018745
oo BRERBAT  ARRAWERR ZEA LA - 75 2001 SF3] 2009 F
35 RMSE i 93.67 » Bl#k AR kA o 5 4 > 2007 4352 2008 445 RMSE & 3
AR F Y HRF S Ak d b5 el HEARLRKEBR > LEE
A FRRRE ) AR - B BF T SR AME AR BB RN B EERE R KA -

= FEB=

LIRS AIRA R BARFOTARIGE ) 0 AEBRAME AR E » 2R ETR B4R
B % BAROYTAR] c MANBAH EM AR AR EEA 2018 Foy £ B 45 H—DIIA -
NASDAQ * S&P 500 = NYSE » & BB oy R &4 &k 7 i - 24 > Multi-target
& B B4R R v BAR e Pk oy % BAZTAR] o ¥ B4R (Single-target) & % A 4% (Multi-
target) FTARIZ BB & R kI &k 8 Af & o It 4 Ak A 4R BE B RGAI 3 P BB AT R 3L
TAE 0 BAT A TAE R AR B EIRIRETE RILE -

RTBRALHE (FR=

Experiment Nep | Nnpp | K-O Training phase Testing phase
DIJIA (Single) 120 | 14 10-3
S&P 500 (Single) 120 | 13 10-3 2018/2/14 2018/10/25
NASDAQ (Single) | 120 | 15 | 102 2018/|10/24 2018/|12/28
NYSE (Single) 120 19 10-2 (176 days) (44 days)
Multi-target 480 | 93 10-10

% 8: BARAS ARHARNZITRERLE (FH=)

Training phase Testing phase
Stock Method
RMSE | MAPE | MAE | RMSE | MAPE | MAE
DIIA Single-target | 187.35 | 0.0057 | 142.25 | 356.68 | 0.0120 | 293.84
Multi-target | 195.82 | 0.0062 | 153.61 | 345.34 | 0.0115 | 279.52
S&P 500 Single-target | 19.72 | 0.0053 | 14.50 | 39.19 | 0.0119 | 31.05
Multi-target | 20.53 | 0.0056 | 15.47 | 36.43 | 0.0112 | 29.30
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Training phase Testing phase
RMSE | MAPE | MAE | RMSE | MAPE | MAE
Single-target | 69.26 | 0.0070 | 52.53 | 127.15 | 0.0146 | 101.75
Multi-target | 73.70 | 0.0076 | 56.55 | 112.04 | 0.0132 | 92.53
Single-target | 80.93 | 0.0050 | 63.45 | 142.28 | 0.0098 | 116.41
Multi-target | 89.65 | 0.0058 | 73.03 | 132.49 | 0.0088 | 104.76

Stock Method

NASDAQ

NYSE

Kk 8 FHHER - S AAZTAR AR KBEY RS EARBERZT TR
Romhz st 2 ARFAMNAINREEZERERGAZLEBREZ » RTRA
BRI EBRAIE IR I M Z AR » HERE S GMINRI M Z R B £ 518
K AAEARBARTAR - £ AARTAR G E RBIFR LB -

BT EREROBIEIN > AR 4B 7T v B E&EERERERE AZFARNTX
£ F w4t (Learningcurve ) » SE#AE 8 ¥ 7]t % BARTAR 6y 2 F Mg - F dapT
&R A tkiBA2 F RMSE 8984t > i A KB LA BRI EHETE
B HLHEMAEEERILER - Hiba TR & RESRBEM -
BBATRIAME - A4 AE 9—B 14 PRI EEAZR S AIARRAZGIE T 69T
AlEERE -

%1073 Learning curve (Single-target: DJIA) 75 %107 Learning curve (Single-target: S&P 500)

78l ] 7.4[

1 73t

76—j . 72!

w w
274} [ A S
x @ Y
| -t |
721 1 1
6.9
L | 1
7 6.8 L“
6.8 : : : : : : . ' : 6.7 - . : . - - : -
0 50 100 150 200 250 300 350 400 450 500 0 50 100 150 200 250 300 350 400 450 500
iteration iteration
[ 4: DJIA % BAZSH th#p B 5 S&P 500 ¥ B ARG 4R

(o= (B =)

~
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o5 %1073 Learning curve (Single-target: NASDAQ) 67 %107 Learning Curve (Single-target: NYSE)
. T T T T T T T T T X T T T T T T T T
s 4
9.4 “ 66 i
9.3 q
“ 6.5 }“ 1
9.2 ‘g |
6.4 % 4
9.1F 1
w L w
2 of | g 263 * g
o \—‘ o
89r ] 6.2 j‘ 4
8.8 \ﬁ 1 |
| 2] e —— g
87 _ 4 L‘
‘—‘ 6k 1
86 8 |
L \
85 . . L L . . . . . 5.9 L . . . . L . . .
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iteration iteration
= . j=i=4 I B 3157 = - j=i4 & 15T
6 : NASDAQ % B 424 % th 4z 7 : NYSE % B 424 % 4
B EA — TR EA —
(Eo= (K=
53 %1073 Learning Curve (Multi-target)
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B 8: ZAMFSEEMeE (Tr—
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10 : DJIA % B#Z7AR 4
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(Ewm=—)
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d\éé :
Bt RP TR RERN—AZNE > HIlskm i BEmaaneg R
@4A§Bﬁﬁl’%% » e &ﬁﬁﬁxiﬁﬁﬁﬂ%%%%@ W ik
TR £ AARTARELEAKSGEF > TARATARFOBETE - RV Ik
e FX BOR R R R 2 M by R B £ 3B 0 [ Sb R R A B 4l B P R 04 R R AN B3 AR AT
R TR HERRERELGCHINRIFOO KRR EZIEBR - Rk 4 % BIETE
BIEAE R ZEEHO R - XEATT S48 B AR TR > 12 % B AZTFAR 47 & H 218
RO RREATIEN 0 F % BARTARIA R M2 R E ek -

ZETR=

RERBER —AFE& % BAZTAR > 2 XLEBR _MELRE > WERGERZ
MATHERLBREAHEREATRGEZZN WMATHELLOOEEZRER
—DIJIA » S&P 500 - NASDAQ #» NYSE ; BA24# 064wt A F iz £
% — Apple » Microsoft + Alphabet o AT&T > B EAL A &EAEdn &k 9 B o

WERZEENEGAHIAMAN TR ER AR EAEEN LM - A3
A1 B LA FAE LM ATIRT » TR LG RTH BHETIRO L6 TR
A B HIE R A O BAE o Bl AR LA KTAR  REEER
ARG SRR EAT LR 0 WA 2018 SFRIMR BB AR Rl AR A R - RN 2018 S
B R R A A E - B L ERER

RO HAER (BR=)
neg | Ngp | K | Q Training phase Testing phase
480 58 10 | 11 2018/2/14 - 2018/10/24 2018/10/25 - 2018/12/28

AEH S E B8 17 Fiw - FARL Rin 8 18-18 21 B - BEMERE
RZAES > A H AR EAR G IR & XL AT - &MBXERPTE R A R R M
ok 10 i THRLEXBATMERGEHERET 4R - HBITERERYIL
B RATHREA 2018 FAT R XA RN T R M ey AHE - A RR -
TR K 11 i » 12 7 Microsoft #) » KB AR 64 48 R T 4870 Lt gk ey -
W LT SR AR ) R R AR ATIR T » AFF RO ST A 2 AR -
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& 10 : kB LR A EFHE (B8R=)

Stock Time period Time interval
Apple (Khuat et al. 2016) 2009-2013 4 years
Alphabet (Khuat et al. 2016) 2014/3-2015/7 16 months

Apple (Darwish & Hilal 2017)

2004/9/13-2005/1/21

about 4 months

Microsoft (Darwish & Hilal 2017) 2011/1/3-2011/12/30 1 years

Microsoft (Siddique et al. 2017) 2006/5-2016/5 10 years

AT&T (Hegazy, Soliman and Salam 2014) 2009/1-2012/1 3 years

k11: EBRER (F%=)
Stock Method Time period RMSE | MAPE | MAE
(symbol)

Wavelet (Khuat et al. 2016) 2009-2013 25.8086 | 0.0452 | 22.2795
ANN (Khuat et al. 2016) 2009-2013 36.6934 | 0.0692 | 33.6165
DABC-ANN (Khuat et al. 2016) 2009-2013 28.5191 | 0.0522 | 25.4332

Apple |PF & C-means (Darwish & Hilal
(AAPL) |2017)

2004/9/13-2015/1/21 -

1.2030 -

ANN-SCNFS (Proposed)

2009-2013 1.3816

0.0146 | 0.8499

ANN-SCNES (Proposed)

2004/9/13-2015/1/21 0.7053

0.0400 | 0.1492

ANN-SCNFS (Proposed)

2018/10/25-2018/12/28 | 5.1157

0.2323 | 4.1965

ANN (Ticknor 2013) 2004/9/13-2005/1/21 = [oo106| -
ggl%c-means (Darwish & Hilal | 561113 5011/1230 | 02528 | - ;

HEA (Siddique ct al. 2017) 2006/5-2016/5 = lo0373| -

VSPSEG (Siddique ct al. 2017) 2006/5-2016/5 = Joo03s1| -

Microsoft |CMS-PSO (Siddique et al. 2017) 2006/5-2016/5 = o030 -
(MSFT) |ANN-BP (Siddique ot al. 2017) 2006/5-2016/5 = [oo0308] -
ANN-PSO (Siddique et al. 2017) 2006/5-2016/5 = [oot00| -

ANN-SCNES (Proposed)

2004/9/13-2005/1/21 1.0079

0.0111 | 0.3078

ANN-SCNFS (Proposed)

2011/1/3-2011/12/30 1.1975

0.0184 | 0.4740

ANN-SCNFS (Proposed) 2006/5-2016/5 1.0426 | 0.0155 | 0.4805
ANN-SCNFS (Proposed) 2018/10/25-2018/12/28 | 2.3440 | 0.0178 | 1.8603
Wavelet (Khuat et al. 2016) 2014/3-2015/7 6.0585 | 0.0083 | 44775
ANN (Khuat et al. 2016) 2014/3-2015/7 6.5841 | 0.0094 | 5.1956
?élg‘g‘g)t DABC-ANN (Khuat et al. 2016) 2014/3-2015/7 5.8324 | 0.0078 | 4.1769
ANN-SCNFS (Proposed) 2014/3-2015/7 57606 | 0.0083 | 44371
ANN-SCNFS (Proposed) 2018/10/25-2018/12/28 | 23.3016 | 0.0175 | 183170
PSO-LS-SVM (Hegazy ctal. 2014)|  2009/1-2012/1 05395 | - -
AgT%T LS-SVM (Hegazy ct al. 2014) 2009/1-2012/1 06836 | - -
NN-BP (Hegazy ct al. 2014) 2009/1-2012/1 06368 | - -
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ANN-SCNFS (Proposed) 2009/1-2012/1 0.3661 | 0.0100 | 0.2691
ANN-SCNEFS (Proposed) 2018/10/25-2018/12/28 | 0.4555 | 0.0121 | 0.3583
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T R#AT S BAZTAR > PR EFR - FAAZTARNRBETTRILE - F
BRERERA 5 AAZZTARNLREABAEY > ATR—FAEMERZTARE
R XAEFFAL Y R © KT % BARTARIR XTI A 4T FAR - XTI A 454y
FR AN A R2PEK B SRLAER_FREAZTARR S BAZTAREM 10 RE
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& 12:2018 SFF# 10 REHLERZ RMSE &R (Fs— > £ HETEA)
DIJIA S&P 500 NASDAQ NYSE
Train Test Train Test Train Test Train Test
186.52 | 380.32 | 19.35 | 41.00 | 69.07 | 153.41 | 79.52 | 148.60
190.22 | 368.09 | 19.94 | 43.70 | 69.75 | 150.44 | 82.66 | 150.33
188.47 | 401.17 | 19.40 | 41.77 | 68.89 | 173.35 | 83.02 | 144.96
188.08 | 381.05 | 19.72 | 39.19 | 71.18 | 156.27 | 80.86 | 152.64
191.71 | 397.23 | 20.66 | 48.33 | 69.53 | 160.47 | 80.93 | 142.28
195.54 | 384.18 | 19.87 | 44.08 | 68.79 | 157.01 | 77.76 | 156.33
193.05 | 401.32 | 19.83 | 47.93 | 68.21 | 137.79 | 82.53 | 150.17
192.05 | 387.17 | 19.98 | 40.40 | 68.09 | 135.06 | 80.23 | 147.46
187.51 | 383.58 | 20.25 | 46.47 | 69.26 | 127.15 | 82.77 | 157.15
187.35 | 356.68 | 20.28 | 46.70 | 68.47 | 156.62 | 82.77 | 157.51
190.05 | 384.08 | 19.93 | 4396 | 69.12 | 150.76 | 81.30 | 150.74
Std. 2.95 14.15 0.40 3.30 0.90 13.69 1.76 5.19

> — Z

% 13:2018 £ F4# 10 REHEZEREZ RMSE &% (= % B42EA])

DIIA S&P 500 NASDAQ NYSE
No. Train Test Train Test Train Test Train Test
1 208.07 | 383.09 | 21.48 | 40.43 | 73.860 | 132.50 | 86.63 | 147.86
2 206.50 | 368.08 | 21.64 | 38.86 | 72.65 | 128.22 | 87.50 | 149.64
3 197.98 | 353.48 | 20.74 | 36.92 | 73.44 | 119.33 | 86.75 | 139.93
4 195.82 | 345.34 | 20.53 | 36.43 | 73.70 | 112.04 | 89.65 | 132.49
5 201.49 | 356.17 | 21.04 | 36.63 | 73.19 | 120.52 | 84.81 | 141.46
6 196.97 | 346.64 | 20.72 | 36.51 | 73.42 | 122.83 | 83.37 | 138.54
7 204.82 | 371.85 | 21.02 | 39.52 | 72.08 | 136.01 | 85.21 | 151.81
8 207.17 | 377.92 | 21.29 | 39.95 | 73.47 | 129.79 | 8591 | 152.73
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9 201.25 | 371.26 | 21.19 | 39.60 | 74.85 | 132.34 | 85.69 | 151.55

10 196.52 | 362.53 | 20.52 | 38.07 | 74.29 | 125.77 | 83.01 | 143.98
Avg. | 201.66 | 363.64 | 21.02 | 38.29 | 73.49 | 12593 | 85.85 | 145.00
Std. 4.73 12.96 0.39 1.57 0.78 7.31 1.95 6.80
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