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Abstract

Purpose — Time series prediction is a challenging issue. Most prediction methods in
literature implement prediction for a single target at a time only. In this paper, our purpose
is to design a novel approach for multi-target simultaneous prediction.

Design/methodology/approach — In this paper, the proposed approach integrate a
convolutional neural networks (CNN) and a novel neural fuzzy system using sphere
complex fuzzy sets (SCFSs). The proposed predictive model, denoted as CNN-SCNFS,
is presented, where SCFSs can produce complex-valued membership degrees, providing
more membership information than conventional fuzzy set can. The SCFS characteristics
can enable the proposed model to bring about multi-output property for applications with
multiple targets. A novel feature selection method is used for selecting useful cross-target
data for the modeling of CNN-SCNFS. In the proposed CNN-SCNFS approach, a CNN
is placed in front of the SCNFS, and the utility of CNN is to accommodate more useful
features and to capture sudden changes of input data to the model. For machine learning,
a hybrid method using the divide-and-conquer principle, called the GD-WOA-RLSE
algorithm, is applied for parameter learning of the model. The Gaussian distribution based
whale optimization algorithm (GD-WOA) hereby presented adapts the parameters of
CNN and of SCFSs in the model while the well-known recursive least squares estimator
(RLSE) updates the parameters of the Takagi-Sugeno consequence layer of the CNN-
SCENS.

*  Corresponding author. Email: jamesli@mgt.ncu.edu.tw
2019/06/21 received; 2019/07/27 revised; 2019/08/23 accepted
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Findings — Several real-world data sets of stock markets are used to test the
proposed approach performing multi-target prediction. The results indicate that the
proposed method has shown prominent performance through comparison with other
methods.

Research limitations/implications — In this study, the setting of proposed CNN
architecture is determined by trial and error which may influent the performance of
prediction. In the future work, we are intended to developed the model based on the input
data to achieve self-organize property.

Practical implications — Currently, data is growing faster than ever before. The data
analysis become more important. If there are multiple targets we want to predict, we can
use the proposed model to predict these targets simultaneously instead of using the model

with single output property.

Originality/value — In this paper, a novel approach for multi-target prediction is
proposed which can well perform prediction for multiple targets in one model

simultaneously.

Keywords: multi-target prediction, sphere complex fuzzy sets, convolution neural
networks, fuzzy inference system, hybrid learning
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¥ BEH B M R E R T IEZ — o BRI RS0 O ik R — AR B HDIE A
BT 0 AT RAGHE R AT AT 0 IR B TR RN A A F 1R 0B XS B B
HARFR 2R > A ETARR SR RAR S EETHEZELNEE > o
ZEAB M ARAR 0 B RSN BUSTE FRIL A H O TAI I o R GG RT R R 7] 5T O
EH B B A R R B AR (Autoregressive conditional heteroscedasticity;
ARCH ) ( Engle 1982 ) + & & ARCH #: 7% ( Generalized ARCH; GARCH )

( Bollerslev 1986 ) ~ B © & % 8 -F 33 &£ A ( Autoregressive moving average;
ARMA ) Fv g & 54 » 45 85 -F 354 A (Autoregressive integrated moving average;
ARIMA ) (Box & Jenkins 1990) % - & %+ H At 71 0942 R A H H 50O R AT
M » 3t B % 46 (Computational intelligence ) Bf & &k & #7 %) A& 69 57 7 ik 3t & A 7
M % L dw A TAb & 44 %% (Artificial neural networks; ANN ) ( Guresen et al.
2011; Kim & Han 2000; Kimoto etal. 1990) + & i# J& #a4¥ £ B 3 3 A 4 (Adaptive
neuro-fuzzy inference system; ANFIS ) ( Atsalakis & Valavanis 2009; Bagheri et al.
2014; Boyacioglu & Avci 2010) » &4 X AEA (Wang et al. 2012; Wei 2016; Zhang
2003) sig & H (Deep learning) 7 % (Fischer & Krauss 2018; Rout et al. 2017,
Selvin et al. 2017 ) % - A » AR B & Koy ANFIS A H 2 p4FFan &
B0 & % RF M FZI TR AL R 6y 7 ik o

AT RITRZAER » RARMIER R RS EBEITHT -  BEMERZRES

WA R R - TS R T RmEIE o BBEMIER A E M
FB AR A B AP - AN CHERTY > BEGERLE —FHAEL

(Process unit) » F#@34R 7 ik - T A G 2 5B AR HAB VT BARME -
SRR B M o Rd o HAMEMIER AH DT 0 A S BRI & SRR
B 5 AEDAREFR Leh3E e o Bt AR TS A BENZ T RAELER R
A R R M A ET » A8 RAF AP & 494 (Convolutional neural
networks; CNN ) EABE# I R AT - CNN E | % & ey 45 #Az ] (Feature
detectors ) » A IMA T EIR T - X BB LS — BN » BB A S ERERK
B 0 &3 J% @ % & A 44 & (Convolutional layer) » #4t/& (Pooling layer) fo 4 ik
3% (Fully-connected layer) #ap% o CNN % AAFEE 9k« e s i RES
S#7 % o Selvin % (2017) 45 & CNN ZAERE 53R A T 0 8440 A B I ZAE KX R
Bl R g AL F T 5 WA L W AR LI B AR A B 45 0 k38 XA 42 4978 (Recurrent
neural networks; RNN) & &4z #i3e1%549% (Long short-term memory; LSTM ) %R
JLEH ik A ERSFHITARIRA
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B & o AR A T H A R e AL B B —IR A A EBH & (Sphere complex
fuzzy sets; SCFSs) (Tu & Li 2019) AR AR & - 1965 F » % (Fuzzy
sets) (Type-1 #£#1%8 ) a9t & & etkdth (Zadeh 1965) - #7MEM % » HMETE
EEBAREENAEEEM0,1] > IR BAHD B EHHEERE - E
%o R X AT R AR - MBUEM E (Complex fuzzy sets; CFSs) (Ramot
et al. 2003; Ramot et al. 2002) Z AR LAEEH Loy sEp - EHBBEME T - TEOH
BARERARBETERGEEEAGRE Y - SBRBGHFBARL  RBBHEIL
Type-1 B4 5 B A Z45 R B A A0 AL - 4 B e84t s (Li & Chiang
2013; Maetal. 2012; Man et al. 2007 ) » FX70 4 B E - A A BAEH) B4R H 2 A
#Z % (Spherical coordinate system ) #9#EA @ e B F AL BA R EHRE - 1
RARGAEME > AR EEMNETENE 5055 A N LR AR+ -
TERA BB S egae ) o

WEFFIREFTE - FRNREL X&KL T % (Gradient descent) 89
f8)1% 9% /% ( Backpropagation; BP) ( Rumelhart et al. 1986 ) » 3% % ik £ R IF % £ &
R FBERGBEENFAEANCEBEROE TS - AN £ FEFHIR
1£4L7% 7% (Derivative-free optimization ) % RIE 5 ¥ ¥ B AZ R HAFEL R A
BFRERSEPHED » X R EH % (Genetic algorithm; GA ) ( Goldberg
1989 ) ~ % F & £ 4L g £ /% (Particle swarm optimization; PSO ) ( Kennedy &
Eberhart 1995 ) WA & %% sx fE 1t 7% 5 7% ( Whale optimization algorithm; WOA )

(Mirjalili & Lewis 2016) % o wyad RARRAMER > JLAAR IR I i 8 A A4 3 R AR
BIRERL B o Bbdh 0 RS R R RAEAL TR B — kAL R 0 BH B & 003kt
/1 (Li&Wu2011; Wuetal. 2015) = B3t - RFFRAER TR KBS S F H L%
HAFRTRIBEAETLEINGR  AASH »H A EHFREILEE X
( Gaussian distribution based whale optimization algorithm; GD-WOA ) (Wang & Li
2019) A% CNN RHRAMBEMEZ S - HXE AR GR P H A4
(Recursive least squares estimator; RLSE ) (Jang & Sun 1997) » i% i 42 1k ] 5%
i HBONA R ARSI S BB ATIRE -

ABEFRY > FREARABITE-BARTAR - KW B o 4res F KA
AL > F TAR BAREIG i > T AR AMRBATTAR > REAE o KR
R —1% BAZFARABA CNN-SCNFS » 4 CNN g3k 7l 38 S 3a4b ¥ 2 %

( Sphere complex neural fuzzy system; SCNFS) » ZEZEFR A A L & FIAF 3
Wi At agiBiE ik (Tu & Li 2017 ) PeiB R A B E N 2458 » IR T | -
R ASRXMELE R A% GD-WOA-RLSE » #5845 fmia 26975 X » 4BILEA 4
oo BARXRFRITRZ T F > S AARBRBIEL AL EFTEAR %8
TR v B ARBS A 5] FAR] o
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R XL peh 3o F > FABMAEH R T & NBRAMEHEHME - RF
AL A OB EE AT RPT IR R RS XA B2 E ks -
E5EMAZEE > BRERFFRITRZ FiEGTARG S - 381 gk 7 kAT
ik o FEEE r’lﬁ’r%i%?%ﬂf?m%z\ oo RIBRL R RZER -

N HEHE
— SRR

RAMEAREERMRLRRBABOMEES - HARALEZ  ZHEH
FHER-BEE THZME5ERET R EMHr - RTAAO > H12A
Qo FHWMH A LRR OB TP ABBA=ZS Eakgt 25 F o A0SR
RARB BRSNS  AEBRENFE TR L2 AME  F—HERS
ARG ET R S BRI  AARFTR T 0 o RIEA SR BB SR

( Gaussian type membership function;GMF ) A Z A » F 42X, » e F X, ¢

r = GMF(h; ¢,0) = exp |- (=57 (1)

6, = GMF'(h; ¢, 0) = exp |- (97| - [ =52 )

6, = GMF"(h;¢,0) = exp | -5 (59?] [0 - 4] ©
65 = GMF" (h; ¢, 0) = exp |- (=97 - | (55D - 1222 @)

Eb o RBMAE chEMARZIFERBMF L oS BN RZFE R
BISLE - BB A AR RAAE  EBAALRANSEFTX A B TRY
EAAEU TR

Uy 7+ sinf, - cos6,
uy| _ |r - sinb, - sinf, (5)
Us T - sinf, - cosfs
Uy 7+ sinf, - sinf;

B PR AMBAL > T R BALE &AM B A > B & B R A M
B GRBAREL WmTFRAFT > LAFj=v-1:
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ji= [M1] _ [u1 +ju2]

) Uz + juy ©)

A HBEM ETRIEDZH AR mARBEGERT  — kAL S
MBIFBALE o AL B B Type-1 Ba#1%E - ARRUE P S 0983 B AN
= 2 BEHFHER

HA S ARFHEROMATHE  BARARBRES KRR IEEFHL
( Candidate feature pool; CP) & B 4% % & (Target set; TS) » 4o F 4B Ff & :

[f1,1 far 0 fiepn tin tan t|TS|,1'|
fiz faz 0 fierlz tiz taa v tirs,2 7)
fis fas v fiees Qs tas vt Yrsys

L v i=12,..,|CP| - |CP| &R EHBME 5 k=12,..,|TS| - |TS| % B 4218
B =12,..,5  SATHEER S £, 5 BUBRBIF G F) A 6,85 K
BTAR BAR 6956 F A o AATHANE S BARAF IR AL D B
FH— YRR

B E R4 (Influence information matrix; 1IM) 524 B & 34% (Shannon
information entropy ) ( Shannon 1948 ) & ¥ # - 3+ A zZ ¥ 3R ( Mutual
information) » £ Z FM > F HAIFM FHHAAEZIHMOBELAE
AL RSB KGR o B A MG ik B K MR A A - o
BT

H(Y) = [ pa()log(—=)dy ®)
H(Y1X) = [ pa(y1x)pa (0)logG——=)dydx ©)
I(X,Y) = H(Y) = Hy (V) (10)

Eob o HONDBMAEBY 2R paO)BREEENAT - Fh y £ 00K
1 H(YIX) A SRR S T LT KU S B 24 3 5 pa(yI) & B
FUXE BN T FHYEEOKRE  pa()EREEEIAT - FHE LY
Hek -

ATER R A TR ST ik AR A 5 R AR
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g:z%iXi%ﬂié’] FJ/):L:'F fﬁ&%i‘ﬁ§iY&i(E’“* s y/{&/ﬁ:'}%% £§ XZ%EI é’]'f'%‘,}f,
T ARG EYEAZTHFR BB REHRYBERTE A EME » FIF
WA R e KTIFF B E TN e FHT ¢

I(X*,Y) = H(Y) — Hy+(Y) (11)
I(X~,Y) = H(Y) — Hy-(Y) (12)
Iy = IQXHY) [ pa()dx + 1X7,Y) [ pa(x)dx (13)

RIFBARE > SAITSHEZEERER AT ABETAERZFEE :

f1 f2 ficpl ty
f1 0 If1—>f2 If1—’f|cp| If1—’fk
f2 If2—>f1 0 Ifz—’f|CP| Ifz—’tk
fice) If|cp|—>f1 If|Cp|—>f2 0 If|cp|—>fk
2 | Itk—>f1 Itk—’fz Itk_’fICPI 0 _

1 BEFRERZ TEE (BMEAR)

WA = PRI

S B AR IR3E 5 (Selection gain) » ZARIEF B FMEATHE - HBIR
B3 AH 5 BB o AR G R A AR B AR ) BB O ( Selected feature pool;
SP) ¥ o BRI H A F ik TR

g(fl - tj) = Ifi—>tj - Rfl-_sp(i) (14)
o i=12.,[CP|;j=12,..,ITS| ; g(fi = ;) &fiHt; 09 BRI G:Ip e, B S
Hioh B BA NS Regpn & fi 3t 5 j 18 2 IR AF B 0 7048 & 30 (Redundant

1nformat10n) iﬁ'ﬁl\'fﬁ'kﬂiéﬁbﬁr B AR T A AR E AR B Y A PR P4
G EAL @S Ja R o

TEE= A CERS R R SRS S

ARG E E—FERE - @R 5 TSR - 7’&#71 ’ iiﬁbiﬁff*i
AHEE — BARMARRIRGY - ARF QAR AR ARL 0 B A

Ko PR ERAF BN AR R ERIE & - KA T Hﬁ%%?ﬁﬁaﬂiﬁ%fiﬁ;
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AR BAERAANESQN Q= {P,k=1.2,..,|2]} 2] & BIE
o AE - AERFH T F T
_ nor($k)
w(Px) = OlLT—Slk (15)
HF o w(Pr) s FREBERFBGEEER  no(Pr) & F BB ERIFH - £
B S IR B t BLe R # (Number of overlapping ) o 482G & a3t H 5 ik 4w
TR

Goum (@) = 5 g (@1 - ) (16)

H A Goum (i) & FABBE IS - HAE AR BRI B 6 pndl o
PR PR B RRRATH

Hid ST EEFRGERIE G o TS AR RO A B ARG A AR
B AT FETA

p(di) = @(Pi) * Gsum (di) 17)
b p(dp) & FRABRRAFSL - HEMBAZGA R TRE - RE - MHARARK

FRAAEZIHHM WS EVHERE  RARKLER M (Final selected feature pool;
FP) M - 5% % BARM BRI R LR - LA |FPAH# -

= ~ CNN-SCNFS Fa:aj12#

A RITRZRA 5 L HEAH S » AT 524 CNN - #3554 SCNFS - AT
% CNN-SCNFS Fa:R| £ R 443 -
(—) CNN %4

BRI B R AR F oy 0 KPR CNN ZBERERR L £ 0 S
HRAE R 4w B br ok Ftanh 0 i B F A [-11] 0 HARKMAZ TR RES
o RBE—RBAAEMEMB2ERRE - BREWEET T

ai,j = f(Z%:l Zﬁ:lwm,nxi+m—1,j+n—1) (18)
—_— 2 _
tanh(z) = —; (19)

Hb o xBMANLERE S Wy BB (Kemel) Fmaey Enf@i £ 5 a;; BHFHE
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oul

(Feature map) 4 %i5) e AT F 5 fAHMERE - 5 BARRBIIER - G454
#e B E/7EM (Reshape) #4247 i+ AfF & CNN A K -
(=) SCNFS %4

&y £+ SCNFS JE &5 F e » LMy ik A B @B M
RFE 0 AERHAEEE 04 B 69 o SCNFS AR A5 EME - B/ T @ 3A
B~ RAAERMER ~ ATSERE  ERALR - BEIERMEE -

WA &AF CNN X3 h1E BRI A 1R T — B o AR A BAEME
ey Fik bt AsrR M Chiu (1994) 32 &89k % » #F % ( Subtractive
clustering) » AR AN BIT A > LB EF P QERALTLE » A tiE 5518
BRSO 57 G B BT L B AR o AR M BB EX B S e TR

fij = Agj(hicij00p) (20)

A i=12,..., M MAEBAMAMEE ; j=1,2,..,|T;|  |T;| & FiEEDHAZ
RHFGERMEE hAEFUERERRAN S ¢ A FHIERRMANF AT S 0,4
FUBREAMAN E AL 5 Ay 5 F AR Iy 64 F B R A A B & 0y 57 B
BB Ly & FEAE R BN 6y 5 AR B AL B R ey B B AL

HARA KA G ~ ERALRE ~ B4R E > LE S 7k AERR
AN REB O P B 8o T 5L T (Cartesian product) H % F4a4 > HF—
AR — I AR o FR e AT R ST A — BRI B R B AL R 64 B
Ve o % 2 B gy 5% % (Firing strength) » 3t HE 7 ik X Q21 ¥ k=12,.., K K
HRAAE ;1B SRR 0 AR AR B R BAE o MK - B
BBy 3R L 0 B AR L m NIERALRE 0 B ) 38 IR B M [0,1] » St ke
X(22) -

> ~(k
g =T, g™ 1)
) _ B

A _Z’k(:lﬁ(") (22)

FeF DR d R o R HBERAZ B ENE T F IR
FEARRIZF o o Bets o B IR AT CRRIE B T ORI N 4o

—r;t:

§ =320 x @® +aPh + - +aPhy (23)
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W REARBEETRAE

A RAERNEEAMEZEEHREE ¢4 GD-WOA A RLSE » 45| & FALA
PR A S8 0 GD-WOA 3l 4keh 53 % CNN 5 E » RERA A O
WMEZISGHHENFT SERTLE - LIk 7R BEAN LY L S HEERH
By RARIL TR - B g F RS B ARS8 RLSE 34key 5% SCNFS 2 1%
B SE R ABEAMARBAL  BITRMEERFAESE  c HEAKRBEET R
HiEZ ek iAAZ 4 B 2 BrF VA F 2 514 GD-WOA & RLSE #) 3t 443 -

Strat

3

GD-WOA CNN-SCNFS
Data set

[ Set the parameters of GD-WOA | (after feature selection)

‘ Do the
Initialize the position randomly forward pass of CNN
of each agent
Calculate the fitness of each agent

=$ Calculate firing strength

Normalization
Exploration phase/

Shrinking encircling
mechanism
Calculate consequent part
Calculate model output

Initialize
Po = al
8y = zeros

Expanding search
Spiral updati H Fpanding sear ‘

‘mechanism

No
Max Iteration ?

2 AKX MR LY =k GD-WOA-RLSE = 742 B

(—) GD-WOA
GD-WOA Z /A WOA #i78 k » ALK L » A RIFHHFRNEBR
o R FREl B egiBAE 5 g AEAEAL R g o 5] R IR & B (Exploration
phase ) » e 4g 3R 424 #] (Shrinking encircling mechanism ) ~ ¥27% ¥ #7432 & ( Spiral
updating position) &% k3% % #+#] (Expanding search mechanism ) o JA F % GD-
WOA v A 4E AL R & 2 43 » HAN KRR > TG AL EZIF Em T

—

=|C * Xyana — Xi()] (24)
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-

X(t+1D) =X,gng—A-D (25)

o X ()5 FRERNFIER LT 5 Kana & § AR TR R D
B ABFERALE  ALBEE AR A2, 210 B M N B E K
PR K M R B AR AN 0 o CRIZ A0, 2] 09 AR AL B - HAA MR LAk 4] » B 783
G EZ HFiEm TR

D' = C - Xgauss — Xi(D) (26)
Xi(t+1) =X"+A D"+ Dgoou (27)

Hod o Kouss BARE T RILRAEZ 6 645 F &P 25 505 0 AP R A b —
B#42 E 5 Dgooa RABFF RR KX EALE » Av LIEMALBUE 4 69 —BH 12
BN AEMBTRESLNEEN T - BRI G ER RHGELE
Z FiEm TR

D" = I)?gauss - )?l(t)l (28)
Xi(t+1)=X"+D"eb - cos(2ml) + Dgooa (29)

R b — BT ARTEIR BRI ; LA N1, 1] Megile - B
B IG RIS e sk A T YRR o NI IR RIL A MH B HTGREMMEZ S
Fm TR L Ea— B0, 1] 69 KA AL E ¢

— 6 - -
D" = (1 + g) ) (Xgauss - Xi(t)) (30)
X;(t+1) = X;(t) + D" (31)

(=) RLSE
¥ Sl RLSE A & d 00 F & 38 ki 7 o ficip it

Piak+13541Pk
1+aTPya (32)
_ T
Orr1 = 0O + Prpgap 1 (Vi1 — ax410y)

Piy1 =P —

Ho o ash—EmXnigg 4R 04 —En X 195 H 4" yih—Em X 165 B
ZiEE o fe{# ) RLSE A7 » 0B T MIEH0 AP, » Og—1E22% 0 tdnXm
ek > Pot T hal » al— B4R E ROGIERL 5 [ & F150461E o
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5 BREFRER

AT BB b ) 2 2% & Intel Core i7-4900MQ ~ 8GB RAM #4 £ % T A -
A #k8e & Matlab 2018b » A =B E 5 - B — 2%k SCNFS Z 5] CNN-
SCNFS %484l » 47 % BARTAR] » £ RBRE CNN 89w A A BT F a9 B A 22 4
HEATARARNZHE - B _RAEWR=24%BRTAR > TR _ALEERGSH
R ETIGEEAEL AR BERZARNKERGOERETIHHERIELBIE - £
BB A A B R - AR L S BARM AL Ly T AT ATRBAIRE ) o
EERATRY > HFEETREEMEFT TR I AHREZMBERF > wA
{8 1% Uk #8442 49 7% ( Backpropagation neural network; BPNN) £ % &% 5 ik 31 4k 2 A
RER GG b R RSB ERXR R AMAFRR B kAL (R RATRZ
BARR S HZF L 45 BPNN % 50) o itk » RISKEAR60E B & R P40 Uk b
B ERA M EE T o

B Bx A At R4 Yahoo Finance 4% » B — B RO 2 MBEE  R&E  RIK
18 BB F A A4 o B €45 A 447 — B £ o (Differencing ) R iEF| 4% &
(Stationarity ) » 2 % iE ek By 89 AL - AR E R K L o A AR E H 2 k4
ZFEEZ0M  RBREE RS E - REMEZRBEBEGRERZ - FLHIA
A #ME =+ —FRBEEENL > EATAR B AR/ -

EMBEFRALFNZE T E  kRRESL 100 R FeaHTSL 30 &
BPNN Z 3|4k 7 ik B4R B Lt ay=t B R E o R REZE S 3000 - £ H 15412 A5 4%
3 7 3% % (Root mean square error; RMSE) » & H A& & viF > TR KTFAER &R A
B LER_F A AN LA T AR T L H% £ (Mean absolute
error; MAE ) » 354 #1183k £ £ (Mean absolute percentage error; MAPE ) & -F35
T 5 AR ' ik £ (Root mean square percentage; RMSPE ) sk f & 4 Al & 3],= 3¢
f& o -+ » MAE - MAPE &% RMSPE MA@ /N 6F » TR ERTARI Y& R HERE - &
AR E SR T By, BRI E T AR 9,5 FIEHRA 2 S d{E

RMSE = /21<+—y>2 (33)

n
n |Yi=¥i
=1 Vi
MAPE = l (35)
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(36)

— A Y %l%&"

T —egTaR B A2 % 2000 £ £ 2004 4 & 3 hmtE iR 1% 35 # (Taiwan Stock
Exchange Capitalization Weighted Stock Index; TAIEX ) Z jx#2/F4% » FHE R T
R 1 Frw - KERATHEFERYRZBEETEBAAZTER - ok 2 Br7] 0 L
CNN(L,U)yX %% CNN Z#A L BRE5ME » /A U BEME 2B S
2X 20 o FHPHERETAARAZILFZMMER 3 POk F ik » 1S
BT AR o

R R (FR—)

Daaset | Datasize originah) | g AR T v Toay
TAIEX (2000) 246" 172/ 43/ 215 80/ 20
TAIEX (2001) 245 171/ 43/ 214 80/ 20
TAIEX (2002) 248 171/ 43/ 214 80/ 20
TAIEX (2003) 249 174/ 44/ 218 80/ 20
TAIEX (2004) 250 175/ 45/ 219 80/ 20

" Yahoo Finance $2 4t 2 A #t £ ¥ » TR H A % 271 X -

&2 RREAZFAR A S BelekeFH] (RMSE) (B #4520 4))

Method 2000 2001 2002 2003 2004 | Average
Best 144.76 | 113.53 | 61.75 | 50.06 | 58.64 85.75
Worst 176.85 | 127.10 | 76.96 | 58.56 | 72.14 | 102.32

BPNN Mean 158.97 | 119.84 | 68.40 | 54.43 | 66.51 93.63
Std 8.97 3.99 4.36 2.40 3.66 4.68
CPU time (s)| 0.0002 | 0.0004 | 0.0002 | 0.0003 | 0.0004 | 0.0003
Best 142.03 | 114.37 | 59.60 | 54.72 | 57.09 85.56

SCNFS Worst 254.12 | 114.38 | 105.76 | 88.92 | 71.94 | 127.02
Mean 161.34 | 114.37 | 67.51 | 63.66 | 60.39 | 93.45
Std 24.72 0.00 10.51 8.01 3.33 9.31
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CPU time (s)| 6.1147 | 6.0905 | 6.4913 | 6.1603 | 6.3012 | 6.2316
Best 144.18 | 109.63 | 61.10 | 50.78 | 55.59 | 84.26
Worst 168.18 | 121.90 | 75.42 | 61.31 | 78.12 | 100.99
CNNCL -1 an 152.35 | 11649 | 69.09 | 53.94 | 63.45 | 91.06
Std 6.15 3.67 | 311 | 258 | 444 | 3.99
CPU time (s)| 7.5377 | 6.9528 | 7.2746 | 7.0062 | 7.0109 | 7.1564
Best 140.52 | 111.18 | 62.07 | 50.64 | 56.49 | 84.18
2 Worst 166.32 | 123.96 | 71.71 | 59.40 | 70.49 | 98.38
NN(1,2)-
SCNpg  [Mean 151.65 | 11741 | 68.13 | 5441 | 62.95 | 90.91
Std 730 | 295 | 294 | 2.14 | 402 | 3.87
CPU time (s)| 8.4286 | 7.6844 | 7.6080 | 7.5773 | 7.4383 | 7.7473
Best 143.17 | 105.52 | 60.92 | 50.82 | 55.73 | 83.23
Worst 171.20 | 126.47 | 71.58 | 61.89 | 69.22 | 100.07
CNNCL3)- T 152.61 | 115.65 | 66.09 | 56.08 | 62.79 | 90.64
SCNES : . . : : .
Std 808 | 493 | 259 | 3.19 | 329 | 442
CPU time (s)| 8.6936 | 9.2970 | 8.9646 | 8.6663 | 8.8607 | 8.8964
Best 139.18 | 107.41 | 61.38 | 50.59 | 5247 | 8221
Worst 171.87 | 124.36 | 74.40 | 57.09 | 70.83 | 99.71
CNNE, D)~ T can 15537 | 11633 | 68.73 | 53.34 | 63.74 | 91.50
Std 6.76 | 466 | 289 | 1.72 | 410 | 4.03
CPU time (s)| 7.7065 | 7.5183 | 7.1117 | 7.5714 | 7.2051 | 7.4226
Best 139.02 | 110.05 | 63.40 | 52.17 | 58.58 | 84.64
CNNC2) Worst 166.48 | 123.40 | 78.31 | 63.92 | 75.26 | 101.47
NN(2,2)-
SCNpg  [Mean 150.62 | 116.12 | 70.05 | 55.68 | 6525 | 91.54
Std 7.53 285 | 396 | 292 | 429 | 431
CPU time (s)| 8.0105 | 8.1007 | 8.1835 | 8.4964 | 8.1241 | 8.1830
Best 135.97 | 109.21 | 62.98 | 4891 | 57.52 | 82.92
CNNG) Worst 165.12 | 129.35 | 76.57 | 68.31 | 76.83 | 103.24
NN(2,3)-
SCNPs  [Mean 15422 | 117.61 | 68.20 | 54.91 | 64.11 | 91.81
Std 748 | 510 | 323 | 400 | 425 | 481
CPU time (s)| 8.2566 | 8.8840 | 8.7596 | 8.2744 | 8.3059 | 8.4961
CNN(3,1)- [Best 138.12 | 11044 | 61.20 | 50.92 | 53.81 | 82.90
SCNFS  |Worst 167.75 | 128.25 | 70.18 | 58.73 | 69.28 | 98.84
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Mean 151.50 | 117.48 | 66.78 | 53.51 | 60.75 90.00
Std 8.02 4.50 2.14 2.22 3.77 4.13
CPU time (s)| 7.3503 | 7.6008 | 7.4241 | 7.5957 | 7.3381 | 7.4618
Best 126.34 | 108.47 | 59.40 | 49.74 | 53.94 79.58
CNN(3,2)- Worst 166.06 | 12498 | 75.09 | 63.17 | 83.61 | 102.58
SCNFS  |Mean 153.28 | 115.73 | 69.34 | 5592 | 64.05 91.66
(proposed)  (std 9.00 4.88 3.53 3.31 6.74 5.49
CPU time (s)| 8.3723 | 7.8009 | 8.8033 | 8.2972 | 8.1944 | 8.2936
Best 136.70 | 108.36 | 60.58 | 50.55 | 52.89 81.82
Worst 183.40 | 122.31 | 76.99 | 60.36 | 80.93 | 104.80
CNNG,3)- Mean 158.46 | 116.20 | 68.48 | 55.05 | 63.70 | 92.38
SCNFS
Std 10.22 4.12 4.22 2.30 6.80 5.53
CPU time (s)| 9.0506 | 9.4201 | 9.1487 | 9.3922 | 8.9193 | 9.1862
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TAIEX (2002) TAIEX (2002)
6500 ining | Testing | 200
ase | phase
6000 0 \ ‘
ﬂ:; “ ﬂ ” ‘\ ‘ “‘ ’\ ’
g 50 &, H‘ | ‘H‘ m ‘ ‘H“ | |~ N‘\H‘H ‘\T
; Hu \\Hh ! ‘W\ 1[4
9 g 0 # | \‘ ‘
8 5000 Ermo H \
4500 w‘f\ﬁ\% il ’ ) ‘
200 - Training | Testing
phase | phase
4000 | Forecas ini
50 100 150 200 20 60 8 100 120 140 160 180 200 220 240
Trading date index Trading date index
5t BRATAMNERERE (K —) (TAIEX-2002)
TAIEX (2003) TAIEX (2003)
6200 150 \
5600
5°HHM’ HMHMH “”U‘M‘r" | H“” | “‘m
5200 20 ‘ “‘ ‘\ ‘H‘ “‘U \“” '\‘H”‘ ‘ HH M‘U, “\ M
1 ‘H| [ M wv
4800 o \‘ 1 \‘ h ‘H ” H /
4600 10 ‘
4400 4150 — T;::‘Zg Tph‘ N
4200
P redngsaende o e nden
6 : BAFARERARE (Fi—) (TAIEX-2003)
TAIEX (2004) TAIEX (2004)
7000 ining | Testing 300 -
ase | phase
6800 200
6600 ﬁ W
100
° 8 5 L fon
QZZZ y ; of w ‘ HU ﬁ" ﬁ” MN ” “ ««\\,‘,‘ i
8 ] \
© 6000 B 100 -
i U V |
il {J 2001 inln Testing
5600 - o phas:
5400 - | Fur:::t inin cast(
P redngsateinae o e
7 ARG RERE (FR—) (TAIEX-2004)
k3 ERAENRALEK (E%—) (RMSE)
Method 2000 | 2001 | 2002 | 2003 | 2004 | Average

Chen(1996)

176.00

148.00

101.00

74.00

84.00

116.60

Huarng(2001)

152.00

130.00

84.00

56.00

116.00

107.60

Huarng et al.(2007)

154.42

124.02

93.48

65.51

72.35

101.96
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Yu and Huarng(2008) 131.00 | 130.00 | 80.00 |58.00| 67.00 | 93.20
Chen and Chang(2010) 129.42 | 113.33 | 66.82 |53.51| 60.48 | 84.71
Chen and Chen(2011) 123.62 | 115.33 | 71.01 |58.06| 57.73 | 85.15
Chen et al.(2012) 119.98 | 114.47 | 67.17 |52.49| 52.27 | 81.28
Chen et al.(2013) 131.25 | 112.55 | 65.77 |52.23 | 54.17 | 83.19
Egrioglu et al.(2013) 255.00 | 130.00 | 84.00 [56.00|116.00 | 128.20
Chen and Chen(2015) 124.52 | 114.66 | 64.71 |52.84| 52.96 | 81.94
Cai et al.(2015) 131.53 | 112.59| 60.33 |51.54| 50.33 | 81.26
Cheng et al.(2016) 125.62 | 113.04 | 62.94 |51.46| 54.25 | 81.46
Ye et al.(2016) 12542 | 113.22 | 63.99 [52.99| 52.40 | 84.88
Cai et al.(2013) 126.68 | 115.79 | 65.56 |57.40| 56.10 | 87.38
Yolcu and Alpaslan(2018) 113.38 | 110.89 | 58.68 [50.07 | 51.60 | 76.92
BPNN 144.76 | 113.53 | 61.75 |50.06 | 58.64 | 85.75
CNN(3,2)-SCNFS (proposed) 126.34 | 108.47 | 59.40 (49.74| 53.94 | 79.58

- -
= Bk=

S _TAR B2 A 2006 -4 A 12 A £ 2010 54 A 1 AL & &R 55
(Bovespa Index; BVSP) # B Z Jx #5185 # > & 8 2006 3 A 13 B £ 2010 54 A
1 Bk A &-F3535# (Tokyo Nikkei-225 Index; Nikkei) 4 B Z dx 821545 » BB I
B Kao % (2013) %2 MAMHELR B EHFLARXTHE Wk 4 P17 - B

8 KA FAR A RILIRE -

2% ik (Kao et al. 2013) = BBy 7 & 64 to b

k625 -
R4 ERE (FR=)
. Data pairs o :
Data set E)iitaiflljle) (Training/ Test/ Ratl((;,r(ﬁzigf/d;i galrs
g Total) &
BVSP (2006/4/12 ~2010/4/1)
1000 769/ 200/ 969 79/ 21

N225 (2006/3/13 ~2010/4/1)
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8: MATARLERMBZZE (FR=)

%5 A RBR T EZTAAERRL (FHR =)

.........

BVSP

Nikkei 225

RMSE

MAE

MAPE

RMSPE

RMSE

MAE

MAPE

RMSPE

Best

874.4982

647.6479

1.049%

1.426%

135.5853

103.8964

1.026%

1.346%

Worst

908.8371

684.9844

1.113%

1.484%

142.5481

115.6294

1.142%

1.414%

Mean

892.4666

660.1552

1.070%

1.456%

135.1342

106.8471

1.055%

1.340%

Std

10.4514

11.6460

0.020%

0.018%

2.6661

2.9252

0.029%

0.027%

£ 61 KOFRAEHZ ikt BPNN ol b Bkt (F%=) (WM Bk : 4)

Method

BVSP

Nikkei 225

BPNN

0.0012

0.0015

CNN(3,2)-SCNFS

31.2560*

ABFRATIEZ ik (—ERAE A R B AZEATTAR] ) 0 KA T E — sk AFH o

%7 FAEREAFANERLE (FHR)

Method

BVSP

Nikkei 225

RMSE

MAE

MAPE

RMSPE

RMSE

MAE

MAPE

RMSPE

ARIMA

882.0765

652.8783

1.072%

1.439%

140.3164

111.2556

1.130%

1.380%

SVR

880.0151

649.6584

1.053%

1436%

137.6541

109.3261

1.081%

1.368%

ANFIS

882.0765

651.6157

1.057%

1.437%

135.5629

107.6568

1.066%

1.352%

Wavelet-
SVR

878.7561

642.7191

1.044%

1.430%

133.2766

104.8005

1.014%

1.321%

Wavelet-
MARS

881.0468

651.4920

1.055%

1.437%

138.8247

110.5228

1.093%

1.381%
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Wavelet-

MARS- [876.9092(641.1467(1.043%1.428%(132.3721|103.4128(1.012%1.303%
SVR

BPNN (890.4214(669.6366|1.086%|1.451%{13&8.4238(108.2607[1.071%|1.377%
CNN(3,2)-
SCNFS*
CARBFRPTIEZ ik (—BREA B B A 4B B AZEATTRA]) o

874.4982(647.6479|1.049% |1.426%(135.5853]|103.8964|1.026% | 1.346%

= F%B=

FTEr=097aR B 4224 1995 £ % 1999 = 183§ T ¥ 35 # (Dow Jones Industrial
Average; DJIA ) ~ ZR 37 i % 4% 635 ¥ (National Association of Securities Dealers
Automated Quotations; NASDAQ ) ~ #Z# &£ 500 #53# ( Standard & Poor's 500;
S&P500) & £ B & m-F L5235 ¥ (PHLX Semiconductor Sector Index; SOX) = 4%
BAEH KR8 AHEAFERE - kKt KA 1 POy F AL -

. Data pairs Ratio (%) of
Data size . .
Data set (original) ( Training/ Test/|  data pairs
& Total ) (Training/ Test)
DIJI, NASDAQ, S&P500, SOX (1995) 252 177/ 44/ 221 80/ 20
DIJI, NASDAQ, S&P500, SOX (1996) 254 178/ 45/ 223 80/ 20
DIJI, NASDAQ, S&P500, SOX (1997) 253 178/ 44/ 222 80/ 20
DIJI, NASDAQ, S&P500, SOX (1998) 252 177/ 44/ 221 80/ 20
DJI, NASDAQ, S&P500, SOX (1999) 252 177/ 44/ 221 80/ 20

(9 Kkt rExmER &R (E% =) (RMSE)

Stock 1995 1996 1997 1998 1999 | Average
Best 29.23 43.14 80.75 89.75 79.74 | 64.522

Worst 31.75 49.54 99.37 | 103.42 | 104.54 | 77.724

bl Mean 29.98 47.43 88.61 98.07 92.09 | 71.236
Std 0.89 1.40 4.74 4.11 5.95 3.418

NASDAQ Best 10.01 9.99 19.81 28.60 48.96 | 23.474
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Worst 11.06 10.29 22.93 32.01 51.18 | 25.494

Mean 10.71 10.13 21.79 30.05 51.06 | 24.748

Std 0.30 0.27 2.14 1.14 1.53 1.076

Best 3.13 5.08 9.66 12.30 10.40 8.114

S&P500 Worst 3.46 6.45 11.85 15.70 12.57 | 10.006
Mean 3.30 5.57 10.55 13.38 11.70 8.900

Std 0.12 0.25 0.62 0.72 0.64 0.470

Best 6.05 4.48 9.19 7.33 16.32 8.674

Worst 6.78 6.02 10.27 8.35 17.86 9.856

SOX Mean 6.57 4.51 9.50 7.59 17.00 9.034
Std 0.24 0.37 0.23 0.25 0.36 0.290

%10 : R#FRIL = 7% BPNN @934k nspl b (B =) (BB 24 0 #)

Method Stock 1995 1996 1997 1998 1999 | Average
DJI 0.0005 | 0.0005 | 0.0004 | 0.0004 | 0.0004 | 0.0004
BPNN NASDAQ | 0.0004 | 0.0004 | 0.0004 | 0.0004 | 0.0005 | 0.0004
S&P500 | 0.0004 | 0.0004 | 0.0004 | 0.0004 | 0.0004 | 0.0004
SOX 0.0004 | 0.0004 | 0.0004 | 0.0004 | 0.0004 | 0.0004
CSI\(I:NN(E’S? 4 targets | 14.0548 | 15.3140 | 14.3327 | 14.0279 | 14.1888 | 14.3836
TRBFR PR Z ik (—BRLA B B4t ve 8 B AZEATTRR] ) SEE T B — 4R o
k11 geAFEa &R (F% =) (RMSE)
Stock Method 1995 | 1996 | 1997 | 1998 | 1999 |Average
Ye et al.(2016) 3098 | 47.83 | 79.14 | 91.66 | 84.26 | 66.774
Cai et al.(2013) 30.93 | 46.89 | 82.60 | 94.51 | 82.09 | 67.404
Cai et al.(2015) 32.43 | 46.73 | 84.01 | 96.46 | 87.68 | 69.462
DI LR(Tu & Li, 2019) 3097 | 47.4 | 83.53 | 93.02 | 80.97 | 67.177
SVM(Tu & Li,2019) | 31.14 | 49.51 | 85.14 | 94.79 | 85.75 | 69.264
SCFS(Tu & Li, 2019) | 30.25 | 44.53 | 82.19 | 92.25 | 79.27 | 65.858
BPNN 31.14 | 44.20 | 80.72 | 95.84 | 79.50 | 66.280
CNN(3,2)-SCNFS* 29.23 | 43.14 | 80.75 | 89.75 | 79.74 | 64.522
NASDAQ|Ye et al.(2016) 10.54 | 9.76 | 22.86 | 21.07 | 45.41 | 21.928
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Cai et al.(2013) 10.87 | 11.21 | 20.64 | 31.23 | 49.27 | 24.644
Cai et al.(2015) 11.58 | 9.64 | 18.44 | 29.68 | 46.65 | 23.198
LR(Tu & Li, 2019) 11.11 | 9.56 | 19.69 | 31.39 | 48.10 | 23.969
SVM(Tu & Li,2019) | 11.12 | 9.64 | 20.02 | 30.45 | 47.63 | 23.774
SCFS(Tu & L1,2019) | 10.82 | 9.69 | 18.93 | 30.87 | 48.69 | 23.800

BPNN 10.71 | 9.17 | 20.84 | 31.65 | 48.11 | 24.096
CNN(3,2)-SCNFS* 10.01 | 999 | 19.81 | 28.60 | 48.96 | 23.474
Ye et al.(2016) 2.73 6.80 | 1044 | 11.44 | 9.50 | 8.182
Cai et al.(2013) 3.67 564 | 9.64 | 13.04 | 11.38 | 8.674
Cai et al.(2015) 3.48 5.70 | 10.12 | 13.56 | 10.87 | 8.746

LR(Tu & Li, 2019) 3.36 5.66 9.99 | 12.89 | 1040 | 8.457
SVM(Tu & Li, 2019) | 3.37 5.87 | 10.08 | 12.99 | 10.56 | 8.572
SCFS(Tu & Li, 2019) | 3.30 5.29 9.86 13.40 | 10.23 | 8.416
BPNN 3.26 5.38 9.65 14.46 | 11.05 | 8.760
CNN(3,2)-SCNFS* 3.13 5.08 9.66 | 12.30 | 1040 | 8.114
LR(Tu & Li, 2019) 6.68 4.68 9.10 | 16.10 | 16.37 | 10.587
SVM(Tu & Li, 2019) 6.68 4.85 990 | 15.81 | 16.67 | 10.784
SOX |SCFS(Tu & Li, 2019) | 6.73 4.72 9.10 16.43 | 16.68 | 10.732
BPNN 6.96 4.36 9.56 7.40 | 15.30 | 8.716
CNN(3,2)-SCNFS* 6.05 4.48 9.19 7.33 16.32 | 8.674
*ERFRATRZ ik (— AR F 4 H v (B B AR AT AR -

S&P500

W R

B B T8 AR RPTARZ T iR AR MBS AER BPNN - KA 48 A B R AL $ £
R # % (Wilcoxon Signed-Rank Test) R it /78] » %A & & ¥ %432 R Frank
Wilcoxon A3t » & &EFE &%t ik > RARNEHARLR —BEE ey 5k
RBITARER © T T HHERHAELRBA » EFARNRAZRGFAREZ— - %k
12 2% 14 4R =@ » K RATIRZ % CNN(3,2)-SCNFS 2 BPNN &
ZFREHRER (RMSE) A z 4% » #3551 4 p-value

WA R B RTTIEE] - £ KR —0y 2001 5F ~ 2004 SF & 7135 TAIEX 2 &
FHEE - bR REUT AR ik BPNN ABa% £ R - A TR
WMEERY BB TAFTRATIRZ k% BPNN A% £ % BERFIRITRZ
7 %1 BVSP & Nikkei 225 #4788 &k H L > 457 BPNN - & BB = a9 —+HEE
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P A+ EEHERETHERAGTANER  ARFEL AwEEHY A
ER R LR Y - WA A A NASDAQ & S&P500 F#t4Eey7am R #, - A8
FER AL KRR T HANKEZIFARMAL  HAKERA -

% 12 : Wilcoxon Signed-Rank Test = # &% (T —)

Stock 2000 2001 2002 2003 2004 Average
TAIEX | -1.568(.058) | -2.837%(.002) | -1.120(.131) | -0.746(.226) | -2.426%(.007) | -2.427%(.015)
*p-value < 0.05 -
% 13 : Wilcoxon Signed-Rank Test = #rc &% (B —
Stock
BVSP -3.509%(.000)
Nikkei 225 -3.919%(.000)
*p-value < 0.05 -
% 14 : Wilcoxon Signed-Rank Test = #r € &£ (B =
Stock 1995 1996 1997 1998 1999 Average
DIl |-3.920%(.000) | -1.904%(.028) | -1.867*(.030) | -0.410(.340) | -0.485(312) | -0.971(.332)
NASDAQ |-2.800%(.002) | -2.277*(.011) | -0.448(.326) |-3.883%(.000) | -1.307(.095) | -3.248*(.001)
S&P 500 | -2.352%(.009) | -0.634(.264) | -1.306(.095) | -3.883%(.000) | -1.045(.147) |-2.987*(.002)
SOX | -3.920%(.000) | -3.024%(.001) | -3.285%(.000) | -1.008(.156) | -3.920%(.000) | -0.224(.826)

*p-value < 0.05 -

B TRERERG

AU I E — AR TER ik — S F A RR A AL BB B o BRA AL BB
EWAR G ER F R DL RN R EAREGEEAEE > TENKSUER
TR o RARM LR AARMEHZ AL L ERATRESTKAEL Z B K
AT S AARTAR] o AR EFENRA AT > BT % BARFHGER - E R HFARA
BRAFDENZAFRAELBERIAN - Rin > i85 A MAHAREMIER A2 5
GEHINRIBAEITZ S EE > STARFM e - B RFFRAF CNN fue ABEA
¥ BB ENE A DEN AN BEANFR BRI ERA A
Hal o EMBLEYE Hikra ARG MESE % GD-WOA 34k CNN &y
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MEFRKRAEEEHE S ¥ ; RLSE 4B 48 - BB mbEZ
Fo RTRIRVEINELE LA AR S EZIERE LA TRGEME A&
MO E ok BB E R R o ARt 0 KRBT AR E BAZR e B H R
FIFARESR > M LEBAZ ZAEwEE - FRERBET > AFRAIRZF
R ARFE 52 TR B A RATRRE o

Bh—&FEARTAR - A EHRHES R E 2000 F2 2004 F 0 L7 F2
TAIEX &#t o #&k 2 69 EBRERTIEE - AR F) CNN-SCNFS A = F8A] 4
71 % b SCNFS R4F » B8~ Am A CNN Z2 4875 SCNES » 3R FH A oy FARI 4 77 - 3t
AT CNN 24 > AR ¥ EH & » &H =& B & 2 CNN-SCNFS » Hx
#£ RMSE % 79.58 » #3 W )& % 4% )& = CNN-SCNFS #4 82.20 % — & % 4% /& % CNN-
SCNFS # 83.23 4% - 28877 » % /& CNN AR AEA s E Bk 0 3 IHBEAL e TR AR
7 ARG E ST > Bl EKEIAREZRRA] o b o B R R R
BRI g » CNN(3,2)-SCNFS Z FAA R Bkt » AFARGRARZE 3 28 7 AT
T o Bk 0 B TR YL CNN(3,2)-SCNFS £ 2 8 f 4t STk 7 ik B 2 AR o
k3 o AR B AT 0 REFRATIRZ ik R BN % Hobs oy
i% > ¥ Yolcu ¥ Alpaslan (2018) # 2 7i% @ BlA A E HTER LA - FBETHR
— 0 RBFRPTIRZ T iF oy R TAT A7 2 B0 0 BB » LB im AN CNN 4245 » 4
RHBAFARIFES -

TR _ATR=ZZBWLRERAT Z AIZTARRS - BER LT BIRAE
B o > %lvA BVSP & Nikkei 225 /E 5 TR B4Z - # 8 8 a4 Ria-T » AT RPTIR
ZHEAEBARTAR L RAEA RIFHTARIR A - K 5 TEBRED - #H#
BVSP » K#F % FT#e2 #ik4 RMSE & RMSPE 898 R H L - 1B PFH IR F
% o #5h Nikkei 225 » REF RATIRZ 7 ik #4247 7% ARIMA » SVR » ANFIS >
MAMRES T EAL > LA AEO R - TR=5W BIZFEA] » 5 %] DIJA
NASDAQ - S&P500 & SOX i#47FA#] © & BAZ#IRIF £ v B A2 » B A B4R 4
RIFOHTARIAE S - R T W ERERBAT KRR FXERLSFHFHERR
L+ > R NASDAQ % » %485 X478 — BARTAR a9 A o #50 Tu #2 Li (2019)
ey % BARFARBA SCFS» AHFRATRZ F HAWBERENFHERRL ¥
BALREZ Fik -
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