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Abstract

This study aims to enhance prediction of trends on TAIEX with
ensemble learning. As the input, several technical indicators are
selected to train the model. To increase diversity of ensemble model, we
used three heterogeneous models (logistic regression, random forest,
support vector machine) instead of homogeneous models as component
learners. Besides, depends on characteristic of component learners,
different methods of feature selection are applied to increase the
quality of data. To evaluate performance of ensemble models, we used
single classifier models as benchmark models, and we found that
accuracy of ensemble models is higher than single models. Especially in
long-term case, the improvement of ensemble learning is more

significant.

Keywords: Ensemble Learning, Logistic Regression, Random Forest,

Support Vector Machine, TAIEX, Stock Trend Prediction
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B 484%, MFL /)24 20
PR T AGAE
. REMAt == EMA(Ht - Lt, 10)
Rk #5412 FHSKAR 25 H
R IR B AE AR TH 5 KA8 £ 245 . _REMAt—REMAt_lo
Cv . ‘T REMA_q
(Chaikin BE-FIE, AT
x 100
Volatility, CV) AR kB CV, & {0,otherwise
1, CV,>0
CV_Signal CV /v 0 B 4 H i 3R

o
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. . U = max(C; — C;—4,0)
F8 H3& 55 45 # FEAT— G P b
Ti& 3545 AT —X S 7 D, = max(C,_, — C,, 0)
(Relati HORCARAR Edk. Tk EMA(U,, 10)
t AR _E ik =
RST cane s b t = EMA(D,, 10)
. i s 100
Strength Index, W E, aRles Ui RSI; = 100 — 1+ RS,
RSI) D, it RS E4E 0
{0, otherwise
1, RSI, > 80
#2100 2 B, & RSI
RSI_Signall
KA 80 %48 H 3%,
RSI /v 20 A 44 & {0, otherwise
RSI_Signal? 1 RSl <20
HIE o
ol 1o 5> o _ Ct — HH 40
W TR G AEBE10RZ %S | WPR, = x 100
HHt,lO - LLt,lO
(William’s 1B VA BOCHRAR
WPR
%R) RS SRR £
RN . . TRL; = min(Ci_4, L)
"5 H B | HAAE D RS8R
BAE S ES | HEED RSRER TRH, = max(C,_, Hy)
(Williams KAB WGt Bksa | If C. > Coq:
. . . ADt == Ct - TRLt
Accumulation / | BARRAR 1L, Ui
WAD If C, <Cpq:
Distribution BALAR B, w IR
)| ERAR, ERAET AD, = C, — TRH.
% H AD LikmF A H If Co=0Ceq:
I, F AR LR Abe =0
A WAD, = WAD,_, + AD,
) 0, otherwise
AD_Signall {1, C, < C,_,&WAD, > WAD,_,
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AD_Signal2

HAD Tk A &k

Ik

0,
{1, C, > C,_,&WAD, < WAD,_,

otherwise

(=

(g

)

FARAT &

A6 B AR A Rk A 5 FA A,

B TS BAES AR A AR — 5, Ak

1% R AT AR F BT 3 69 7 a3 A4, 18 A AT 50 F RTS8 BRR

VAE A A A 3

H AT — 1 F A A L B

HA TR GRSk M2

)

LR

BALMEE R — 09 RIRE, 3038 o S5 AR R 49 7T bk,

Y&, ALK T

I
X = X — Xg—1

b, x AZERE ¢ BBAAH R

5 PR — 1L

W& FE R,

VAFH R AT AR AR % B M 3,

, AREFTF A T AR, HEAFARRRA, HHE

I kR RAR & 1K

7 ) B 6 R AR A R AR AR RO AR A AR AR g i

RERBRFEG GG XY EEAIREER, BALA T RS

5 O — 10K A 89K

Mg X, SHIRETAHORXARDMEMEHERBE-1821 2

FEﬁ o

gr— X4 T

x; —min(x")

sDy =

max(x’) — min(x’)

X = SD¢' x (1= (=) + (-1

22
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EF, xiAZERE B ISME I, min(x) A ZE B R0
18, max(x) % Z%% B K KME.
() BREHETE
AR RFTZ AL THAF  FRAMEL, KBS B EO-FHLK

BABERASD PR ARKBRML AT L3R, AKX ERE T

iomal — {o, if EMA(C, 3) = EMA(C,x,3)
YT, if EMA(C,3) < EMA(Cpyy, 3)

F =9 HEEdR

g R R HEATIREE, BT 2F BRI, FH T HABR K
B EAABRYESN, & HAEIK%EGIFIE, #H# R [Garbage-in, garbage-
out] B ELEYHNRE, B ISFEANRERITZ,

ABRP, STHES A @ FEER AR, 1572 T I8 84 R AR T
Boruta 3% x4 A 45 AR F X, WP R R EZHE I, AR ERE
HoE, A EAEA TR A BAANE ik, W R YA SR, RAE
BT AR

(—) &HHan
SEHREL S AT, LR Y SRR 00 AR, B ST
WA, EHHE— BRI L RATHIR T, IRME A 2 B BE

A2H, AR p-value oAk 0.2 69 88 SR 2 B AT SFAL AL 49 A5 AL
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(=) M &AM
Boruta 7% J i /& 2010 44 Kursa and Rudnicki 42 3 , #4444 58 B 42
FHMZBEATAL, AR AR IEMIHBATH, I IR
A, ARG SBEFEMAIRG ETLE, TRBEEBFHAOETE
, WRIEFBAAs A= T&. THEL. FETE. A TRIMEE IR
AR Z £ RN, SWRRE H T AHE R R TAE T BN A&

MAR A 2 A5 AR

o9 g B BB A R AR

AHE R AL Bagging 2 5k s B B, FIRFAL R =B E F k8 4%
A, ATRSBEAMIZEZNR, 2HEAZERFEBIR ALY, #LE
REERERY. BENOFRER AN R L E, 5058 % BHE
A2 $2 Boruta i JLAEAT IR, ATH2> A RENGHTH, £ BE75

BRERME, B350 EREE kR ERERE.

(—) #B#EIEEE (Logistic Regression)

AR T 2RI T AR R B B AR, LPE
BA@ R RTIR AR E B A BN R EA =LA, R yA B
B AR A A, BT £iE® GRJHF (Sigmoid Function) 3 A 4%

ZHE 0 1 MR AR, BAFAFEALE A ARE B UG F
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(Conditional Probability) 2 Z.k %% (Sigmoid Function) # 5 B{%, 2
KA T

o (Bo+B1X)

pX)=Pr(Y =1X=x) = 1T oGatFid)

Pr(Y =11X =x)% BAZS S Y=1 6938 A, T AR 4FBE x 69 3E 4R
MR ERRAE, By HE, NX T A3 4 45848 x #HE % (0Odds)
8 4P R B

Pr(Y =1|X =x)

"y s =gy P TAX

Pr(Y=1|X=x) Pr(Y=1|X=x)
ln(l—Pr(Y=1|X )# AT # Logit & Log-odds, ﬂ“”l —Pr(r=1|X= x))é’

T Y=1 5 A 2B £(0dds), B A F A Y=1 B R R F 4 Y=1 18

AR AR

R A% ) e kAR 3T % (Maximum Likelihood Estimation) 4 4%

AAREL, PpATE A EFAEA
(=) Fa# &M (Random Forest)

[& M AR 2 45 4 7 Breiman #9424 H 7% (Bootstrap aggregating,
Bagging) $24T X F a5 H# T = M 23 (Random Subspace Method) B &

R A SR B, AN @S S ERABHER, RIEAZEHS
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R EA R A, RS BRSIME-THM TR R FA TR R, B

PR M AR R R

WAEB AN T A RVE Lk KB, A T e ERART S AR
P, AT @S RIAMEE T MERMINREA, EHREFL I,

VA S st LA ) FL AT 18 32 6948 B

ZAEA R EA ARAMAR B B — R R AR B B AR AR
FAEE AR AR A 2 0% B, B — R FHERLRET, 51
BEEHELBSHIE, AmmiEidgs (Overfitting) #pM, Kmk
AR FRFHRE, T A BIREAM A LS X BOR A # b — R 5 A,
S, BZAEA G EAR, RIPT EREAE ML, BT ERARE, mFHR

SR RAT X, ARD TR G BAZ .

VAT o 2 ik KBS IE M R RS 0 AL R AR, B340 AR

R RAA T AR X 5380

L kbR

B Z R R g8 4F] (Recursive Partitioning) & 7 X,, & 413

REGHFTH RZ 0 FHA, EZRARE ZHRE, F—Rk AP

Was=M@zF: #HR (Root) . 2 (Node) . #3% (Leaf) , #iR&
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SHAINRAH, EHE—EHEL, FHRIRTFIE BN T o 24 62X

BEIE, BEE A A AR A R

B sk 48

g 35 1<0 / \%;&ilz 0

B¥E: 5l BBk # 32

©

)

3)

4)

(5)

E#2<0 / \%%‘QZ 0

B3 22 B 243
BA& 5 kEES BB

He AR5 B NRAR A LR AR A

N ERAR AN ARG BHR, 3 25k R A

KIE A M (Information Theory) =R R 4h 3542

(Impurity) , EHSH R KA RS 0L A5 5 2k
FTHRIR2MY R, LA AA LA AHSBRLA, RALR
FHHAR s BT E

AR IR SRR ARG BT R VA B B SR 7o

2. MEHEAMEHRAR:

©

R R M AR B S R E, AR AR WAL 69 % B

B, Hb, FARR R N4 R 8 BB BRI HBCE
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(2)

(3)

(4)

(5)

*

(1)

(2)

(3)

A AP R TARA, 1E ARG IRE, EAMEK

=,

W ey B A Ay TR RB B R LAY A, Bl — R RBt Y, o4

WZEBRBFEBRALA

TR 2E TR, AR I EALREBEE

WCAR TR e KA AT A A9 TR, A S Bk (B A6 4

FMA) BRI GEEEEHEEMA) , Bk RE&R

K

Ho

SO AE T 3 A T 2R B S

B RKRE: AEBEREHE B, TR K,

RS ARBIREN, ASEITRAEISH, BABHREGAR
E A

DA FARAR AR E . BRI T AE 8 B AR AR E,
HAKA I F AR B8 4

D HEZFAEARE: REBRET HFREHEATS A, REF
P EZOCIMARE, CASATTHLE, —RBEAERR

BALR, “TAR SR EFFE, FRRIBAESE S, AER

FH AR BIGAIE S E A BRS
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4.

4) o3&k AREH (Information Theory) & 74k &
(Impurity) F54% 2 5k RKpHF A ADE S RE B R RERA, &k
SRR BF B LA — 18 B BEPRAE T LR AR sk B AR R £ 698
BEAT R, b w AKisEas: i (Bntropy) . Gini #54%.

¥kt 24542 (Classification error) . ¥ 3% # (Information
Gain)

(5) AP EF: MRA 88 2o HF X R EF, FHHoRA

BAEARAKEE 5, ATES ST o2,

W A AR AR AR T T oA B S

(1) REBEBEZ: —HmF, BORSBREIATE) EABEREGA
%, AmE R S HER,

(2) BRMELS] : E SR RBIE, REMKITA AAAAIRETF, A
W RBMZE RN, FE 2k ZHRERA R AME L
B, o RN GBI AL, FRAEZHREIBMBEEAHALS, 23
89 F A AL B RE AL AL R B

(3) #EBME: ATRIRAHMEZZN, AUEZ I REBFER
REFRBE R EBRE, ZEBB IS, AMES E AN
A6 e kA o
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(=) Z#Hw=# (Support Vector Machine, SVM)

AR EHAER R A 1995 f iy Vapnik et al AR5 H am A A8t iy
B AR, AMARMBRAEZTUARERIBE S ZEH, AREREZ
#i#ps H# (Kernal Function), # /R 46 FHE % 2 & 469 HFH0E T

(Feature Space) , 3 78 #5402 B oF 3% b #F o J8 5] M BB & Kag RS
(Margin) , BT AMEHE S A MPIALFE (Hyperplane) , B4 2
2

PRTF @A R CRE ERAHEHE S, LTS REEA L wAREE

wll’

Lt #yk& 2 (Normal Vector)

Hyperplane *,
\

B& 6 RFEHTEE

F e AL AT A S

L #&&3iME (Cost) A BHMIA M AKI —ETUN A ARBEZ

REE, Am ISR R R 0 A — A TGS , IR
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RENTENM, BIATEEEBHE S (Overfitting) 693 34,
FRBIMENRE, STHHEOETAEEEH, AEHRELLFE

% R FAF (Support Vector) , #HAERMBRIRGZES, & CA

2. Gamma: X F & SHA A KBRS TAIEY 2 5 4L E R,
S RHEEHEN LR AR ER T, BiEl— SRk
Mos ®¥, & Gamma A KRE, MIELA T @G0 FHHAERAL
FEOYENMER, ARBEHE LGSR L, R Gamma &

Ay, AT Adadg @ a2, 8BRS ARERSR T

% afp RREE FIERER A

ERRE T T MRBAR A 2 H SRR, 5A TRIEER] & 27
ER) , MRXEERZYHIXN, LEREZRENLE ZAHLHELYE (Base
Learner) , i my AHREL Y K, AEKE 242 F (Variance) 34p £
(Bias) , T2 MAREBMEANLH BN ERN, BARALEAARLR, ARZ
R A TR EAE R, —MkmE, TAZBMIRAR AR, SRAME R
AP mANTR S, AT AR £BEWZ B EA,

AR T AT K@ AZE B £20K, HRATREREOEAUEAMBER

%% % (Component Learner) , FIW 914k S M8 0. MM AARE X H 0 24
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R, AT R RS R, AT EHERAR R, AR R & B R A 7 KRS

)

FHGE, AR EEGEHEE, AFRAELMZZHN, REEBE

o

RABR B E BZFARGER, EHTREL, ERARBET UL A AT K.

(—) AP A ERAFHRB B AT R 5 AR AIRKE, TR

569 F oo NZE T A8 67 52 Boruta IR A, 5 AR B E LR EATEH

&, B F G RN E R pvalue=0.2 48 4 6 842 %, Tk p-value X

P02 Z A HAE, AR pvalue A 0.2 498 BHE % 5 = B IR & i 74

R A S EUE; Boruta I8 k3t s, RIEB THAAMIG, HETZHRS

(F&) i TR R, AR =T RIERAMZATHAE; & TH

BT R A B R AR A HOR, A @ SRR AL AR B AT 6P

i, MR PR R s R

(=) HAEE: SHHEHNEDIEFBAEL, RFIRABER, AFER

ALK H, BRARABAEY, A ERET R, AR R

HRREEREE 7 ZHADBEREER=0BEM

4

g, —it

e EAREY RSN S Bk T AW R R&TAR, i X T REKRER

VithZg =598 Amfe — BB LREE P, %2R E& BTN,

B b A A 2 = LTRSS A = AFARIGE. ATFERIEE. FEA

HRT—, BF TR A TARKA TR R 8 R X FAR AR
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! PR (FRBFRF) 1
%ﬁ%'%ﬁ&

SIS S S rS eSS S s pSasas et et I- ---_____-_-_-_-_______-_-_-_-_-_-_-I- 1 E 5 sk
: : B & A 5 : Boruta :: Fr iﬁﬁﬁ
: P-value<0.2 é%%&&i?ﬂéfii
LomEwam G mwsk DT

B T S L mmsR 1 mwsR |

B I R I R ey SH R

LB %] CFE D LB LA L]
& 2 "
.

SIS\, W, | T sma
L || FABARATE | : SEEASE
¢\ § W 2 /N
B R SRS LS T T TN
Dk | A

B A 7 £REY IR
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%g: m -'% %?ﬁ\\‘% %

BGRB8 A F R SRR A & B AR 1 B S TR Z R A
WACEF R, AL 30 £, AR BaF R RS AR, B A AT
25 FHEHIRE. RES FAEARKE, WIS ABR GREE ERE G RIHA
RREL, BB AR AR AR, ki B2 H R, 4RI R EAEL A i
ZEBER R AR Y AR, BRI R R RAR AR F AT 5T o

AR Y — N RBE R AL, AohHAERRAGERBER, &2
B AFTRITHRAZAER I A, AP RRAZEREY 7 XL TANS 4 % Bk =5
R =9

SHER D BA—RNEREEHFXNELZE, GRBAMKE, REHEZ
TAR 4 RAF A R R R RR, AR T RERN LAY, A wE
PAL 69 BT TR R 4k R A VREF, REEAFAR SR AIR, R ATAR A

TR PR A AL AN, — R T EREEHRANG T XA
SHk, AmAFMAHENZ BB EREE, GBI ME&ZBRALRZN
B, FRRFRAMREEREEILERSRIERRNAN: [ 2TRRE] .
[AFRmek ] « [FARAR—) , ZHARAFRB AT, R R&FET AR 5 4
Hyik; EPTRRBEA TR ARk, BRI TAR Ak, SR E TR R —
B, AIABShak—E, REREART [FRAK] & (AR RER 5
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E A 2 R R ER T X

—_HEAEREE =R EREE
% & Arid g
% & A s % & A s & H% AR AR
AR [ H% AR AR
& H% AR AR I EFE=H I =H
I G =
% $ ik
AFERIE: FARIGE AL VA L TR
E % H
A~FRA|EE . FAA)EE Ak TRk
T88] 7 X,
BEA TR B R — 5 HERR AR A LA
JAEE . TR B

F—PRBAFHAG R, BT AT RARIEEEZ SN, 4R
BRIALAR, AT AR & HFBAE, WME R Brouta g F ik BB 48 AT AL B 69 3% 5
BET G YR AAREE, B R 3 T ARRELERTFATRMNRM, HAY
HEHAR T TME .

A& 3 AR BN A R R A

TAR R/ AR | B F A s A AR A @R

5K 6 8 4F A 55 8 A 75 {8 £ AR

10 X 6 8 4F A 54 8 A 75 {8 £ AR

15 X 4 18 A 51 8 4 A 75 {8 5 AR
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B& 8 BA9 BAI P, %AKAETAR KA Boruta /8 F3pET X # #E
Zh, BECATRIEH, RECATENRTRHEIIEH, “eATTL2E
o FRTETAFR, AARPREELIEEM ), RB ALY, 1£4
R ERD IR ELRH, TRGELRT LM TERIER, MNAEMKRMK

BAZ M, AT XM GIEBIEAA KRN ER,

Importance

BA 8 [EMAMTAR KL S5 B HIELE R
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o
-
1
T
L

Importance

B A 9 KM AMRTER RN 10 B 28 S kifss 2

Importance

RSI10 —|
Ma2 —|
MA20 —

BA 10 MAGAMTER XY 15 B S BIEER

THEAME 4 ZREI ATRAMNRMT, & B TR FEFEL RS

FRAZFARGE R ARRMAR O3y, E—RAMRE AR b AR

ARSI Z AR BH S, I A A R 1%2%

2RI, Kb XATERI K6 B S B TRAIR K — 2,
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A& 4 FARKRA S 0B B FaR g f

B/ AR B F b sy W % AR AR X HFF BB
FRRGEEREER | 67T% 66% 67%
AR R | 51% 47% 499
o e g 62% 60% 62%

F A 5 FRBRA 5 B EARAER Z FAR REER

A EREY =R EREE
% & A
VR UECR % & A7 5 i 4% AR A
R I8 A% AR AR
¥ # A AR X e = A FEEAOR
XHFE =
2 ok LN A FARIR/ ATARI R/ FAR R —EL % #ok
TAREEREFR | 69% 68% 68% 69% 68%
FARI Bk A & | 52% 51% 51% 51% 51%
uh oA mf R 64% 63% 64% 64% 63%
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AR XA+ B 69305, B —HE A b TR AR R AR A TR ORISR L A RE R

SF %, ARk ERAAHANRNABREZ, TRE—BEUMGEHEELZR

G

P K, TBERFEHRK

=z

]

R L A A ae 500 BRIt

M 6 AR RH 10 B ¥ —B A 2 50 L5

SR/ AR e R & H% AR AR I G =
FARGEEER | 69% 69% 68%
FAR Rk A B | 42% 38% 40%
A e 63% 58% 61%
F A7 FRR KA 10 B £ RAER 2 FE R Ak %
AL REH A EREY
B LA
B & A8 B B & A6 i AR AR
HE R [ #% AR AR
[ H AR AR = I FE=H
I =H
EREH 7 X AFERTE/ AFA R 2R/ FE R R — 3K % $ik
T8 8] TR e B 69% 69% 70% 70% 68%
T8 8 2k B R 45% 40% 40% 42% 40%
A e 64% 63% 63% 65% 62%
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AR R+ AEB 634, F—HA P TRRNRZ R RE AR B TR R R X AR
2HH%H %, AR ARARE RN E, ARBEEEEZ TR, 784
B R R LA 4RI, B ATARGRRTARIK AT, TUY
2, ERFHLERRMARKGEHEELERI, SHRVARALRH R
TIRARA S ARG AL B S, FHE UV ARN AR RIEK S, ERT
FIEE A B FRRIBA 2 A FOR B 0GR K, 4o kA 8 pT 7, EmEREREE 4T
Bk 2 AR BE B NG B

M 8 FER R 15 B ¥ —H A 2 FE R k£

s W % E A s i % AR AR ST Aok
TRRIFRBEFEER | 659 69% 70%
TRRIKBFER | 269 34% 38%
b e R 54% 57% 60%
A 9 FER KA 15 B R RAEA 2 TR R EE R
—BAEREH SR EREE
B LA s
B & Arid B B & A AR AR
Pl [ #% AR AR
[ M AR AR I HaEH I HmEH
I HaEH
EREY X AFARTR/ A TE R 2R/ FA R R — K % #k
T8 )k A A & 68% 70% 71% 71% 68%
T8 8] ok E HE B 19% 22% 35% 17% 33%
Mo A R 59% 61% 62% 62% 59%
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FEFRRMZFARNGE R, TRAERERSE F R FAR IR I ARG AL LR
F AR, R ETERIBKG IS, AIIEH R A, HEH THROGME, L
AAZRERRMG AR, ARk EEFEBEREY R, BAFHY
B 38 R o

TRER R T, BRI TR ERE R NRES, LFARRH G
MEFARLE, ERFHORFI, QEEERIGEARS, ¥H¥mHE, &
R R E T T Ak B8 09 FARACR, LA RMEMERME

B EH ARG SUAR 5 ZAETA S, R R T AR A R AR A
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gé; -ﬁ‘-‘%— \“é%/\ }%“;;%

AR VAG B A B GRSk S A AR I, BB BH UMM L
REE, ABABRRER Z E R RS X, RAERBEUD AR R, REHRE—
A Z FAR R R ST, BFRERFEHET T AR R 1NE 2% MerE 47
I, REREXBOMEETAR, ERPE ORI AN, I, BERIERESR
AR Z AR R AL, PR A9AE AL R TR R AR 69 MR R AR TN ., AR TR RIKZ R
HEF g B

BeIl, AAFRALE — A AR FARIAE R, B D K%, AH LR
R,OARBEERZ FRERT S, BATRRIGEE T, AT VAR
B 5 Ak 2 H AL AL ) 69 R AR MG

1A RZIEER, AT ABETHREEARES:

(=) RABEBEE: —MmE, FAINRELSZERBER, FAAELRK
RS, ARAEREAE R ERTRRLE R EZ AR, AR AFR
FoomAN R BE AR AT, HRBEARSEIK, AR MK
BERZHIBENR, RRTUERRAZHARBEARS, RAKRAR
ARERAZ TN, SHEZEE®, BAELSLEERERER, fli:
ERAEREET, AL ARBEAMEE. @ FaSHEER. =0/

BEMEREA, REMENIERLR Z L R I, RIBEAMEE
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TR B AR A B S B B R BT SRR R AR, 4RI R AR A AR

FRAAR 2 b .

(=)  WRAF IR AARIAERRE £ Z M K m%E Y 4 Bagging 7 ik

¥, EEFZREWE AL, TEBIREARE ORI, AR

EZRM, AR ESZEMEFFRE AR, A RSB E RN IE

BAE, RSFEESBAZZ AN, ARRMBAEA, BENEBIREES

BRFER ISR, KRBT AE & A3 R R A A R ) 69 BLRME, &

TR AR M2 £ BAR, (EIEASEE AR

() XFHOTHERBEEILBIE:. AMATAHTRIMBAHARLE ZEM, K

S 4 ST IR F AT SR AR AL SR AR A, SRR SR R P Oy X

B E G SR AR OR B TS B 2R AR A SRR [EAR AR AR R AR M R AR

KT % KB 2 Boruta IR ik A THRBITAZHILR, ARAEIHAE

MALT P IRB T TR RAGE B AR AH & 538 IR 18 AR EUN R

(Recursive feature elimination, RFE) /% Anova ¥ # ) &4 (Pipeline

Anova SVM) 477k, ) M ABUA 5 B AW 69 B (R Sk RAE A S ECH 8 )

PR E B, AP IR D AR ik B R AL

(wm) EheiARISHE: AFFLR KT E8 RS H 5 NI 6 R KA

oy
o

R AR, EAERTUEBBEAE T QB H R, RFREZIHE
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A, EEBEH A, AR o BRSRABSFARTEA S A

Z [ R 3RE R FER], AR SR g R X S R4 R — B,

(Z) HIZXHFE%: BRAFRAE B HERARIE B Z IRk A S 4E 4 A 12

RH, 2 hA IR AR TSI RARHERAR, TRTUREEISHZ

A, B LA AL ® ARG, Blde: &8 50 M. BEREZEAE

e KA

FF, AFR B K%

44

DOI:10.6814/NCCU202100893



Ballings, M., Van den Poel, D., Hespeels, N., & Gryp, R. (2015). Evaluating
multiple classifiers for stock price direction prediction. Expert systems with
Applications, 42(20), 7046-7056.

Basak, S., Kar, S., Saha, S., Khaidem, L., & Dey, S. R. (2019). Predicting the
direction of stock market prices using tree-based classifiers. The North
American Journal of Economics and Finance, 47, 552-567.

Di, X. (2014). Stock trend prediction with technical indicators using

SVM. Independent Work Report, Stanford Univ.

Dutta, A., Bandopadhyay, G., & Sengupta, S. (2012). Prediction of stock
performance in the Indian stock market using logistic

regression. International Journal of Business and Information, 7(1), 105.
Jiang, M., Liu, J., Zhang, L., & Liu, C. (2020). An improved Stacking framework
fotr stock index prediction by leveraging tree-based ensemble models and deep
learning algorithms. Physica A: Statistical Mechanics and its

Applications, 541, 122272.

Kursa, M. B., & Rudnicki, W. R. (2010). Feature selection with the Boruta

package. J Stat Softw, 36(11), 1-13.

45

DOI:10.6814/NCCU202100893



10.

11.

12.

13.

Li, H., Yang, Z., & Li, T. (2014). Algorithmic trading strategy based on massive

data mining. Stanford University Stanford.

Larsen, J. I. (2010). Predicting stock prices using technical analysis and

machine learning (Mastet's thesis, Institutt for datateknikk og

informasjonsvitenskap).

Moews, B., Herrmann, J. M., & Ibikunle, G. (2019). Lagged correlation-based

deep learning for directional trend change prediction in financial time

series. Expert Systems with Applications, 120, 197-2006.

Mierswa, 1., & Morik, K. (2005). Automatic feature extraction for classifying

audio data. Machine learning, 58(2), 127-149.

Naik, N., & Mohan, B. R. (2019, May). Stock price movements classification

using machine and deep learning techniques-the case study of indian stock

market. In International Conference on Engineering Applications of Neural

Networks (pp. 445-452). Springer, Cham.

Patel, J., Shah, S., Thakkar, P., & Kotecha, K. (2015). Predicting stock and

stock price index movement using trend deterministic data preparation and

machine learning techniques. Expert systems with applications, 42(1), 259-268.

Vapnik, V. N. (1995). The nature of statistical learning. Theoty.

46

DOI:10.6814/NCCU202100893



14. Zbikowski, K. (2015). Using volume weighted support vector machines with
walk forward testing and feature selection for the purpose of creating stock

trading strategy. Expert Systems with Applications, 42(4), 1797-1805.

47

DOI:10.6814/NCCU202100893



fi4%

KA 10 TR KM 10 BB 5 AL Rk A 2 % #

7 5 iie 5 s Ak
6 18 4F B 4A 55 1B 4F 48
low close VolMA3 MOM_20 CCI
VolIMA20 open VolM A4 fastiK emv
WMA20 high VolIMA5 fastD maEMV
fastK low VoIMA10 aroonDn MFI
aroonDn trade_volume | VolMA20 oscillator RSI10
ADX_signall MA2 VolMAGO dn WPR
MA3 WMAS5 up AD
MA4 WMAG pctB kd_signal
MAS5 WMA10 macd EMV_signal
MAG WMA20 signal MOM_signal_2_d
MA10 MOM 2 DIp MOM_signal_3_u
MA20 MOM_3 DIn MOM_signal_3_d
MAGO MOM 5 DX MOM_signal_5_d
VolM A2 MOM_10 ADX
48

DOI:10.6814/NCCU202100893




RAg 11 7R KM 10 BB 5] AR % A 2 % 30

5 MiE 5 % Ak
6 8 45 A 54 18 45 48
WMA20 close VolMA3 MOM_20 emv
aroonUp open VolM A4 fastkK maEMV
aroonDn high VolMA5 fastD MFI
DIn low VolIMA10 aroonDn CHAI
DX trade_volume | VolMA20 dn RSI10
MFI MA2 VoIMAGO | up WPR
MA3 WMAS5 pctB AD
MA4 WMAG macd kd_signal
MAS5 WMA10 signal MOM_signal_2_d
MAG WMA20 DIp MOM_signal_3_d
MA10 MOM 2 DIn MOM_signal_5_d
MA20 MOM_3 DX AD_signall
MAGO MOM_5 ADX
VolM A2 MOM_10 CCI
49

DOI:10.6814/NCCU202100893



KA 12 FARIRM 15 BB R AR $R A 2 % #

2 F e g i Ak AR AR
4 {8 4 A 51 18 45 48
VolMA10 close VolMA3 MOM_20 emv
VolM A20 open VolM A4 fastkK maEMV
DX high VolMA5 fastD MFI
bb_signal low VolIMA10 aroonUp CHAI
trade_volume | VolMA20 dn RSI10
MA?2 VolMAGO up WPR
MA3 WMAS5 pctB AD
MA4 WMAG macd ADX_signal2
MAS5 WMA10 signal MOM_signal_2_d
MAG WMA20 DIp
MA10 MOM_2 DIn
MA20 MOM_3 DX
MAGO MOM_5 ADX
VolM A2 MOM_10 CCI
50

DOI:10.6814/NCCU202100893




