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A portfolio optimization investment procedure with timing of
trading stocks based on the analytic hierarchy process, support
vector regression and genetic algorithms
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Abstract

In the fields of financial investments, investing stocks is relatively easy while
comparing to the other investment commodities since making a profit through buying a stock
at its low price and selling the stock at its corresponding high price is intuitive. However, it
is really a challenge work for an investor to choose stocks which might be profitable or
determine the capital allocations for these selected stocks or even timing the transactions for
stocks. The purpose of selecting some stocks for investing is to choose the stocks issued by
the corporations with outstanding financial performances thus expecting to avoid
unfavorable performances of stock prices; the purpose of determining the optimal capital
allocations for these selected stocks is to minimize the portfolio risk thus ensuring the
expected profit can be reached; the transactions’ timings for stocks can help an investor to
decide the optimal moment and share amount for buying/selling a stock thus yield a better
profit or preventing a more loss. In this study, the analytic hierarchy process (AHP), support
vector regression (SVR), and genetic algorithm (GA) are employed to design a three-stage
portfolio optimization approach for sequentially solve the portfolio selection, portfolio

optimization, and transaction timing.

Keywords: Stock investment, Portfolio selection, Portfolio optimization, Transaction timing,

Analytic hierarchy process, Support vector regression, Genetic algorithm
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I EFIF Y 2 RJID ATE #mﬁ:““l F1* P WA 7 - BERF EUEPH TR 2
AR BT RS R o

JE b it~ EMH TF R 5 RERLK(MCDM)HEE 4 £ £ 53 §r0i 7375
Fep Bend * 18 o KA PE N L G A Fokd e e L £ kﬁ’ﬁA+%f
/17 ~TOPSIS 4w VIKOR % 4p b > kg & 4772 403 F 8 * o ¥ b §it3* ¥ (soft computing)
i GlAe R BB R T EIREZ A IR R EF Rl R FE
ZERREZORALF BT LN EFRFTEEE G TR RG> KT FEI A
TTEYRAEZEFTEFIIEOBEI(TRR) 7 FHAT "M"Q‘»’if“ L Zé?gﬁﬂfé
—‘:;J.Af /go 1A ,”%}I‘;’F"‘\Lgb ;J%”'fr'”‘fh'« gbﬁ,‘,;!:,u”, Ht”gnﬂ ;”,&}t,ﬁ_‘ﬁh__ [%
%iﬁ?%’%ﬁ’ﬁmj¢ﬂhimﬁ?mﬁmoﬂ“’A?§@¥%A&ﬁm
(analytic hierarchy process, AHP) ~ & 4% = £ i §F (support vector regression, SVR){rif @
B % (genetic algorithm, GA) » £ = - B PRt T o B i1 2 2 > M PFFfEd
bz BRA F A BRIRBE GERL NS DML 0 I KA 72 EE AR
RELFATRELE A RF L X AF KL {1 LEe R
FF s P rEE IR #&t‘f TR UIRR A KRR E v]’f,ﬁf%’ ¥ o g
£ ehp 3T =R . TR AR 'ﬁﬂ?xzi'ai PEP o Gl - B GBS -
CEHEF g %ﬁ”i‘ B R B (h 'R)EFEE 0 TR BRI
#;\ﬁ“ﬁbl’ T W”Pﬁg%;\ﬁ MLV AL EL BT ARE TR LT
[ IT:'»;J' J/E}-ﬁ%/z ZEM ¥ gy Iﬁt(ﬁg‘a ‘f‘f’lg‘#';%'«'&%‘ﬂp mﬂf /E} KT o B fs o
BT L%B%ﬁ@m&%&?wbﬁaw—@a AU SR - E
A FL@’MJ? FET A AR h GG £ PRI FARLETE &8
PR TLEFERE A o AR TH AR T R E R T SRR o

~

o 4
T

rﬁ“‘)ﬁ?

/

T Em e k

R v L

v"lﬁ‘h\m

4.
4.1, f 54§74

R &/ 7% (analytic hierarchy process, AHP) &+ Satty (1980)*7# &1 — i ¥ 12 2 %%
BAPTAF A KR AR 1 R o A B TE Y R A A R S R AR
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GERBE)k BH HP > BRI R AT b A T AR F R
fEeo BR- BEF m B7AfEAREELLIE > @ i#‘ﬁf;% Pl n BEHE > o
Bl 14777 o Bl 492 5 40T chz B 30
HE L FE LR RE R

B KBS TE A E R KR E P E R g AR RAEE A
(mxm)-EL A hrFa 4% BAKEERFS jBAREEDLELN o 4o
Sa, >0R &% i BARERELS jBAREELL 5 q,<0R R A S fﬁ“#%ﬁﬂ
By i BAREELR > 295 i BAREERSY jBAREE-KRELER > Plg
ol BT =0 rﬂ‘laijzl B E L UT "J‘\:{\?Lfr.l_*ﬁal“7#%1%%?”&14‘5
"L Anorm (mxm) :

_ a; . .

a,=——"—,i=l..m,j=1..m. (1)
2.4y
k=1

Flpt o UEEE - SR e T EEa A EESE wmBRDEFR ) SN 4o
zalk

w, = Ji=1...,m. (2)

m

B2 el

BAOCFBRERL ZER RAFEF BATERE AR A RTE
B B (nxn dB ) (i=12,..,m)E bl o by >1 ™8 & > 30 A KRR [0 5 k BE
B S IBEFERTE b, <IRI L LR E S I BEREFLBESR R
B A b, =R N L AR R ABPEREY I BEREL T FHROY
redk oo b pE o b2 by, R %R

b xb: =1,k=1,...n,1=1,..,n 3)
b, =1,k=1,. (4)

By & ]l},r_lpﬁg_ BO:hs B~ 3 FGEA R E AR SR RS F - A
B SO (7=l m) e T 2 gL S (nxm)

AEF L RIBEIEE - Bax] ok e
FILEET A SN EE
S=[s",s?,..,s"]. (%)
*’9% 2. ER PR
PEEMs S E v(nx])doT
v=S-w. (6)

He o BVvARGHS I BAEAEREBAHZLT S EBERNEMSE TR
XER o



BRI

) T

FFIRECR RIZE) FEIRACGE RIZE) TR RIZE)
l 2 e m
EE #EiE #EE
1 2 n

1. K i 455 b5

R o AT ARR L R AL A P - KR AR 0 B4 Rhew er al. (2017) ~
Khademalhoseiny et al. (2017) ~ Tapia et al. (2017)22 Krmac and Djordjevic (2017).

42. 2 & £ip éf‘

BRFE RS2 R AR L ol R T S e 4
Ly B éxsfﬂ\r%ﬁ e mﬁzﬁﬁ—gz}% & g 2y ?a«frr]ip‘. TR AR
e E]T? B4R - Vapnik et al. (1997, 1997)31i& 7 - fEfL 5 L 3w L fF (support vector
regression, SVR) i ﬁﬁ?;}iﬁ?o AE»Eu ﬁﬂ%’é * pk it D :i-,-ﬁi%] »phBET| B AR NF T
: uﬁﬁﬁw FHCY - BRAPR S - B FEUEYE O Han Y i B
@‘] e = (X415 Xp00ees Xpy ) €RY rhﬁ%] B yeR \F&mrﬁg % o —FT £ %—}%"&é@?])\ Xk
(k=1,2,...,Q)$§#fM' BARZE(m )P DG (X)) o BF L E LR ETEER
¢ (X,) T igEE » ZEB’WE‘JE‘J@?] My, mfﬂﬁ‘?* Ao

Vi zf(Xk,W)ziwiQ.(Xk)+w0 =W'O(X,)+w,,k=12,..,0. (7)

Eo oW wiE S R E e £0(X,) L g(X,) e s £w, LikcE
gt 7k Vapnik (1998)32 5 » 4% FR] iy NIITR E W RT R OEL 6 o 7R P
FAFT AT L F 0 FH S - B e-insensitive 4f A S B 3G IR RIFE AL A0T

L (yo21) ={O . Hlre-ndse s o ®)
|V, =Y | —€ otherwise

He PR JFA T U E A AT

Ve -WO(X,)-w,—e<&,,k=12,..,0 9)

Wo(X)+w, -y, —e<&,k=12,..,0 (10)

£>20,k=12,.,0 (1)

£2>20,k=12,..,0. (12)



EELL I FREy, BRI y, AL A ) 2 R RS g

ki o 3% > Vapnik (1995, 1998)#- 55k b " & I* 3 2 &K 407 ¢

1 S 2, .

EHWHZ +C[Z§k+zgk)' (13)
k=1 k=1

£ AR9)-(12)7 5 AUUEE 0 A Rl C D i 7 F T R4y LT i e

fraf 2 hddico £ E=(4,08) B E =(£,08) M2 Flw £ 0 A #HE25

(9)~(10)~(11)22 (12)£7 Lagrangian 3k v & & )3 & A:(j,l,___,,iQ)T VA =(/1'1,...,/1'Q)T .
L= ?) 8T = (Jan?p)| o Bt o 1 i 58 (13) b i 14 B AT 7 1035 348 o f2

11 Lagrangian 2 % #i<(primal variables)& ff 677 fg4e ™ !

L,(W,w,,E,E,AA,T,T)

1 Y 9 Y
:EWTW+C[Z§k +Z§kJ—Zﬂk(WT(D(Xk)+WO -, +g+§k)—. (14)
k=1 k=1 k=1
9 ; ' 9] o
Zﬂk(yk W O(X,)—w, +g+§k)_2(]/k§k +748k)
k=1 k=1
BF LB Lo Rl Sl g R F B R R
fonillenl] ' " Q
aLP(W7W07‘—‘7'—‘ >A5A ,F,F ) —0= WZZ(/L{ _//Lyk)cD(Xk) (15)
ow k=1
e lnl] ' ' 9 '
OLp (W, w0, 5,5, A A ’F’F)=o:>2(;tk ~1)=0. (16)
ow, k=1
oL, (W =2 AN T
P( 7W()3 > o4y st o ):OzykZC—ﬂk. (17)
06,
oL, (W =2 AN T , ,
P( 3W05 a’é:,’ 9 LR ):O:>7k:C_/1k- (18)
k

L7 K(X, X)) =D(X,)-O(X)) 5 e 3003 4255 (15)~ (17) % (18)F » = 4258 (14)
T A it ig A5 Lo e

maximize

L,(AA)= kZQ;dk(ﬁk —/1',{)—851(/1,{ +/1',€)—%§1:[ZQ1:(/1,€ -2)(A, - )K(X,,X,). (19)
with the constraints

i(/tk ~4)=0 (20)
gzls A <Ck=12,..,0 (21)
0<A <C.,k=12,.,0. (22)

— B P S I~ § 38 3V (A = )(homogeneous polynomial) ~ % 38 ;N (2EA
=t )(inhomogeneous polynomial) ~ f& & £k 3 #ic(radial basis function)fr g d & I *7 o #ic
(hyperbolic tangent) & o g b » ?4 57 R E B fpecn A & 1 73 5 F hd 7R



(X,,v,) ° Bi4 > B85 £ ¢ Lagrangian S EBHEE » £ W i &7 00 @ W 4o

T

/=2 = A, (23)

EEALE > 23 kK REHRAEI O FERGET o IWK LW 0 B ELEE
Karush—Kuhn-Tucker (KKT)(Karush, 1939, Kuhn and Tucker, 1951) i i+ » 12 j& 18 & £ 1T
WA R,
=n—2(yk Z@K(X,,X )~ eslgnwuj (24)
us k=1
2 > & By & Lagrangian i #ics . 0< A <C & S, = A ﬂjk ke REcE
o I A2 5(23)82(24) 0 2 AR (T) AL §F R *“Jrvj " ER 4T

f(Xﬁj’k’ik):Z(ik_ik)K(Xk’X)-’_WO' (25)

B¢ o XAd Xi(for k=12,.,0)H + e » 4EWL
Aaagw&ﬂmxﬁ£ﬁgg¥%ﬁm%ﬁﬁW&ﬁ”mﬁ Eit e Flpt o i &
i L FERGE ")’Kﬁf" BT E LY FHOR X E R L e i i

FAERKE S E G REAE B -Qr' o ¥ R T '3 0% & 2 (gradient descent
algorlthm)(Chapelle etal 2002) ~ % % % & /2 (evolutionary algorithm)(Chen 2006) % &4
0% % (grid-search approach)(Hsu er al. 2008) % o o L & & £ 1% jF ’}5 EF VhaEiE
AU S M G 4 A 8 RIS AR LB Y R G § TR IR
7+ 32 o 5)4e > Cheng and Lu (2018) ~ Gould et al. (2017)¥2 Hua et al. (2017)41 *
A4Ee i R £ A IR » X BT R R % o

43. F B 7 E 2

dfE (Charles Robert Darwin) ¥ - B ¥ £ chp REFo+# FE I 2 F 50 #
B - BFLHERIEG-p RERE - U EL R g PR R Y o AN G
it 4] > Holland (1975)4% 21 7 B 5@ * chpep N B> W EE - BE G L 3D
T f2 0 A5 B B B 2 (genetic algorithm, GA) » 5 7 B B BF L2 0 B -
ﬁ%ﬁ@%%*%”éiﬁ%%’ﬁﬁ%ﬁ@’U%ﬁﬁﬁﬁﬂ°%*—%&%“H
Az 67— 2R d PR FIEM BT AP BPEIK
PIFER A REE BT R AL ehig £ B (fitness) o i & B ARF 0 %7 W EARE o R
Ry BERBIER I RE AL TLF LR R LR TR AL
uaﬁim%’ﬁéQ4°“+’”& Bl AR A R S0
§oBETRYA RIS FARH L PAHATIGL P E AR
TF o Kg LB A AT M 50 R AR Y PATFIRE TR - BREB
PR ESR A G A o — S @R B R foR AL R AT
7‘5% 1D AV R 4ER - B WA 4 e @B LT3 o

s
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HI2 AP RSl ARG LR ko
HIAI PR A RRFAFAX TN 2 A - FEIH
HIA EEHFEMNY hF BRI MEFTIRBUEEE A A EF BRI MA LA
pehig £ 8
HIS D AVERMY E BTG ERE > FERY - LR Glho R R
o EE - B A A P o
FB 6 RS s ¥ A A A AIE R A
HIT D E A I AR AL T s RS A
'}'5'% S ¥tip SN L IR TR
BB FEHTL RS MR & P RA A T4
HAYY LR ot NS REY o ER L GRS R 11T AT
FHo RS Fﬁﬁ$4¥;ﬂﬁ1Wb BLRT
HII0: ok BB R pB XA BN EGR(AIM) TEG GRS
Feing d 48F R w B3R 4 X EIRCIE
3 R AR A BT R W R R
WEEe gL AEER N BT TR GfE- A7 L o b4c > Wodecki e al.
(2018) ~ Wang and Mak (2018) ~ de Faria ef al. (2017)%2 Nakata et al. (2017)= 54 * i
BxEE > L ARAASRAEEEE T R k&2 o

o

S REHRTFTERERGMARAEFE

APREY Kot e Rl @y o FR- B ERT L
Bl feh NFEBRBAETELERET R Aﬁﬁ Lo B R AT - ”'“ra‘% a0
ARBFTPELA B R R B 29 > T T G BB SRR AR FE
25 o

T B H h

ST Lkl

B Ak

W2 mERFTEEE G AR LR

51. KFELEH
BN - PREL B K s 7R H
Bl m”i.:—f\?“%\”(ﬂ *E“)ZLZ‘KF:\;%»

u \\-\1*

ey

/

|

é

v
N

A PRAF A BT REA o BIEAR TE
RUERLEGERT 1T WA R) - A #E |



? AR RE(P %ﬂr)“rﬁff%m”’ RAE7RIE A At 7 97 g P akdp iR 38 o1 350
Rl Rk U ey ”LMT-H P4 ik dp il A W MEER R L RS R
gk R EE N PN L 1@?(% i—?i?; JE) o gt ek 12::}7%:}5\ ﬁ i 4F :k-.%—aﬁz-;}];,v}%,q(; pe
AP MR B e R B R L IMIM, 0 @ IMA—ki’IMBA:\ B & P A%dp B 4
Trpditinth B end & 1o 2k a o IM, /IM ;2 JF % RO 58 (IM, /IM ) x (IM | IM ) =1
g (IM 1 IM )< (IMy [ IM ) =(IM ,/IM ) » B¢ > IM. 5 MAdsdqdie C e & A
IM,/IM % PA33dp 1 A AR 42 A R CehE & 12 o 22 A 43027 B> ity
B Cindp$t 2 PR T4 FIS/FI; » 8¢ » FITB FI A%l 5 28 4 4o @ B tpd
g iR Co @ 4ok Pirdp e C A- B f o dpd (4% [ A%43) > Rl 2 @ A ¥ 2 & B ehip
AR S FI/FI » Kb rii? sy BenigE 27 NS EHFE
(synthesizing)ig & 2 2 P4 #3430 A K P R(GEX PR DERLES «‘}*L }; » 7 AR iE
UL PO HFTHT LEEL T RF MG AR T PR Bk g Peeh
D P AT TR L ,,% PSSR ¥ www VJEA MR AR TR T
EPore AL c EIFAR NI IRE B G f g Midp iR & o a g dp dRAR S
A%4F o Gldo f O EPS o gt o ”E‘J'\»/F‘#”f o F R A7 i - H AT o

5.2. #??yéﬁg/

F’ £ %% O N PEE ’“@i oA 7k AT LS P Ar f’?gk—rmﬁﬁﬁiﬁﬁ‘?—'f?’i 3 :JF‘&#"‘
FOPSBE AL AR B R P B T BRI R ) » £
REHLERGARIER T BLEP i LR AR
PRV AL &/ I I - Sﬁfé’uiilh‘a‘ﬂﬁ-\ﬁ&m? < IRV g i B 7 Ao
Ffd o & 7)0 il T R DRI o F b TR R P BT A D T i
P m IR o Jb’l?ﬂﬂ N EEIE % A el J—;L,L &%Tﬁ#ﬁﬁpﬁ(vahdatlon)p TN
T R B BRI S - IO g o B % - A hlichp BB - b vt BN
A 53 S (training) TR Rl (tes) FAL o 32 > 1% e B fF1 B SR
WA F R Z g (cross validation) = im TR R sear c BB ERE LA E S f&_ﬁﬁj‘f
el APT bk ent e Riv FIRECD
Rif e F AN - RS ART L  ARETENT  TRFHE 0k
BRI Z( 2)p i gtk B ﬁi&m;\}b‘r@ v FHCA R AR
BE AT - BARFIE(E)P TR o A EZETFY IR DR AT

RS = NOP(Z P’w Z P’ WZ,ZZWWCOV i)

Jj=1 k=1

o

#e, pl nj"—rj;._;i—%’i'FF"I\(z%’»)B(z-l)mv](g W@ PIgrw A ERE AR
FIZ(RE)P PR RMTE R frF &4 F bl o gttt Cov, AL jERILE kehi §

iﬁ’(,n{%ﬂ”“ﬂbﬁ M-- s e s Siic NOP(a,b,c) B8 % i %8 Z v (a—b)/Nc

kR AT : gwﬁ ERAE TR T SN S
(Z P/ z P/w!)
PY = Max(TP ———"—— 0)x M (27)
CE{IWi'j
j=1

12



He TP EXFTHREHP RN > & M E- B2F 2 endied o Fl0 > HFdd

. - ) 3 F Y
BLEV LA E S

Minimize RS+ PY (28)
subject to

dw/ =1 for i=12,..v (29)
JAl

B oy ERFHF AL EERE > bldo 5% Sdfi- B P oo i B
RIS W B 2T RS AN (28) e (29) P it e T i & B i 1Y R A

"

o AT bR FTHRE BALH e p (=12, V) EF &4 e

73 %E 2L

Bt PR p i 8- BARD ]l kG F AL R a‘)t?puﬁ? YU RF
BED A - REGEEBARD PP BRSO R AT

oow W
SHl?:(—’j— [;/)xCAP for i=2,..,v and j=1,.,n (30)

cti ci-1
He o CAP L RAFTF 4 ddok § SHY 3 28 f fepr > LT F Rzt K p i §
MR IR BR B OSH] AR E e f B ORE AR P ehT - B E p e e
BTG ORE N EEVELAR IV AR BT RSP UREE
BHF AR N A REFAERALD DL JIBE AL RTY R PBRELT
FlE o

6. ¥ bl4F 3
6.1. SHELFTEL
ALY R SARED oo e B L c RS 2012 & 1
T 1P I2017# 67 13p cF Lo p TEN( o Saidp ) Bchp oo ® 2 2017 # %
—FFROMBEL ek 222 R 2P TR KF > B BEE
rip k0 ¢ 35F T F (EPS) » F A 4R 5 (ROA) » "% & 1 & 4F ¥ & (ROE) » = {1 &
(GPM) ¥ £ 41 5 (OPM)> § 45+ 5 (DR)> fe & £+ (P/E)§ (£ 5 7 2 4p 4o
Flot o BER B PERRT G F HIT BORE T ORRE A - B RAL

e A Ak R AL 4B 3 A o
Selecting stocks

Corporation 2 Corporation 68

Corporation 1

B 3. 00 A 5 E 0% R ik i AL
13



® %E'i;ifv’ﬂ—i’ RS I R SRS EEE LR SRR R e
17 i E & ﬁ:n 68 Fo ¥ & BER(MirpIR)E E B R E IR LR
10 F]pt o %7 RS BRESE RN g Ao K EE 1 A
o B TxT AR A Fpt o 5 A N () E R ﬂ.}wmﬂ?@t Anom © & P&
FI*F 22X QEFFRESE w- B7w ) HF > BELHBELINQ)fr@ R
bl » #E B E (D Pk @ﬂﬁwﬁwﬂ%’ﬁﬁmpﬂy £t e Ft s
BEEEF A E RTEA 4 68x] Adke B sO(i=1,...7) ¥V uEiEEN
(5) gg’»a\gﬁ@w_ S(68x7) . AHP % & ¥ » 3+ 5 AHP A gfra..%@f* B % (2 7 )eniy
AR A IR e i 4\(6)'11%% 2 7o e B v(68x1)e F]P > ViR E SR P
TEE A B ERRE DAL LG AAEE TS R P o

* 3 4 gm0 10 72 7 0 Expert Choice 11 48 13y ﬁ.,=5§=41r§] 44557 o 25 0
PO L AR E B @ 45115 3529 ~ 6510 ~ 6462 ~ 2408 ~ 5274 ~ 8150 ~ 5269 ~ 2330 ~ 6568
{3532 L E o

Synthesis with respect to: Goal: Selecting Stocks

3529 1.000
6510 .566
6462 .B15
2408 743
5274 711
8150 .708
5269 .704
2330 .568
6568 .515
3532 .551

] 4. Expert Choice 11 #7iE ## 7 10 £ 7% &

62. KEFELLET

B i,{}\C -Money §= TEJ TAL R A< & 2Bl 4 ¢ “7:F 20 10 /% & 22012 # 1 ?
1P X 2017&5" 25 B ﬂPF’“m:}i4ﬁ#ﬁ%¢*}—'fr< PPy A YT 16 B iR
(110 p =5 ~ (2)20 o+ QI T FE R E T2 (4)9 PR IE K (5)9

%%ﬁ%D‘®WB“%%ﬂ‘UHOB%ﬁ S (8)5 P AP35 4 1 ~ (9)24 M

At~ (10026 p =2 2% 5 ~(1D)I13 p w2~ (12)14 = & w4&w 4o ik ~ (13)14 %
forodbedpih > (1426 2§~ /¢ B1d 2445 ~ (15)26 = §/§ & A4p HR1o(16) 10 % #=
£ B Hdp - A1995 Kim and Han (2000) ~ Kim and Lee (2004) ~ Tsang et al. (2007) ~
Chang and Liu (2008) ~ Ince and Trafalis (2008) ~ Huang and Tsai (2009) ~ Lai et al. (2009)
v Hsu (2013) %7 7“7 #& e o

v B AP o 16 BRI IR 2 HEERP B PR G - AR
B PR R R T - Tl B R e A S B Aol )

14



Boo ARis o AR o X B ok ] @0 #F S ¢ hBdh I R F) 0 F) 12 B in
P o 4E¥F #2012 10 1p 32017 #5725 p I R(TEIHEY PR D
DRI ¢ 5 86411 EFH AR FRE®D - 0 FTHRLEADA S 2017 £ 5
126 P 3 2017 £ 8 7 25 B PR AR hE LI TR (TR T Y )L > A
S Aty o 10 31 e B A B TR B (1D & 2 3Rl ey - P IR
RIRfrsk mBIE A~ B ¢ 7 6481 ~ 2160 fr 650 £ F AL o

B 0 70 LIBSVM 3% B ff1 k7 09 Sfoilid sy 1 s TR
Hd oo AT AR BRBHMLIER IR P 0 X5 E R 49F 2 (Kuhn and A.
Tucker, 1951) 74 v i i 4 4% Bieff ¢ chgic e Flo > Lo R fpy ond & ¥
¢ % C> Gamma {v Epsilon 4 %|# & ¥ 2% 2.3 32~ 0.707106781187 = 0.00390625
gtk i * S e Ak o dic(radial basis function) 1 o R R e B FHCT LG 20
B E 17 0.994363 v 0.00005428 1 R? o MSE » I B » 4 iRl dicdh 4% % 0.991832 fr
0.00006052 7 R* fr MSE- gt i & ph 7 L %% & 38 §fFic 53 1 K39 el ik g~ (3
B )b Ok R e f #2)2 B ezl S dich) 38 R0 £ 7 7 AR A K o
WE e o

1452017 £ 57 26 9 3 2017 4 8 7 25 pAFHE § A R(X B)P gk
W SERIERD R T - BRI BP0 BB At e B R
2] 5 v if @ 5 % 508 Evolver 7 #8811 2 ke 2 28 (28)4r(29) 9 7 L Tl & B i 14 B
o MRETT - BRFHPFAL LT e smhs R Eh G Al -

28Q27)° hp BANE TP o2 d 4 chlice Mo A )3 5 0.02048%- 1,000,000
BEEALSE SARGFS- 2H P FHRIIFE 1.065% 0 Flpt o P ERFUER 25
1.065%/ 52 =0.02048% » Fla L Flad ¥ nF AR TBH AP AT TR Fh it - % o
BEBFEZ? DS ) CARFREFABK DL 500050015 B BiFH 2
BRALEBALP RS 1050 2 1477 R R ARPpPRTEEY RE b T 4

e -

15



L FEARPRFTELY RE R GTARE

A-fop BERE T ARE
2330 0
2408 0
3529 0.004100
3532 0
5269 0
2017.05.26 oo, 0
6462 0.114866
6510 0
6568 0.881033
8150 0
2330 0
2408 0

3529 0.010048
3532 0.989952

5269 0

20170602 350, 0
6462 0
6510 0
6568 0
8150 0
2330 0
2408 0.024577
3529 0
3532 0.893456
5269 0

2017.06.09  so94  0.081967
6462 0
6510 0
6568 0
8150 0

Kb

63. 24 %E
ARFHR HEBARp bt T AR SR - B @b T ARY
PO IR ASCOFRER Mg R T Y R R o 2t B
F7 A CAPRE 5 100 FAT 50 -

22017 60 9 P AR S bl EER & 0B A4S 3532 n BB E Ao
T
(0893456 0.989952, 1 100 000 = _615.865

84.78 88.75 31)

#¢ 8478 4w 88.75 4 B[ H 2017 & 6 7 2 0 {w 2017 & 6 7 9 B L& T if - Ft
HFH2017# 67 129 (201767 9p AR p i - @b p)r8d39m
B4 08 RBLG 3532 kR R 5 615865 Mk o KT K #EAIAT LR
615.865x83.39 =51356.98 = -

BEHF BARD DRFTEL Y DR R R ORA T R RS D
BRI -

w

Ly

16



6.4. FEEK FH o

364 TN P AR B RE - RTFPEFF6
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An Empirical Study of Institutional Investors’ Net Buy/Net
Sell on Forecasting Stock Prices Using Genetic
Programming in Taiwan

Chih-Ming Hsu

Abstract— Among various traditional investment tools, stock
investment is one of the easily understood targets for ordinary
people because the concept of trading stocks is relatively clear
and simple. However, for investors, the essential task of
accurately forecasting future trends or market prices of stocks is
difficult, since the factors that can affect the performance of
stocks in the trading market are diverse. Therefore, the
problems involved in forecasting stock prices continuously
attracts great interest from both researchers and practitioners.
Investors making short-term stock investments, especially,
prefer to forecast stock prices via technical indicators calculated
based on stock-trading information. In addition, an investor
pays very close attention to the institutional investors” net buy or
net sell of each day , because its value can reflect future
expectation about the overall performance of a corporation, as
well as judgement regarding the future trends of stock prices.
Therefore, this study proposes a stock price forecasting
procedure based on genetic programming (GP) and cluster
analysis, using technical indicators as predictors in an empirical
study on the effects of institutional investors’ net buy or net sell
in forecasting stock prices in Taiwan. The feasibility and
effectiveness of the proposed procedure are illustrated through
examining five stocks with the highest trading volumes in the
semiconductor section of the TAIEX (Taiwan Capitalization
‘Weighted Stock Index). The implementation results show that
the stock price modelling procedure applying the GP method isa
robust and practical forecasting technique. Institutional
investors’ net buy/net sell of stocks can indeed improve
forecasting performance. Furthermore, forecasting accuracy
can be further refined through classifying the trends in
institutional investors’ net buy/net sell.

Index Terms— Cluster Analysis, Genetic Programming,
Institutional Investors, Stock Price Forecasting.

I INTRODUCTION

Investing in stocks is one of the traditional and easily
understood investment tools for most people, since the
concept of trading stocks is clear and simple compared to
other investment targets, e.g. options, futures, or swaps. No
matter what mvesting strategies an investor applies,
forecasting future trends, even future market prices, is
essential work for an investor. Some people believe that the
financial condition of a corporation is the most critical to the
market prices of stocks issued by the company, thus preferring
to employ information in financial reports to project the
achievements of a stock, called fundamental analysis. Some
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investors, especially those making short-term stock
investment, however, think that the status in the stock trading
market and current events recently are key to future stock
prices. This group of investors prefer to forecast stock prices
via the indices, i.e. technical indicators, based on the stock
trading information, called technical analysis. Whether
employing fundamental or techmical analysis, forecasting the
trends or prices of a stock is always a tough task, since the
factors that can affect its performance in a trading market are
diverse; thus this topic continuously attracts high interest of
researchers coming from both academic and practical worlds.
For example, Behravesh [1] applied regression models to
forecast the stock prices of the major Iranian petrochemical
companies, where the predictors (independent variables)
included (1) stock price in the last month, (2) capital of the
company, (3) P/E (price-earnings ratio), (4) DPS (dividend
per share), and (5) EPS (earnings per share). He used E-Views
software to run the regression models, and discussed choosing
the best decision among petrolenm companies for beneficiary
business markets. The author also discovered the application
and effectiveness for making stock investment decisions, and
assigned a limited budget to each petrolenm company. Yeh,
Huang and Lee [2] incorporated the sequential minimal
optimization and gradient projection methods to develop a
two-stage multiple-kernel learning algorithm to resolve stock
market forecasting problems. Their proposed algorithm can
take several combined advantages from different
hyperparameter settings and improve the overall system
performance. In addition, the hyperparameter settings need
not be specified in advance, and the trial-and-error procedure
for determining the optimal values for the hyperparameters
can be avoided. The proposed algorithm is demonstrated and
compared to single kernel support vector regression
(SKSVR) [3], autoregressive integrated moving average
(ARIMA)[4], and TSK-type fuzzy neural network (FNN) [5]
by carrying out experiments on datasets taken from the
TAIEX (Taiwan Capitalization Weighted Stock Index). The
experimental results revealed that their approach can provide
performance superior to other methods. Zno and Kita [6]
transformed the contimuous P/E ratio to a set of digitized
values via a clustering algorithm, and forecast the P/E ratio by
applying a Bayesian network to the set of digitized values.
They took the NIKKET stock average (NIKKEI225) and
Toyota Motor Corporation stock price as examples. The
results showed that their approach can attain similar accuracy
and a better correlation coefficient compared to time-series
forecast algorithms. In addition, their algorithm, using the
Ward method, can improve the computational accuracy by
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15% and 20% for the NIKKEI stock average and Toyota
Motor Corporation stock price, respectively, against the
traditional AR (Auto Regressive), MA (Moving Average),
ARMA (Auto Regressive Moving Average) and ARCH
(AutoRegressive Conditional Heteroskedasticity) methods.
Hsu [7] combined the backpropagation (BP) neural network,
feature selection, and genetic programming (GP) techniques
to develop a hybrid procedure for resolving stock and futures
price forecasting problems with the technical indicators as
predictors. He first used the BP neural network to construct a
preliminary forecasting model, then utilized feature selection
through simulation to probe the built neural network, thus
selecting the critical technical indicators for forecasting stock
and futures prices. Furthermore, the vital technical indicators
were also automatically screened out by employing the GP
method. Finally, the final forecasting model using the selected
technical indicators was established using the BP neural
network, The author used TAIEX futures of the spot month to
demonstrate the feasibility and effectiveness of the proposed
procedure. Based on the experimental results, the forecasting
performance was significantly improved through selecting
appropriate technical indicators by applying the feature
selection method or solely based on the preliminary GP
forecasting model. Lin and Hu [8] proposed a
feature-weighted support vector machine regression
algorithm by providing different weights for different features
of the samples, thus improving the performance of traditional
SVM. A case study on examining sample stock data sets
selected from China was conducted to demonstrate their
proposed method, and the result showed that using GCD (grey
correlation degree) as the weight value had good
generalization capability, and the prediction accuracy
improved. Xiong, Bao and Hu [9] applied multi-output
support vector regression (MSVR), whose parameters are
determined by their proposed approach based on the firefly
algorithm (FA), to forecast the interval-valued stock price
index series over short and long horizons. Three globally
traded broad market indices (the S&P 500 for the US, the
FTSE 100 for the UK, and the Nikkei 225 for Japan) were
used to illustrate their method. The experimental results
showed that their propesed FA-MSVR method outperformed
some well-established counterparts based on statistical
criteria regarding the forecasting accuracy measure and the
accuracy of competing forecasts. Xiao, Xiao, Lu and Wang
[10] proposed a three-stage nonlinear ensemble model based
on neural networks, improved particle swarm optimization
(IPS0O), and support vector machines (SVM). In their study,
three different types of neural-network-based models,
including the Elman network, generalized regression neural
network (GRNN) and wavelet neural network (WNN), all
further optimized by improved particle swarm optimization
(IPSO), were constructed. Later, the support vector machines
(SVM) neural network was utilized to generate a
neural-network-based nonlinear meta-model. Their proposed
approach was able to explore complex nonlinear relationships
better, and the built forecasting model was validated by three
daily stock indices® time series, including the Shanghai

composite index, Shenzhen component index, and
Shanghai-Shenzhen 300. The empirical results demonstrated
that their proposed ensemble approach  significanty
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improved prediction performance over other individual
models and linear combination models, Dan, Guo, Shi, Fang
and Zhang [11] presented deterministic echo state network
(ESN) models, which construct reservoirs randomly to
simplify their structure and applications relative to the
standard ESN, for stock price forecasting. They used two
benchmark datasets, including the Shanghai Composite Index
and S&P 500, to investigate the forecasting performance of
their presented method. The experimental results showed that
the deterministic ESN was able to outperform the standard
ESN by about 20% and 52% in accuracy and stability,
respectively, on average. Furthermore, about 23%
improvement in efficiency, as well as insignificant
improvement in forecasting accuracy, was found for the S&P
500 dataset. Singh and Borah [12] introduced a new type-2
fuzzy time series model, which was then enhanced by
applying particle swarm optimization (PSO), in order to
utilize more observations while forecasting. The authors’
purpose was to tune up the lengths of intervals in the universe
of discourse which are used while forecasting, but not to
increase the number of intervals. The performance of their
proposed model was evaluated by making a study on the daily
stock index price data set of SBI (State Bank of India), as well
as on the daily stock index price of Google. The experimental
results showed that their proposed model is effective and
robust compared to the existing fuzzy and conventional time
series models. Rounaghi, Abbaszadeh and Arashi [13]
utilized the multivariate adaptive regression splines (MARS)
model and semiparametric splines technique to predict stock
prices. In their study, the MARS model and semi-parametric
smoothing splines technique serve as adaptive and
nonparametric regression methods, respectively. They
utilized 40 variables, including 30 accounting variables and
10 economic variables, to predict stock price by using the
MARS model and semi-parametric splines technique. Four
accounting variables: (1) book value per share, (2) predicted
earnings per share, (3) P/E ratio and (4) risk, were selected by
investigating the models to be the influencing variables on
stock price forecasting via the MARS model. On the other
hand, another combination of four accounting variables,
which included dividends, net EPS, EPS forecast and P/E
ratio, were chosen as effective variables while forecasting the
stock prices. The performance regarding the multi-step ahead
forecasting of their proposed approach was evaluated by
comparing it to the traditional global linear model through
simulation, and the results indicate the nonparametric model
can yield superior forecasting performance compared to the
global linear model. Furthermore, the intraday data of the
Tapanese stock price index and time series of heart rates are
also analyzed and forecast in their study, and the experimental
results revealed that the forecasting performance does not
differ significantly in the Japanese stock price index, but the
nonparametric model can provide significantly better
performance while analyzing heart rates. Guo, Han, Shen and
Li[14] applied the support vector machine regression (SVR)
technique to tackle the characteristics, including discreteness,
non-normality and high noise, which are significantly
different in different periods for the same stock, or in the same
period for different stocks in high-frequency data. In his
study, an adaptive SVR with dynamic optimization of the
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learning parameters through particle swarm optimization
(PSO) is developed to resolve the stock data at three different
time scales (daily data, 30-min data, and 5-min data).
Compared to the traditional SVR and backpropagation neural
networks, his proposed approach can yield better results
based on the experimental results. Wang [15] proposed a
method based on the big data framework with fuzzy time
series to forecast stock prices. She applied fuzzy time series to
historical stock big data to predict the fuzzy trend regarding
the forecast data, then determined the amount of fluctuation
about the forecast data by using an autoregressive model. By
integrating trend prediction with fluctuation quantity together,
the forecast stock prices are finally obtained. Her proposed
forecasting framework was illustrated by forecasting the
TAIEX, and produced superior forecasting accuracy
compared to existing methods. Chou and Nguyen [16]
proposed a sliding-window metaheuristic optimization model
by hybridizing the FA (firefly algorithm) and LSSVR (least
squares support vector regression), called MetaFA-LSSVR,
to predict the stock prices of Taiwanese construction
companies one step ghead. Their proposed system is a
stand-alone application with a graphical user interface, which
is greatly interesting to home brokers that have insufficient
investment knowledge. In addition, their proposed model is a
favorable predictive techmique for dealing with the highly
nonlinear time series that traditional models have difficulty
capturing.. Their experiments indicated that outstanding
prediction performance and improved overall profit were
attained by using their developed hybrid system. Cheng and
Yang [17] utilized the rough set rule induction to develop a
fuzzy time-series model to forecast stock indices. They
employed rough sets to generate forecasting rules for
replacing fuzzy logical relationship rules according to the lag
period, and utilized an adaptive expectation model to improve
forecasting performance. Furthermore, they also presented
buy and sell rules to provide investment suggestions as
references for investors based on three different scenarios. A
dataset consisting of the TAIEX, Nikkei, and HSI stock prices
from 1998 to 2012 was used to evaluate their proposed model,
which was able to outperform existing models with
comparing to the listing models under three error indices and
profits criteria.

Thus, in the literature, some relatively new techniques, e.g.
support vector regression (SVR), neural network (NN),
genetic programming (GP), firefly algorithm (FA), and
particle swarm optimization (PSO), have been broadly
utilized to construct stock price forecasting models to
improve the shortcomings or limitations of traditional
statistical methods, thus obtaining fairly excellent
experimental results. In addition, the trading information
regarding institutional investors’ net buy/net sell announced
every trading day is important reference material when
diagnosing the trends of stock prices for an investor.
Therefore, this study intends to conduct an empirical study on
the effects of institutional investors’ net buy/nmet sell in
forecasting stock prices in Taiwan based on genetic
programming (GP). The information of institutional
investors” net buy/net sell is used to recognize and classify the
stock prices’ trends, and GP is employed to construct the
forecasting model corresponding to each classification
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(group) of stock prices’ trends with technical indicators as
predictors, The feasibility and effectiveness of the proposed
procedure are demonstrated by examining the five stocks with
top trading volumes in the semiconductor section of the
TAIEX. The rest of the paper is organized as follows. Section
2 briefly introduces the genetic programming (GP) method, as
well as the technical indicators. The proposed stock price
forecasting procedure is presented and illustrated by a case
study in Sections 3 and 4, respectively. Finally, conclusions
and possible research directions are given in Section 5.

II. METHODOLOGIES

A. Genetic Programming

Based on the principles of Darwinian natural selection and
biologically inspired operations, Koza (1992) invented an
evolutionary method for generating programs or functions
automatically, called genetic programming (GP), to solve a
user-defined problem through evolving a population of
chromosomes. The GP utilizes a tree-based structure
consisting of terminal and function sets, as shown in Figure 1,
to represent an individual program (chromosome). The tree
(program} can be interpreted from the left to the right and
from the top to the bottom as (5.2-x/15 )+(9*sin(y}) . The
available terminal elements to the branch in an evolving
chromosome such as the constants, variables or
zero-argument functions, etc., are defined in the terminal set.
The function set consists of the functions of the program, e.g.
the square root, minus, logarithm, or sine, etc.

Figure 1. An example of tree structure expression in GP.

The fundamental steps of GP are briefly illusirated as
follows [18-20]
Step 1: Create solutions of an initial population

First, create some solutions (chromosomes) of an initial
population with a pre-specified population size, called
generation 0, which are computer programs consisting of
elements from the functional and terminals sets according to
the characteristics of the problem.
Step 2: Evaluate the fitness of each chromosome

Execute each program decoded from the corresponding
chromosome in the population and measure the degree of how
well the program can deal with the problem at hand via a
pre-defined fitness function, called fitness value.
Step 3: Select the elite chromosomes

Based on the fitmess value of each chromosome, the
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probability corresponding to the chromosome is first
obtained, Some chromosomes (programs) are then picked
from the population by using the Russian roulette mechanism
according to the obtained probability. These selected
chromosomes form a matching pool.
Step 4: Apply genetic operators

To the selected programs in the matching pool, the genetic
operators, including reproduction, crossover, mutation, and
architecture-altering operator are randomly applied, thus
creating an offspring population, called generation g+l, by
replacing the elements in the population of the current
generation g with the chromosomes in the offspring
population based on a certain strategy.
Step 5: Examine the criteria for terminating the GP

If one of the termination criteria is satisfied, the best
chromosome, i.e. the chromosome that can provide the best
execution result (the highest fithess value) is designated as the
final result of the GP run, Otherwise, repeat Steps 2 to 5
iteratively.

The GP widely extends the applications of genetic
algorithms to the solution space consisting of computer
programs. Hence, a lot of successful practical work using the
GP in various application fields has been reported in the
literature, e.g. [21-24]

B. Technical Indicators

Fundamental analysis and technical analysis are two major
analytical tools for choosing appropriate mvestment stocks.
The fundamental analysis is to analyze a business’s financial
statements (such as assets, liabilities, and earnings), health
and competitors, and markets, as well as consider the overall
state of the economy and other influential factors (such as the
interest rates, production, earnings, employment, GDP,
housing, manufacturing and management). With regard to the
technical analysis, it is a method for forecasting stock price
trends through studying past market data, primarily prices and
volumes. The technical analysts widely use market indicators
of many sorts, called technical indicators, which are
mathematically calculated based on historic prices, volumes,
and other inputs, thus aiming to forecast financial market
direction. For example, the commodity channel index (CCI),
average convergence/divergence (MACD), relative strength
index (RSI), and stochastic oscillator (KD)) are some common
technical indicators.

III. PROPOSED FORECASTING PROCEDURE

This study intends to study the effects of institutional
investors” net buy/met sell upon forecasting stock prices
through genetic programming modelling. The research model
is designed as depicted in Figure 2 and described as follows:
Step 1: Collect stock trading data

The trading data regarding the investment stocks are first
collected.

Path I
Step 1-1: Calculate technical indicators
Some important technical indicators are calculated
based on the collected stock trading data.
Step 1-2: Prepare training, festing and validation data
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For each investment stock, the technical indicators
obtained in Step 1-1 and stock trading data collected in
Step 1 are first arranged day by day. For each trading
day, the input variables, i.e. predictors, are the technical
indicators, and the output variable, i.e. response, is the
stock closing price in three days. The arranged data are
then divided into two parts. The first part is further
separated into the training and testing data based on an
appropriate proportion, and the second part serves as the
validation data.

Step 1-3: Build GP models

The GP technique is applied to construct the stock
forecasting model based on the training and testing data
prepared in Step 1-2. The GP will be executed several
times, and the best GP model is designated by evaluating
the weighted forecasting error associated with the
training and testing data.

Path IT
Step 2-1: Caleulate technical indicators along with
trends of net buy/net sell

Based on the collected stock trading data, several
important  technical indicators are calculated.
Furthermore, the net buy/met sell by the institutional
investors is also confirmed.

Step 2-2: Prepare training, testing and validation data

The obtained technical indicators, information
about the trends of net buy/net sell by the institutional
investors, and collected stock trading data are organized
for each investment target and for each trading day. The
data in each row include the predictors and response.
The technical indicators serve as the predictors, and the
stock closing price in three days is treated as the
response. Then, the well-organized data are split into
two groups. At the same time, the training and testing
data are yielded according to a pre-specified ratio and
the second part data form the validation data.

Step 2-3: Build GP models

The GP algorithm is implemented several times to
establish the stock forecasting model by using the
prepared training and testing data obtained in Step 2-2.
The forecasting errors associated with the training and
testing data are weighted to determine the best GP stock
forecasting model.

Path IIT
Step 3-1: Calculate technical indicafors along with
trends of net buy/net sell

According to the stock trading data collected in
Step 1, several important technical indicators are figured
out. In addition, the trends of net buy/net sell by the
nstitutional investors are also affirmed.

Step 3-2: Group data based on trends of net buy/net sell

First, the trends of net buy/met sell by the
institutional investors are classified into three types. The
first type’s trend illustrates the rising situation, i.e. the
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net buys of the institutional mnvestors in the previous
three trading days are all positive. If all of the net buys of
the institutional investors are negative in the previous
three days, the trend is determined to be falling and is
categorized as the second type. Remaining trading days
which do not belong to type one or two are grouped into
the trend of the third type.

Step 3-3: Prepare training, testing and validation data
Jor each group of data

For each group of data classified in Step 3-1, the
caleulated technical indicators, information about the
trends of net buy/net sell by the institutional nvestors,
and collected stock trading data are put in order
according to the sequences of trading days for each
investment stock. Each row of data involves the
technical indicators, serving as the predictors, and the
corresponding stock closing price in three days, treated
as the response. Then two sets are acquired by separating
the arranged data. A pre-specified ratio is utilized to split
the first part of the data into the training and testing data,
while the validation data are the second part of the data.

Step 3-4: Build GP models for each data group

For each data group obtained in Step 3-2, the GP
algorithm is executed several times to construct the GP
stock forecasting models, where the required data come
from the training and testing data corresponding to each
data group prepared in Step 3-3. The forecasting
performance of each GP model is evaluated by
weighting the corresponding training and testing errors,
thus settling the optimal GP forecasting model.

Step 2: Compare forecasting performance

The forecasting performance of the GP models resulting
from Path I~III are compared by evaluating their RMSE
(root-mean-square error), R* (R-square), and MAPE (mean
absolute percentage error). Then, the effects of institutional
investors” net buy/net sell on forecasting stock are concluded.

(Pathl Collect stock trading data

Path [T
‘ Caleulate technical ‘

Path I1I-

Caleulate technical
indicators along with
trends of net buy/net sell

Caleulate technical
indicators along with

indicators trends of net buy/net sell

!

Drepare
trainingtestingfvalidation
data

Group data based on
trends of net buyuet sell

I

Prepare
training/testing/validation
data for each data group

Build GP models for each
data group

trainingftesting/validation
data

‘ Build GP models ‘ ‘ Build GP models ‘

Compare forecasting:
performance

Figure 2. Proposed forecasting procedure.

IV. CASE STUDY

In this section, we utilize the GP algorithm to construct the
stock price forecasting models and compare their forecasting
performance for several stocks, thus empirically examining
the effects of institutional investors’ net buy/net sell on
forecasting stock prices.

A. Collection of Stock Trading Data

In this study, the examined stocks include five stocks with
the highest yearly trading volumes in the semi-conductor
section based on the statistics provided by the TWSE (Taiwan
Stock Exchange Corporation). The five investigated stocks
include stocks of codes 2303, 2330, 2337, 2344, and 6182.
Then, the daily trading data include the open prices, highest
prices, lowest prices, closing prices, and trading volumes
along with the trading volumes of institutional investors” net
buy/net sell for the selected five stocks from 2010/01/03 (the
first trading day in 2010) to 2018/09/28 (the last trading day
in September 2018).

B. Calculation of Technical Indicators

For each studied stock, the daily trading data are used to
calculate its technical indicators. There are sixteen technical
indicators considered in this study in accordance with Kim
and Han [25], Kim and Lee [26], Tsang ef al. [27], Chang and
Liu [28], Ince and Trafalis [29], Huang and Tsai [30], and Lai,
Fan, Huang and Chang [31]. Notably, the technical indicators
are normalized into the range (-1, +1) based on the
corresponding technical indicator’s maximum and minimum
values to avoid the technical indicators with larger indices
dictating the forecasting models.

C. Determination of trends regarding net buy/net sell

For each trading day of each examined stock, the trends
regarding net buy/net sell are classified into three types. If the
trading volumes of institutional investors’ net buy for an
examined stock are all positive in the previous successive
three days (e.g. 7—2, #—1, and ¢ days), the trend on trading
day r is determined as rising (type 1). On the other hand, the
trend on trading day ¢ is considered falling (type 2) if all of the
trading volumes of institutional investors’ net buy in the
previous successive ¢— 2, t—1, and ¢ days are negative. The
net buy/net sell trends on one trading day are categorized as
type 3.

D. Preparation of training, festing and validation data

For each trading day, the corresponding data are arranged
in a row in the form (X, y), where X is the vector of input
variables and y is the output variable. The output variable is
the stock closing price three days later. However, there are
three different situations for determining the input variables.
In the first one, the technical indicators of each trading day are
used for the input variables. In the second situation, the mput
variables are consisted by the technical indicators each
trading day along with the trading volumes of institutional
investors in the previous three days. Finally, in the last
situation, the input variables are the same as those in the
second situatior, but the paired input/output data are further
segmented into three types based on the trends regarding net
buy/net sell determined previously. Next, for the first or
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second situation, the arranged data from 2011/01/03 to
2016/12/27 form the first group, and the arranged data from
2016/12/28 to 2018/09/28 make up the second group. The
first data group are then divided into the training and testing
data randomly according to a ratio 3:1, while the second data
group becomes the validation data. As regarding each type’s
data in the third situation, the arranged data between
2011/01/03 to 2016/12/27 form the first group, and are split
into the training and testing data with a proportion of 3:1
randomly, while the arranged data between 2016/12/28 to
2018/09/28 turn into the validation data.

E. Building forecasting models by GP

For the first and second situations as well as each type in
the third situation, in the preparation of training, testing and
validation data, the training data are used to construct the
stock price forecasting models by applying the GP
techniques. Here, Discipulus software is utilized in this study.
The main parameters in GP are set as software’s default
values (population size = 500, mutation rate = 0.95, and
crossover rate = 0.5). The fimess value of each chromosome
is measured by the RMSE (root-mean-square error), for which
smaller is better. In addition, the built models are also
evaluated on their forecasting performance via their
corresponding testing data to assess the flexibility of the
established GP models when applied to unknown data. The
implementation results for stock code 2303 are summarized in
Table 1. Based on Table 1, the execution result in bold
represents the optimal result evaluated according to the
weighted training and testing R among each of the ten
implementations. All of the coefficients of variation (CV)
regarding the training RMSE, testing RMSE, weighted
training and testing RMSE, training R, testing R%, and
weighted traming and testing R’ are considered to be
sufficiently small, as shown in Table 1, where the largest CV
is just 0.064993, Therefore, the stock price modelling
procedure via the GP techmique can be thought of as a robust
and useful tool.

Similarly, the same modelling method is also implemented
for the other four investigated stocks. The selected best GP
models are given in Table 2.

Table 1. The Implement Results of Stock Code 2303.
A) Situation 1

(B) Situation 2

GP Rum N, | Training RMSE | Tesing RvisE | Wogied Traming andf g g [ g g | Weighiod Traningand
T 4459 4429 4444 | 050334 | 050371 90353
P 004668 004633 04651 00706 _| 000747 50726
3 4937 4034 4936 80606 | 0.80607 89696
4 45 4504 436 50431 _| 0003 90418
B 5366 176 89379 _| 0880 89161
7 583 616 774 7 50300
B 720 750 585 B 50606
0 005105 005004 90156 | 0856, 89896
00445 004404 004431 .90562_| 0.90593 50578
10 40 703 004633 03| 083888 55563
Mean 58 772 004764 90209 | 0.900757 0.001452
Standard 14 400336 0.00031 0.000273 0.004205 | 000563 0004873
deviation
Costieient of g 567 0.064993 0.057341 0.004661 | 0.00625 0.005405
“vatiation
10

GP Run No. [Training RMSE | Tecting RMSE W°‘%*r;'°dﬂ;‘]a‘§§a“d Training B | Testing # W“@nggg?ga“d
T 4107|0003 003577 51105 51370
z 004254 0047 004778 50950 50506
B 004310 0041 004238 50744 50534
7 4275 o041 0425 50763 812
B 4056 | 0.00385 003953 91360 FE]
A 034 00400, 004012 51278 317
7 4306 004012 004164 0787 035
E 004040 0. 003044 91211 01470
] 003950 |0.003531 003961 51338 Y¥E)
10 004014 003855 003955 51257 57
iean 004147 004013 004050 0510803 0913177
Sandard | 0.000137 0.000162 0,000141 0002501 | 0.003224 0.002680
Coctbicient off 135957 0.040258 0.034557 0002746 | 0.003528 0.002938
variation
(C) Situation 3
GP Run No. |Training RMSE | Testing RMSE W“%;‘éfﬂg;‘ﬁg% a“dl Training B | Testing B | W“Ehg;";“)‘?‘?g a5
1
JUTET I X 003506 5701 097258 013
004011 003673 003543 51507 _| 09253 17T
004130__|_0.003551 003540 51547_| 097667 115
003RSE | 0.003410 003634 92180 | 097079 52550
004168 00354 00358 51594 | 092682 52138
004065 00364 003852 51798 | 092550 52151
003521 | 0.003301 005710 51567 | 092825 02358
4099 | 000351 003808 91604 92763 92183
4178 00355 003887 1643 92659 92151
10 4106 | ooosjet 003925 91711 92278 91995
Mean 4060 | 0003578 003810 017715 | 0906603 0020147
Standard
e | 0000104 0.000118 0.000091 0001982 | 0.002321 0.001754
[Coethcien o
o | 0025627 0.032924 0,023877 0002170 | 0.002504 0.001902
e —
003188 | 000362 003404 K] 89326 90254
002087 | 0.008300 003158 91771 _| 09016d 50068
002981 | 0.003355 003168 _5188L_| 090026 50953
003137 003476 003307 .51392_| 089651 0521
003147 003515 003329 51474 89536 0505
002585 | 0.003408 003197 51863 | 090065 50964
003068 0.00335 005209 91639 | 0.9031 90575
003033 | 8.003553 003257 51796 | 089812 0804
003213 | 0.003201 003207 51243 | 000623 00033
10 0.00324__ | 0.003512 003426 .51031_| 089712 90366
Mean 0.003057 | 0.003411 003254 0915643 | 0309838 0.007766
Standard | 509119 0.000126 0,00009 0003082 | 0.003895 0.002830
deviation
[Coeticient o
| wo03s4es 0,036848 0,029580 0003377 | 0.004329 0.003113
Type3
004151 | 0003904 004028 50454 001121 90808
003786 | 0003820 003808 91333 _| 091281 51307
Ou36ET | 0.003936 003811 51551 _| 091108 91330
(I NEZEN IXE 004005 50607 _| 051255 0923
003768 | 0.003510 003644 91426 _| 091004 01710
003658 003710 003654 51708 1673 668
005726 | 0.003805 005765 1575 | 091482 528
003877 003524 003501 1520 | 050018 215
003038__|_0.003873 003958 0645 1536 T
10 003950__|_0.003574 003763 91167 1557 550
iean 003547 00378 003816 0512584 | 0.014604 013761
?”‘d”d 0,000182 0.000148 0.000132 0004421 | 0.003337 0.003047
leviation
Cocticient off 047430 0.039048 0.034646 0.004844 | 0003648 0.003335
variation
Table 2. The Selected Best GP Models.
St Shion] e | | e Xg@%nmﬁ [rosing e 21ed Traiming]
T3] 1| NA 04673 04651 9074
P 7 [ oo030aa 174,
B 03631 5257
03207
003644
BT I Y 0006Ed
7| A 000587
3 000460
000524
000478
2] 1 |wa 01381
P R 000746
3 000643
000677
000715
2344 N 000744
N 655
465
534
0.000600
3 NA | oooised
N 001112
001003
002282
3 01158

F. Comparing the forecasting performance

To realize the institutional investors’ net buy/net sell on
forecasting stock prices, the forecasting performance for the
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selected GP models in Table 3 is appraised via MAPE (mean
absolute percentage error). Table 3 also reveals the
forecasting performance by applying the selected GP models
to the never-met validation data while constructing and
choosing the optimal models in order to examine the GP
models’ generalizability. The numbers in bold represent the
best result, i.e. the highest R? or lowest MAPE, among the
three situations for a certain stock. Based on Table 3, we can
find that the three GP forecasting models constructed in the
third situation for each stock can jointly provide the optimal
forecasting for the stock prices in general, except that the GP
model built in the second situation yields the smallest testing
MAPE. This implies that the information regarding the
institutional investors’ net buy/net sell is helpful to forecast
stock prices. Furthermore, the classification for the trends of
net buy/net sell by the institutional investors is also beneficial
to improve the forecasting accuracy further. In conclusion, the
gathering of institutional investors” net buy/net sell can really
assist investors in forecasting future stock prices in addition to
collecting common technical indicators.

Table 3. Forecasting Performance.
Traming
MAPE MAFPE
0025637 | 0.025465
0023123 | 0.022880
022122 | 0.02077
021897
[0.020252

Validahion
MAFE
0.077656
0.031576

| 0021480
029615
026072
019156

|Stack #|Situation] Training | Testing B® | Validation &

2303 0.90706 | 0.90747 0.92750
031211 | 0.91746 0.93873
92088 | 0.9215¢
2330 .99360 | 099201
99395 5951
99407
2337 08108
2 08752

010921
010409
0009342
0068330 |
0063191
0.065947

010749 | 0
87837 010264
.94157 0000547
,90135 0067000
96717 _| 0.065276
97356 _| 0063385

2344 1 96957

6182 98289

V. CONCLUSIONS

Stock investing is easy to understand for an investor among
various investment targets. The ordinary operation for
investing in a stock is to buy a stock at a relatively low price
and sell it at a high price later. In addition, first selling a stock
at a high price and buying back the stock at a low price later,
called selling short, is also a possible method. For either, it’s
an important and critical issue to forecast future stock prices,
thus assisting in making proper investment decisions.
However, forecasting is a complex and difficult task in itself,
with the behavior of a stock’s prices being intangible, since
the factors that affect the market prices regarding a stock are
multitudinous. Traditionally, an investor utilizes fundamental
analysis of a business’s financial conditions and other
influential factors to map the future long-term financial
performance of the issued stock. The technical analysis,
applying the technical indicators, is more suitable for
short-term forecasting. In addition, an investor pays much
closer attention to the institutional investors” net buy/net sell
of each day in Taiwan, as its value indicates the degree of
optimism about the overall performance of a corporation,
which assists in judging the future trend of stock prices.
Therefore, the present empirical study in Taiwan of the effects
of institutional investors’ net buy/net sell on forecasting stock
prices uses genetic programming (GP), where the technical
indicators serve as predictors. An examination procedure is
proposed and five stocks with the highest trading volumes in
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the semiconductor section of the TAIEX are used to illustrate
the proposed procedure. The implementation results show
that the stock price modelling procedure using the GP method
can be considered a steady and practical technique, with low
coefficients of variation in the execution results. In addition,
the forecasting performance can indeed be improved by
gathering information on institutional investors’ net buy/net
sell of stock. Classification of the trends of net buy/net sell by
the institutional investors can further help an investor to raise
the forecasting accuracy. In conclusion, the trading volumes
and classification of institutional investors’ net buy/met sell in
Taiwan have significant influence on the behavior and
forecasting of stock prices according to this empirical study.
Furthermore, genetic programming is shown to be a robust
and effective tool for constructing forecasting models for an
investor. Researchers can further apply clustering techniques
to segment institutional investors” net buy/met sell trends,
which may yield superior forecasting performance.
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A Mixture of Expert-Based Prediction Approach by Using
Genetic Programming and Clustering: A Case Study on
Predicting the On-Time Percentages of Local TRA Trains
i Taitwan

Chih-Ming Hsu

Abstract—The accurate prediction of on-time percentages of
trains is an important issue since it can significantly affect the
management of trains’ operation in many fields, such as making
an appropriate timetable, organizing trains’ waiting, arranging
trains’ running tracks, settling the required manpower etc.
However, the problem of predicting the on-time percentages of
trains is very complex and difficult since the on-time
percentages of trains can be influenced by numerous factors. To
deal with such a problem, genetic programming (GP) and
clustering techniques are used to develop a prediction
procedure by means of a mixture of experts in this study. The
GP method is utilized to construct prediction models, as well as
to identify the feature variables, i.e. critical independent
variables. The clustering approach is applied to partition the
data into several clusters where data in each cluster are as
similar as possible. To illustrate the usefulness and effectiveness
of this approach, prediction of the on-time percentages of local
trains operated by the Taiwan Railway Administration (TRA)
in Taiwan are demonstrated as a case study. The execution
results show that the GP can construct an adequate model for
predicting the on-time percentages of local trains. Furthermore,
a comparison also shows that the technique of mixture of
experts can yield a superior GP prediction model by evaluating
the performance through MSE, RZ, and MAPE. Hence, we can
consider our proposed prediction approach to he a useful and
effect procedure for resolving a problem of prediction in the
real world.

Index Terms—Mixture of Expert, Genetic Programming,
Clustering, On-time Percentage, TRA.

[. INTRODUCTION

Prediction problems exist almost everywhere in our living
world, e.g. prediction of stock prices, power consumption,
rainfall, etc. For prediction problems involving trains, many
methods that apply techniques from different fields have
been proposed, and their effectiveness and usefulness have
been demonstrated. For example, [1] developed a hybrid
model called GAANN that utilizes genetic algorithms (GAs)
to optimize the network architecture of artificial neural
networks (ANNS) so as to forecast passenger volume in each
month on Serbian railways. Hence, the number of neurons in
the middle layer of ANNs can be determined by using the
selected population in GAs. A time series of the total monthly
number of passengers flows gathered from the SORS (the
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Statistical Office of the Republic of Serbia) was used to
assess the predicting performance of the GAANN. A
comparison between the GAANN and the traditional
SARIMA (Seasonal Autoregressive Integrated Moving
Average) model revealed that their proposed approach can
vield better forecasting results. [2] developed a model that
uses the Holi-Winters model with consideration of the
changes in TSF (train service frequency) for the OD (origin
to destination) at different times during an operating day to
forecast passenger flow in the short term on high-speed rail.
The Holt-Winters model can take advantage of
characteristics in the time series of passenger flow. In
addition, the changes of TSF for the OD at different times in a
day are also considered. The final hybrid model is generated
through integration based on the mmimum absolute value
method, To verify the effectiveness, the operational data of
the high-speed railway from Beijing to Shanghai railway
during 2012 to 2016 were used to demonsirate their proposed
model. Farthermore, their method can be further applied to
forecast the effects of the TSF with a definite formation. [3]
combined temporal forecasting based on a radial basis
function neural network (RBF NN) and spatio forecasting
based on spatial correlation degree to develop an approach
for forecasting the passenger flow status in a high-speed
railway transport hub (HRTH). The temporal forecasting
based on RBF NN is utilized to forecast passenger flow status
in the bottleneck position, as well as combining a spatio
forecasting approach based on spatial correlation degree to
improve the forecasting precision. The computational
experiments on actual passenger flow status of a specific
bottleneck position and its correlation points in the Chinese
HRTH revealed the effectiveness of their proposed approach
in forecasting the passenger flow status with high precision,
[4] developed several railway level crossing (LX) accident
prediction models that can highlight the main parameters’
influences. Based on LX accidents, they utilized the ordinary
least-squares (OLS) and nonlinear least-squares (NLS)
methods to estimate the respective coefficients for variables
in the prediction models. The dedicated accident database
provided by SNCF (National Society of French Railway
Networks) Résean was used as a case study to validate the
performance of their proposed model, and a comparison
process was made through evaluation by statistical means for
examining how well their models’ estimations can fit the
reality. The experimental and compared results prove that
their proposed improved accident prediction model can
produce statistic-based approbatory quality, while the
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combination of the proposed model with the negative
binomial distribution can yield relatively high accuracy of
prediction for the probability of accident occurrence. [5]
aimed to develop several primary delay recovery (PDR)
predictor models to predict recoverable train delay
accurately. They first utilized operation records from the
‘Wuhan-Guangzhou high-speed railway (HSR) to identify the
main variables, as well as individual sections” influence, that
affect the delay of a train by developing a general framework
that can be applied to any HSR line. Random forest
regression (RFR), multiple linear regression (MLR), support
vector machine (SVM), and artificial neural networks (ANN)
are then applied to predict the PDR. The validation results on
test datasets showed that the RFR prediction model can
outperform the other three alternative models while
measuring the prediction accuracy. In addition, the RFR
model can achieve a prediction accuracy of more than 80%,
while the prediction tolerance is less than one minute based
on their evaluation results. [6] applied the neural network and
origin-destination (OD) matrix estimation to propose a
divide-and-conquer method for forecasting the short-term
passenger flow in a high-speed railway system. They first
collected the numbers of arriving and departing passengers at
each station to form the OD matrices. The neural network
was then used to comprehend the short-term forecasting for
the arriving/departing passengers’ flow. Finally, an OD
matrix estimation method was utilized to obtain the OD
matrices for a short-term timeframe. Verification through a
case study on a high-speed railway with fifteen stations in
China showed that the proposed divide-and-conquer method
can indeed perform adequately in forecasting the short-term
passenger flow on a high-speed railway. [7] applied fuzzy
logic relationship recognition techmiques to build a
fuzzy-temporal-logic-based passenger flow forecast model
(FTLPFEM) where the past sequences of passenger flow are
considered by using fuzzy logic relationship recognition
techniques in the searching process to predict the short-term
passenger flow for a high-speed railway. The implementation
results using real-world data indicated that the FTLPFEM
model can significantly improve the forecast accuracy in
terms of measuring with MAE, MAPE, and RMSE compared
to the ARIMA (autoregressive integrated moving average
model) and KNN (k-nearest neighbor) models. [8] utilized a
timed event graph with dynamic arc weights to develop a
microscopic model to predict train event times. Through
using processed historical track occupation data to reflect all
phenomena of railway traffic captured by train describer
systems and preprocessing tools, the process times in the
model can be dynamically obtained. Next, the characteristics
regarding the graph structure of the model allow fast
algorithms to be applied to estimate the event times even for
large networks. Incorporation of predicted route conflicts on
train running times due to braking and reacceleration can
further increase the prediction accuracy. Furthermore, the
expected prediction error is continuously minimized
adaptively by detecting the train runs with process times that
successively deviate from their estimates in a certain pattern,
as well as the downstream process times. The train describer
log files on the busy corridor of Leiden-The
Hague-Rotterdam-Dordrecht in the Netherlands were used to
test and validate their proposed tool, and adequate
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experimental results were obtained. However, various errors
in logging of event times can still occur even though detailed
data with high quality have been used. [9] proposed an
approach based on fuzzy rules and time series analysis for
predicting online failure in railway transportation systems.
They model the relationships among different variables while
applying univariate time series analysis to describe the
evolution of each variable. Two predicted values can be
obtained for a dependent variable, where one variable is
produced from the time series model, and the other one is
computed from the fuzzy rules by implementing fuzzy
inference. A failure in some time period ahead can be
declared when the difference between the two values has
exceeded a pre-specified threshold. The authors claim that
their proposed method differs from the existing methods
since it not only considers the evolutionary trend of each
variable but also reflects the relationships among different
variables. In addition, no prior knowledge of the system
model or failure patterns are required. An ATP railway
transportation system was used to illustrate their proposed
method, and experimental results also proved that the
proposed method can predict online system failures
effectively. [10] presented a neural network model aiming at
predicting the delay of passenger trains of Iranian Railways.
They utilized three methods, including normalized real
number, binary coding, and binary set encoding, to define
inputs. In addition, three different strategies, called quick
method, dynamic method, and multiple method, are
investigated to find an appropriate architecture for a neural
network to a specific task. The data regarding passenger train
delays are also divided into three parts, training, validation,
and testing sets, to prevent the occurrence of overfitting while
modeling a neural network by making cross validation. The
execution results by implementing three different data input
methods and three different architectures are compared with
each other, as well as with well-known prediction methods
including the decision tree and multinomial logistic
regression. A time-accuracy graph is plotted to make a fair
comparison among all models, and the results indicate that
their proposed model indeed can yield higher prediction
accuracy. [11] exploited big data technologies, learning
algorithms, and statistical tools to build a data-driven train
delay prediction system (TDPS) for railway networks with
large scale. Their intention was to exploit the recent
in-memory large-scale data processing technologies for
predicting train delays by developing a fast learning
algorithm for shallow and deep extreme learning machines. It
was demonstrated that their proposed method can perform up
to twice as well as the current state-of-the-art methods
through a case study and comparison on the train movement
data provided by RFI (Rete Ferroviaria Italiana) in the real
world. The authors also present methods for tuning the
hyperparameters of the learning algorithms efficiently and
effectively. In addition, robust models with high performance
with respect to the actual train delay prediction system of RFI
are derived by deeply exploiting the historical data on train
delays. [12] proposed a method of calculating spatial
correlation degree between a key area and a correlated
surveillance area, and developed an algorithm to forecast
passenger flow risk according to the spatial correlation. The
effectiveness of their proposed approach was verified
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through implementing computational experiments on a
specific key area in a high-speed railway transport hub, and
adequate results were obtained. [13] proposed a booking
model by using a framework of case-based reasoning based
on reservation data. There are four modules containing
distinctive functions for similarity evaluation, instance
selection, arrival projection, and parameter search included in
his proposed method. The forecasting capability was
validated by testing the proposed model on fourteen collected
data series and comparing the out-of-sample accuracy based
on the four traditional benchmarks. According to the
empirical results, his proposed self-learning model could
reduce at least 11% of mean square errors (MSE) on average,
and the MSE can be significantly reduced through the
learning scheme in his proposed approach in comparison
with the other naive versions’ prediction performance.

As the above literature review shows, problems regarding
the prediction of the on-time percentages of trains has not
been investigated previously. However, predicting the
on-time percentages of trains is a critical issue for the
operation of a railway corporation since the on-time
percentages of trains have considerable effects on making an
appropriate timetable, organizing the stations for waiting
trains, organizing the running tracks of trains, arranging the
sufficient manpower etc. However, various factors can
influence the on-time percentages of trains, e.g. the total
number of passengers, passengers’ types, operating days of
trains, the initiation and terminal stations or time, the running
distances for trains etc., and it is not easy to identify and
simultaneously consider all of them completely. In addition,
it is also a difficult task to gather the operation data of trains.
The prediction for the on-time percentages of trains is
therefore considered a very complicated and thormy problem,
and has been the subject of far fewer studies. Next, the
mixture of experts is a practical technique for resolving a
single problem by partitioning the original problem into
several sub-problems with smaller sizes, and tackling each
sub-problem to create an expert that is dedicated to solving its
corresponding specialized sub-problem. Therefore, this study
develops a prediction approach by using a technique of a
mixture of experts based on genetic programming (GP) and
clustering analysis. The remaining sections are organized as
follows. The analyzing and modelling methodologies are
briefly introduced in Section 2. Then, Section 3 presents our
proposed prediction approach. Section 4 gives a real case
study on predicting the on-time percentages of local trains
operated by the Taiwan Railway Administration in Taiwan,
Finally, conclusions are provided in Section 5.

I1. ANALYZING AND MODELLING METHODOL OGIES

There are two main analyzing and modelling
methodologies including the two-step clustering and genetic
programming in our proposed prediction approach. This
section briefly interprets these two research methods by
introducing two-step clustering first.

A. Two-step Cluster Analysis

Cluster analysis is a method which groups a set of data
such that the data in the same group, i.e. cluster, are more
similar to each other than to other groups’ data. Cluster
analysis can be achieved by various approaches. TwoStep
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cluster analysis is a famous one among these methods. The
TwoStep cluster analysis procedure utilizes a likelihood
distance measure where the variables in the cluster model are
assumed to be independent. Furthermore, the distribution for
each continuous variable is assumed to be normal, and a
multinomial distribution for each categorical variable is
assumed. The TwoStep cluster analysis differs from the
traditional clustering techniques in that it has several
desirable features including: (1) It can create clusters based
either on categorical or on continuous variables; (2) It can
select the optimal number of clusters automatically; (3) It can
analyze large scales of data files efficiently. The procedure of
TwoStep cluster analysis is summarized as follows:
Step 1. Construct a cluster features (CF) tree
The cluster features (CF) tree places the first case at
the root of the tree in a leaf node where the variable
information of that case is contained. Then, each
successive case is added to an existing node or it can
form a new node according to its similarity to the
existing nodes, as well as based on the similarity
criterion that uses the distance measure. Therefore, a
node can summarize the variable information about
the cases clustered in the node. The CF tree hence
can give capsule summary information for the data
file.
Step 2. Group the leaf nodes
An agglomerative clustering algorithm is applied to
group the leaf nodes of the CF tree to produce a
range of solutions. Then, Schwarz’s Bayesian
Criterion (BIC) [14] or the Akaike Tnformation
Criterion (AIC) [15] can be used as the clustering
criterion to determine the optimal number of
clusters.

B. Genetic Programiming

Through observing the evolution progress of organisms in
the natural world, C. R. Darwin put forward his famous
theory of natural selection and evolution. [16] presented the
well-known optimization method, called genetic algorithms
(GAs), based upon inspiration by Darwin’s evolution theory,
to solve an optimization problem by imitating the
evolutionary procedure of living beings. In GAs, a feasible
solution (individual) for an optimization problem is
represented by using a series of genes, called a chromosome,
that mimics the chromosome of a living thing. All individuals
form a population. The excellence of each feasible solution in
the population is evaluated by the fitness, assessed according
to the fimess function designed based on the objective
function in an optimization problem. The mechanism of
natural selection and matching is designed to simulate the
marriage of individuals to form a matching pool. Then, the
paired individuals, called parents, in the matching pool can
hopefully produce superior new individuals, called offspring,
by using well-designed crossover functions which closely
relate to the fitness corresponding to a feasible solution in an
optimization problem. In addition, a mutation function is also
designed to represent the unusual situation of crossover, i.e.
extraordinary genetic changes. Finally, the individuals of
offspring are assessed by the fitness function, and the better
individuals among the offspring replace the worse (weak)
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individuals in the previous generation, i.e. their parents’
generation, thus forming a new population in the next
generation. Later, [17] developed genetic programming (GP),
which extends the GAs into a field of computer programs by
expressing a feasible solution (program) through a tree-based
structure as shown in Figure 1. The tree in Figure 1 represents
a computer program; we can decode the tree from left to
right, as well as from bottom to top, as follows:

3-Z+8x./y

The tree in GP is made up of elements from two parts
including the terminal and function sets. The terminal set
defines the elements that are available for each terminal
branch of the GP program (chromosome). It can be the
independent variables, zero-argument functions, random
constants, etc. For example, the 3, x, 15, & and y are the
elements in the terminal set. The function set is a set of
primitive functions available to each branch of the
tree-structure  program, such as addition, square root,
multiplication, sine and others. The + -, x, +, and </ are the
elements from the function set. The fitness corresponding to
the above equation can be evaluated by feeding variables x
and y into Equation (1), as well as referring the objective
function that it is intended to optimize. Next, the crossover
and mutation operators in GAs can also be transformed to the
styles that can fit the tree-based GP as illustrated in Figures 2
and 3, respectively. In Figure 2, the original paired solutions
include:

X
3-—48x,y
4 + cos(x) — %

The new paired solutions will be:
3 —cos(x) + 8% /¥

log(y)
6Z

(1)
Similarly, the original tree, i.e. 3 — lx—s +8x% ﬁ in Figure 3

44 lx—scos(x) =

mutates into a new program, i.e. 3 —l—xs +8x(5+y).

Figure 2. Crossover in the tree-based GP

22

37

WWW.ijern.com



International Journal of Engineering Research And Management (LJERM)
ISSN: 2349- 2058, Volume-06, Issue-07, July 2019

Figure 3. Mutation in the tree-based GP

On the basis of the above definitions, the simple GP can be
depicted by Figure 4 and stated by the following procedure
[18-200:

1. Initialization

The control parameters in GP, eg. population size,
maximum size of programs, crossover rate, mutation rate
etc. are first specified. Then, a population of initial
solutions {programs or individuals) is generated based
on some well-designed mechanism or randomly. In
general, the programs should be generated with the
condition of a pre-specified maximum size, and the
individuals can have different sizes and shapes.

Ewaluation

Initialization

2. Ewaluation

Each program in the population is executed and its
fitness (adaptability) in the population iz explicitly or
implicitly measured in terms of how well it can solve the
optimization problem through a pre-defined fitness
fimction. The ways for evaluation can be various, e.g. the
amount of error between its output and target, the total
cost/time for bringing the system to a desired state, or the
classification accuracy. The evaluated result is called the
fitness.

Create the next generation

Individuals are selected from the population with a
probability that is based on fitness. Then, the genetic
operators are applied to the selected individuals
(programs), including;

(1} Reproduction: Copy the selected program to create a
new individual.

Crossover: Randomly recombine chosen parts of
paired selected programs (called parents) to form
two new individuals (called children) in the
offspring.

Mutation: Randomly mutate a randomly chosen part
of the selected program to generate a new offspring
individual.

Architecture-altering: Alter the architecture of the
selected program to produce a new offspring
individual.

The individuals in the current population (the now-old
generation) are replaced by the individuals in the
offspring population based on a certain strategy, e.g.
elitist strategy, to create individuals in the new
population (the next generation).

Check the termination criterion

The single best program ever encountered during the run
(i.e. the best-so-far individual} is designated as the final
result when the termination criterion is satisfied. Steps 2
to 4 will run iteratively if the termination criterion cannot
be fulfilled.

2

3

“

4

i 1

[ Reproduoton |

Muaion | [ Alerarchtecinre |

oriterian

Tes

Figure 4. Simple GP flowchart
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OI. PROPOSED AFPROACH

This study proposes an approach for predicting the on-time
ratios of trains by using the technique of mixture of experts as
shown in Fignee 3, illustrated as follows:

Step 1

Step L

Diata preparation

The required data are first collected, To avoid having
a varlable with a wide range dominate a variable of
relatively narrow range, the data in each variable are
identically normalized into the range (-1, 1)
according to the maximum and minimam values of
the corresponding variables. Next, the normalized
data are divided into training and test data groups
based on a pre-determined ratio, e.g. 3:1. The training
data ate used to constmict 8 GP prediction model, and
the test data are applied to evaluate the
generalizability of the well-trained GOP model.
Constrct preliminary GF models

The GP technique is utilized to construct preliminary
GP models for predicting the on-time percentages of
traing. The prediction performance iz measured by
the toot-mean-square error (RMSE), R squared (Rz),
and mean absohite percentage error (MAPE). The GP
tool must be implemented several times to obtain
multiple prediction models.

Step 3: Select features form preliminary GP models

Step 4

Step 5

This step selects features, i.e. important variables that
have great impacts on the on-time ratios of traing
according to the preliminary GOF models built in the
previous step. Each preliminary GP  model
constructed in Step 2 ig analyzed to identify which
vatiables appeared very frequently in its building
progtess, called appearing wvariables in this smdy
Therefote, the featnted variables that significantly
influence the on-time ratios of trains can be identified
through synthesizing the information of sppearing
vatiables of each GP model built in Step 2.

Divide data into sub-problems

The TwoStep cluster analysis iz used where the
featured variables identified in Step 3 act as the bases
for clustering, The cptimal mimber of clasters iz
determined according to Schwarz’s Bayesian
Criterion (BIC) (Burnham and Andersor, 2002) or
the Akaike Information Criterion (AIC) (Akaike,
19€%) criterion. Hence, the original data prepared in
Step 1 can be segmented into several sub groups. The
data of each sub-group form a new prediction
problem,

Constract GP models for each sub-problem

Aszin Step 1, the data in each sub-group clustered in
Step 4 are partitioned into training and test data
groups according to a pre-gpecified ratio. Then, the
GP method is applied to the training data to establish
several GF prediction models, and the model with the
optimal prediction performance, measured by RMSE,
R% and MAPE, is designated to be the final GP
prediction model. In addition, the generalizability of
the final GP model to unknown data iz evaluated by
predicting the on-time ratios of trains in the
corregponding teat data group for each sub-problem,
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Step £

model

Step 7:

Mix OGP models of each sub-problem into a final

In Step 3, the final GF model of sach sub-problem
can be viewed ag an expert for predicting on-time
percentages  of traing for each cormesponding
sub-problem. Henee, each final GP model selected in
each sub-problem is then combined to make an
integrated GF prediction model that can predict
on-time percentages of traing for all sub-problems,
i.e all of the original data.

Ewaluate prediction performance

The original GF model built in Step 2 and the
integrated OF model combined in Step 6 are
compared to contrast their prediction performance, as
well ag to confirm the superiotity of the integrated
GF. The criteria for evalusting prediction
petformance can include MSE, RZ, MAPE ete.

Data prepatation

g

Construet
preliminary GP
models

'

Select features from
preliminary GP
models

.

Divide data into sub-
problems

!

Construct GP models
for sach sub-problem

!

Mix GP models of
each sub-problem
nto a final model

!

Evaluate prediction
performance

Figure 5. Proposed prediction approach

IV, CASESTUDY

In this section, a case study on prediction of on-time ratios
of traing is presented to demonstrate the usage of our
proposed approach.

A Introduction to TRA

Taiwan Railway Administration (TRA) iz a traditional
railway trangpottation company owned and operated by the
government of the Republic of China (ROC). The first
railway was constracted in 1891 with 28.6km of track. Now,
the total length of railways operated by TRA has mached
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1065km, and contains twelve lines as shown in Table 1 and
Figure 6. Since the population concentrates mainly in the
western areas, especially in the northwest areas, the traffic of
railways between Zhunan and Keelung is considered the
busiest. In addition, there are several types of passenger
trains, e.g. Tzu-Chiang Limited Express, Puynma Express,
Taroko Express, Chu-Kuang Express, Fu-Hsing Semi
Express, Fast Local, and Local Trains operated
simultaneously on the same tracks. Among these trains, the
Local Trains must often wait for an Express or Fast Local
Train to pass, thus the on-time percentages of Local Trains
are influenced by many factors and are not easily predicted.
Therefore, this study focuses on predicting the on-time
percentages of Local Trains which operate covering the
region between Zhunan and Keelung stations.

Koelung  pingxi Line—e Jingtong

Table 1. TRA operation lines

No. Lines
1 Chengzhui Line
2 | Eastern Trunk Line
3 | JijiLine
4 | Liya Line
5 | Neiwan Line
6 | PingxiLine
7 | Shenao Line
8 Shalun Line
o South Link Line
10 | Suaoxin-Suao Line
11 | Western Trunk Line
12 | Western Trunk Line (Coast Line)

Shenao——e Shenao

|

Badouzi — -
Sandiaoling Ruifang
Zhuzhong Suae
North Hsinchu p——Neiwan Lin Neiwan
| Suaoxin pSuaoxin -Suao Line

Zhunan

Eastern Trunk Line

Chengzhui Line—s Chenggong

Eastern Trink Line (Coast Line)— Changhua

Ershui p—1Iiji Line—e T

Zhongzhou

Fangliao

Liujia Line—s

iji

p—Shalun Line—e Shalun

South Link Line:

Liujia

Eastern Trunk Line

' Taitung

Figure 6. Map of TRA operation lines

B. Data Preparation

First, several variables that are thought to be possible
factors, ie. independent variables, that might affect the
on-time percentages of Local Trains are first determined, as
summarized in Table 2 (also refer to Figure 6). The response,
i.e. dependent variable, is the on-time percentage of each
Local Train. The on-time percentage of a Local Train is
defined as the total number of trains that can arrive at the
terminal station on time divided by the total number of trains
that arrive at the terminal station during an operating period,
usually one month. Furthermore, a train is deemed to be on
time if the train can arrive at its terminal station within five
minutes of its scheduled time. For each Local Train, the
thirty-three prediction variables, i.e. independent variables,
as shown in Table 2 along with its corresponding on-time
percentage, i.e. dependent variable, are arranged into a row.
Based on the operation data collected by TRA on March
2019, this study gathered the data including 278 rows.
Among these independent variables, the ranges of some
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predictors are large relative to certain other ones. For
example, the minimum and maximum values for the “Initial
time” (independent variable #5) are 100 and 1400,
respectively. However, the “Train-kilometer” (independent
variable #6) only ranges from 2.1 to 130.9. In order to avoid
the effects of the large-range variables dominating the effects
of variables with relatively small ranges on the dependent
variable, all variables (including the independent and
dependent variables) in the collected data with 278 rows are
first normalized linearly to arange from -1 to 1 based on their
corresponding  maximum and minimum values. The
normalized data are then randomly partitioned into the
training and test data sets with 209 and 69 rows, respectively,
based on a ratio of 3:1.
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Table 2. Possible factors that might affect the on-time

percentages of Local Trains

No.

Factors
(Independent variables)

Explanation

Northbound/Southbound

The train is northbound/southbound.

Operation days

Train runs daily/on Sundays/daily
except Sundays/daily except
Saturdays.

Operation lines

Train runs via Eastern Trunk line/
Eastern  Trunk  Line  (Coast
Line)/Cross-Line (Mixed Lines).

Initial kilometer marker

Kilometer marker (“kmarker”) of
station from which train initiates.
Zhunan station kmarker is set at 0.
Kmarker of each station is calculated
based on distance from Zhunan
station.

Initial time

Time when train sets out.

Train-kilometers

Distance of train’s trip.

Traveling time

Duration of train’s trip.

@[] |

Train-kilometers before train
enters region

Northern point at which Western
trunk and Western trunk line (coast
line} merge is Zhunang station.
Eastern trunk line starts at Badouzi
station. Trains not setting out from
points between Zhunang and
Keelung stations have run for a
distance before entering region
between Zhunang and Badouzi
stations. This distance is defined as
“Train-kilometers before train enters
region”.

Travel time before train
enters region

Similar to explanation in previous
factor. Trains not initiating between
Zhunang and Keelung stations have
run for a duration before entering
region between Zhunang and
Badouzi sations. This duration is
defined as “Travel time before train
enters region”.

10

Number of waiting times
before train enters the region

Similar to situation explained in
factor 8. Trains not initiating
between Zhunang and Keelung
stations must wait for Express/Fast
Local Train several times before it
enters region between Zhunang and
Badouzi stations. This number of
waiting times is defined as “Number
of waiting times before train enters
region”.

‘Waiting time before train
initiates

Similar to situation explained in
factor 8. A train not initiating
between Zhunang and Keelung
stations must wait for Express/Fast
Local Train for a duration before it
enters region between Zhunang and
Badouzi stations. This waiting
duration is defined as “Waiting time
before train initiates™.

12

Train-kilometers after train
leaves region

Similar to situation explained in
factor 8. A train not terminating
between Zhunang and Keelung
stations must run for a distance after
leaving region between Zhunang
and Badouzi stations. This distance
is defined as “Train-kilometers after
train leaves region”.

13

Traveling time after train
leaves region

Similar to situation explained in
factor 8. A train not terminating
between Zhunang and Keelung
stations must run for a duration after
it leaves region between Zhunang
and Badouzi stations. This duration
is defined as “Traveling time after
train leaves region”.

14 | Number of waiting times | Similar to situation explained in
after train leaves region factor 8. A train that does not
terminate between Zhunang and
Keelung stations must wait for
Express/Fast Local Train several
times after it leaves region between
Zhunang and Badouzi stations. This
number of waiting times is defined
as “Number of waiting times after
train leaves region”.

15 | Waiting time after train | Similar to situation explained in
leaves region factor 8. A train that does not initiate

between Zhunang and Keelung
stations must wait for Express/Fast
Local Train for some duration after it
leaves region between Zhunang and
Badouzi stations. This waiting
duration is defined as “Waiting time
after train leaves region”.

16 | Number of waiting times | The total number of delays due to
during operating | waiting for Tzu-Chiang Limited
(Tzu-Chiang Limited | Express to pass while running
Express) between Zhunang and Keelung

stations.

17 | Number of passing trains | Total number of passing Tzu-Chiang
during operating | Limited Express trains while a train
(Tzu-Chiang Limited | runs between Zhunang and Keelung
Express) stations.

18 | Operating  distance  of | Total distance which passing
awaited Express | Tzu-Chiang Limited Express trains
(Tzu-Chiang Limited | have run before Tzu-Chiang Limited
Express) Express passes a train that runs

between Zhunang and Keelung
stations.

19 | Waiting time of a train | The total time a train must wait for
(Tzu-Chiang Limited | Tzu-Chiang Limited Express to pass
Express) while running between Zhunang and

Keelung stations.

20 | Number of waiting times | The total number of delays due to
during operating | waiting for Puyuma/Taroko Express
(Puyuma/Taroko Express) to pass while running between

Zhunang and Keelung stations.

21 | Number of passing trains | Total number of  passing
during operating | Puyuma/Taroko Expresstrains while
(Puyuma/Taroko Express) a train runs between Zhunang and

Keelung stations.

22 | Operating  distance  of | Total distance passing
awaited Express | Puyuma/Taroko Express trains have
(Puyuma/Taroko Express) run before Puyuma/Taroko Express

passes a train that runs between
Zhunang and Keelung stations.

23 | Waiting time of a train | Total time a train must wait for

(Puyuma/Taroko Express) Puyuma/Taroko Express to pass
while running between Zhunang and
Keelung stations.

24 | Number of waiting times | Total number of delays while a train
during operating | mustwait for Chu-Kuang Express to
(Chu-Kuang Express) pass while running between

Zhunang and Keelung stations.

25 | Number of passing trains | Total number of passing Chu-Kuang
during operating | Express trains while a train runs
(Chu-Kuang Express) between Zhunang and Keelung

stations.

26 | Operating  distance  of | Total  distance the  passing
awaited Express | Chu-Kuang Express trains have run
(Chu-Kuang Express) before Chu-Kuang Express pass a

train that runs between Zhunang and
Keelung stations.
27 | Waiting time of a train | Total waiting time for a train while
{Chu-Kuang Express) waiting for Chu-Kuang Express to
pass  while running between
Zhunang and Keelung stations.
28 | Number of waiting times | Total number of delays while a train

during operating (Fast Local
Train)

must wait for Fast Local Train to
pass while running between

26
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Zhunang and Keelung stations.

C. Build Preliminary GP Prediction Models

29 | Number of passing trains
during operating (Fast Local

Train)

Total number of passing Fast Local
Trains while a train runs between
Zhunang and Keelung stations.

The GP technique is then applied to the prepared training
and test data sets to build preliminary GP prediction models

30 | Operating  distance  of
awaited Express (Fast Local

Train)

Total distance which passing Fast
Local Trains have run before Fast
Local Trains pass a train that runs
between Zhunang and Keelung
stations.

for the on-time percentages of trains. Here, the Discipulus GP
software is used with its default parameter settings. The
important parameters, including the population size,
crossover rate, and mutation rate, are set as 500, 0.5, and

31 | Waiting time of a train (Fast

Local Train)

Total waiting time for a train waiting
for Fast Local Train to pass while
running between Zhunang and
Keelung stations.

0.95, respectively. The GP software is repeatedly run ten
times to select the optimal prediction model, and Table 3
summarizes the execution results. The fifth execution,
denoted by a star (*), is selected as the best preliminary GP

32 | Number of waiting times for

awaiting one train

Total number of delays while a train
must wait for any type of train while
running between Zhunang and
Keelung stations.

model since it can yield relatively low training RMSE and
MAPE, as well as high training R® among ten runs. In
addition, the coefficient of variance (CV) for the RMSE, R%,

33 | Number of waiting times for
successively awaiting two

trains

The total number of delays when a
train must successively wait for two
of any type of train while running
between Zhunang and Keelung
stations.

and MAPE are 0.119279, 0.03201, and 0.14087,
respectively, for the training data set. These values can be
considered low enough. Therefore, the preliminary prediction
models built through GP can be thought of as adequately

robust.

Table 3. Execution results for building preliminary GP models

E ion N Training Test
xecution Mo RMSE R MAPE RMSE R MAPE
1 0.019533 0.71775 0.14033 0047474 0.71523 011198
2 0.040292 0.70159 0.11509 0.056866 0.59651 0.12092
3 0.042408 0.69721 0.12253 0.057540 0.61642 0.13027
4 0.045794 0.69648 0.13509 0.055894 0.62280 0.11493
5+ 0.033239 0.76070 0.10278 0.026404 0.81803 0.08709
6 0.044826 0.71107 0.13180 0.059220 0.62012 0.13106
7 0.036971 0.74628 0.14069 0034618 0.75413 0.09325
B 0.037352 0.73539 0.13647 0.031590 0.79798 0.09385
9 0.046159 0.69462 0.13734 0.059839 0.60852 012654
10 0.041119 0.72748 012116 0.059599 0.58558 013238
Moan 0.041769 071885 012833 0.048904 0.67353 011423
Htandard 0.004982 0.02301 0.01254 0013078 0.08893 0.01720

Deviation

v 0.119279 0.03201 0.14087 0267425 0.13204 0.13143

D. Feature Selection Based on Preliminary GP Models

The frequency of appearance for each independent
variable while evolving in the building processes of the best
GP model, ie. the fifth model shown in Table 3, is
summarized in Table 4. Based on Table 5, the independent
variables #2 and #5 always appear, i.e. a 100% frequency, in

the evolving process of the best preliminary GP model.
Therefore, these two independent variables are considered to
be the most critical factors that can influence the dependent
variable, i.e. on-time percentage of a train, and are thus
selected as the featured variables in the TwoStep cluster
analysis shown in the following Section.

Table 4. Frequencies of appearance of each independent variable while evolving the best GP model

Independent variable no. 1 2 3 4

5; 6 7 8 9 10 11

“Appearance frequency 30% | 100% | 350% | 67%

100% 33% 17% 0% 17% 50% 50%

Independent variable no. 12 13 14 15

16 17 18 19 20 21 22

Appearance frequency 40% 30% 17% 50%

23% 10% 50% 83% 33% 50% 67%

Independent variable no. 23 24 25 26

27 28 29 30 31 32 33

Appearance frequency 23% 3% 60% 17%

37% 0% 3% 33% 33% 20% 13%

E. TwoStep Cluster Analysis for Dividing Data

The two independent variables identified in Section 4.
are fed into the TwoStep cluster analysis for further
clustering the original data prepared in Section 4.B to vield
data groups with enough diversity. SPSS software is used to
implement the TwoStep cluster analysis where the distance
between two items are evaluated by the likelihood measure,
the BIC (Schwarz’s Bayesian Criterion) clustering criterion
is applied, and the optimal number of clusters is determined
automatically by the SPSS process. Hence, the original data
prepared in Step 1 with 278 rows are divided into four
sub-groups. In addition, the data in each sub-group cluster are
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further partitioned into training and test data groups based on
a pre-determined 3:1 ratio as shown in Table 5. Table 5 also
depicts the clustering centers of independent variables #2 and
#5 for each group’s data. From Table 5, the clustering centers
of independent variables #2 and #5 in the first sub-group are
1.39 and 760.38, respectively. The second and fifth
independent variables (factors) are “Operation days” and
“Initial time” as shown in Table 2. In addition, the “Operation
days” are coded as 1, 2, 3 and 4 for the trains running daily,
on Sundays, daily except Sundays, and daily except
Saturdays. Meanwhile, the values of “Initial time” are coded
according to the time when the train sets out, e.g. coding 8:30
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and 15:20 as 510 (minutes) and 920 (minutes), respectively.
Therefore, the first sub-group’s data mainly represent the
Local Trains that run daily or on Sundays, and depart around
12:30. Similarly, the second sub-group’s data primarily
represent the Local Trains that run on Sundays and initiate

about 15:30. The major Local Trains that run on Sundays and
start from their initiation station at about noon are partitioned
into the third sub-group. Finally, the last sub-group’s data
mainly stand for the Local Trains with running days of
Sundays, as well as initiating time of about 13:30.

Table 5. Four sub-groups” data obtained by the TwoStep cluster analysis

: ; ; Clustering center
S| iy | Qumiof | QY | ofenten Tyt
variable # 2 variable # 5
1 76 57 19 1.39 760.38
2 88 66 92 1.70 925.12
3 52 39 13 1.83 732.77
4 62 47 15 1.68 806.85

F. Build GP models for sub-problems

The GP method implemented by the Discipulus software is
utilized again for the training and test data of each sub-group
shown in Table 5. For each sub-group’s data, the GP software
is run ten times, and Table 6 summaries the implementation
results. Based on the RMSE, R?, and MAPE, the sixth, ninth,
seventh, and second GP models in Table 6 are selected as the
best prediction models for the four sub-groups’ data and
denoted by a star (¥). From Table 6, it can be seen that the GP
tool can build a superior model for predicting the on-time
percentages of trains by the training data in the fourth
sub-group. In other words, the on-time percentages of the
Local Trains that mainly run on Sundays and set out at about
13:30 are relatively easy to predict. The first major reason we
consider is that the time needed for getting on and off the
trains can be significantly reduced since there are fewer
working commuters at noon each day, especially on Sundays.
The other reason is that most passengers on Sundays are
travelers who start their travelling early in the morning and
return home in the evenings or even very late. Hence, this
situation further reduces the time for getting on and off the
trains, especially around 13:30. Due to the above reasons, the
on-time percentages of trains are higher, and thus are
relatively easily predicted. Notably, the prediction
performance via the tests MSE, R?, and MAPE are not always
the best among all of the best GP models selected for each
sub-group’s data. However, the test R” still can attain a value
of 0.89, which is considered high enough in the field of social
science. On the other hand, the training MSE, R?, and MAPE
in the second sub-group are worse among the best GP models
selected for four sub-groups’ data. That is to say that the
on-time percentages of Local Trains that run on Sundays and
mainly depart about 15:30 are relatively difficult to predict.
The main possible cause is that the time 15:30 may be
considered a rush time on Sundays since many travelers start
their journey to the big cities for fun in the evening. In
addition, there are more accidents at the level rail crossings
since the road traffic is comparatively busy, thus delaying the
running of trains and decreasing the on-time percentages of
trains. Therefore, the on-time percentages of trains can vary
greatly and are hard to predict. Besides, the MSE, R%, and
MAPE for the test data in the second sub-group are worse
among all of the best GP models chosen for each sub-group’s

data. However, the R* for the training and test data can also
reach 0.91 and 0.89, respectively, which can be regarded as
high. The training and test MAPEs are all less than 15%,
considered a difficult level that can be attained in dealing
with the difficult prediction problems for on-time
percentages of trains. In general, the GP technique can yield
prediction models with sufficient quality since the lowest
training and test R”s for all of the best GP models determined
in each sub-group can be up to 0.91 and 0.89, respectively,
and the largest training and test MAPEs are less than 0.051
and 0.15, individually. Furthermore, the superior training and
test R’ can even achieve levels of 0.98 and 0.97,
respectively. Based on the above information, the GP tools
can produce a model with sufficient prediction performance,
since GP can concentrate on constructing a prediction model
for each sub-group’s data where the data represent a
particular, i.e. similar, situation of running and initiation for
Local Trains.

G.Mixing Expert Models and Evaluating Prediction
Performance

Each of the selected GP models can be thought of as an
expert for predicting on-time percentages of trains for its
corresponding sub-group’s data. Hence, these selected
models are merged to build an integrated prediction model to
predict on-time percentages of trains, where which GP model
should be applied for prediction is in accordance with which
group a train’s information is clustered in. Then, the criterion
for evaluating prediction performance including MASE, R?,
and MAPE is compared for the selected best preliminary GP
model built in Section 4.C, denoted by GP.y, and the
integrated one combined in Section 4.G, denoted by GPy,.
The comparison is provided in Table 7, in which we can see
that the GP,; prediction model by mixing an expert in its
professional field can provide less MSEs and MAPEs, and
can yield higher R’s for both the training and test data
compared to the GP .y model. In other words, the process for
dividing the data by the critical factors, i.e. important feature
variables for the dependent variable, into appropriate groups
such that each group’s data can be similar as much as possible
is an effective method for improving the prediction
performance of built GP models.

Table 6. GP Implementation Results for Each Sub-group in Table 5

| sub | RunNo. | Training

| Test |

28
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group MSE R MAPE MSE R MAPE

1 0.003878 0.96666 0.03296 0.005185 0.90286 0.03582

2 0.003746 0.96099 0.03253 0.005211 0.90142 0.03450

3 0.004360 0.96633 0.03477 0.004385 091813 0.02577

4 0.003718 0.96580 0.03199 0.004761 0.89982 0.03009

3 0.003832 0.96298 0.02790 0.006025 0.88531 0.03625

6* 0.002469 0.97867 0.02422 0.002547 0.96548 0.02284

1 7 0.002990 0.97303 0.02711 0.007858 0.84500 0.04110

8 0.002827 0.97185 0.02744 0.004092 0.93712 0.03122

9 0.003543 0.96940 0.03173 0.007134 0.87358 0.03508

10 0.004142 0.96866 0.03512 0.007286 0.87669 0.04222

Mean 0.003551 0.96844 0.03058 0.005448 0.90054 0.03349

Sta]?d?Id 0.000602 0.00514 0.00364 0.001644 0.03413 0.00615
deviation

CV 0.169647 0.00531 0.11966 0.301858 0.03790 0.18366

1 0.012843 0.90383 0.06209 0.058458 0.69453 0.15926

2 0.014286 0.89381 0.06557 0.038088 0.82979 0.12412

3 0.013526 0.88571 0.06027 0.043950 0.81992 0.13628

4 0.013570 091142 0.06260 0.048038 0.80901 0.14837

5 0.011713 0.89068 0.05353 0.045687 0.84975 0.14093

[3 0.013576 0.87850 0.06038 0.043168 0.86403 0.14026

5 F 0.013256 0.90287 0.06194 0.0269006 0.86186 0.11020

8 0.011845 091103 0.05677 0.040638 0.74573 0.12779

9* 0.009452 0.91965 0.05076 0.046447 0.89437 0.14449

10 0.011334 0.89036 0.05632 0.046236 0.77562 0.14287

Mean 0.012540 0.89939 0.05902 0.043762 0.81446 0.13746

St@d?Id 0.001450 0.01275 0.00457 0.008012 0.06078 0.01378
deviation

CV 0.115611 0.01417 0.07739 0.183088 0.07462 0.10024

1 0.005389 0.97013 0.03990 0.016691 0.96184 0.07177

2 0.000853 0.96211 0.05026 0.019167 0.95092 0.07839

3 0.004169 0.97596 0.03726 0.019048 0.96048 0.07374

4 0.005335 0.97112 0.04741 0.020214 0.95013 0.068406

5 0.007032 0.95792 0.05405 0.017480 0.96623 0.07762

6 0.007537 0.95537 0.04837 0.026827 0.93644 0.08446

3 i 0.003667 0.97795 0.03509 0.013700 0.97373 0.04322

8 0.004750 0.97135 0.03592 0.019509 0.94273 0.09212

9 0.006794 0.96258 0.04597 0.028211 091973 0.09926

10 0.007558 0.95729 0.04541 0.023546 0.93591 0.08203

Mean 0.005908 0.96618 0.0439 0.020439 0.94981 0.07711

St@d?Id 0.001426 0.00813 0.00653 0.004516 0.01643 0.01513
deviation

CV 0.241359 0.00841 0.14851 0.220948 0.01729 0.19617

1 0.010539 0.94065 0.05874 0.024060 0.84735 0.08848

2* 0.003375 0.98444 0.03584 0.011314 0.89106 0.05107

3 0.006297 0.96767 0.04703 0.016395 0.84859 0.06743

] 0.010592 | 0.94088 0.06043 0.023018 | 0.79539 | 0.08682

5 0.009547 | 094642 0.05068 0.017206 | 0.82430 | 0.06040

6 0.009285 095911 0.06679 0.014762 0.87253 0.06748

4 7 0.006989 0.96676 0.05673 0.014304 0.85150 0.05809

8 0.005367 0.96852 0.04227 0.017012 0.82408 0.07160

9 0.005757 097611 0.05328 0.019887 0.8339¢6 0.07857

10 0.009723 0.96411 0.06983 0.011358 091817 0.05975

Mean 0.007747 0.96147 0.05416 0.016940 0.85070 0.06987

Stmd?Id 0.002513 0.01474 0.01061 0.004360 0.03561 0.01211
deviation

(G 0.324319 0.01533 0.19585 0.25746 0.04186 0.17326

Table 7. Comparison of Predicting On-time Percentages of Trains
Training
GPmodel g R MAPE MSE MAPE
GP 0.033239 0.76070 0.10278 0.026404 0.81803 0.08709
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[ TGP, [ 0005102 | 0.95273 |

0.03724

[ 0.020551 | 0.80427 [ 0.07267 |

V.CONCLUSIONS

The on-time percentages of trains could significantly affect
the operation of trains, as they are valuable information for
arranging appropriate timetables, determining waiting of
trains, deciding the tracks for running trains, and setting up
adequate manpower etc. The prediction of the on-time
percentages of trains, however, is a very complicated and
difficult problem due to various factors that can influence the
on-time percentages of trains and that are not easy to
completely identify and consider. In addition, segmenting an
original problem into several sub-problems, and creating an
expert that has expertise in its specialized area by solving
each sub-problem, called the mixture of experts, has been
popular. Therefore, this study proposes a prediction
procedure employing a mixture of experts by using genetic
programming (GP) and clustering analysis. The usefulness
and effectiveness of the proposed approach are verified
through a case study predicting the on-time percentages of
Local Trains operated by the Taiwan Railway Administration
(TRA) in Taiwan. The implementation results show that GP
can adequately construct an original prediction model for the
whole dataset. Appropriate groups of data are then found by
clustering with characteristics, i.e. features, variables that are
identified through exploring the well-constructed GP model.
An integrated prediction model can be obtained by mixing
experts dedicated to predicting data in each cluster. A
comparison shows that the integrated GP prediction model is
much better than the original one based on the performance
evaluation through MSE, R”, and MAPE. In other words, the
process for building a distinet GP prediction maodel for each
cluster’s data, having similar characteristics, can indeed
improve the prediction accuracy process. Therefore, our
proposed approach can be considered a useful and effective
tool for resolving a prediction problem in the real world.
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5 0.012969259]0.012615942| 0.010853 | 0.069250
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F6 BA1EHX 20 HERIAH

EES AR Al
R? RMSE MAPE R? RMSE MAPE R? RMSE MAPE
BA1 0.809821 0.026579| 9.70% 0.707651 0.03091 10.45% 0.201068} 0.058771] 18.89%
B2 0.814121 0.026196] 9.47% 0.744628} 0.02894 9.56% 0.200608] 0.05219 16.72%
BRX3 0.785768 0.028227] 10.19% 0.764133 0.02776 9.67% 0.087875 0.070613 21.36%
B4 0.78523§| 0.028150f 10.75% 0.766481 0.027714 9.87% 0.038011 0.060782) 204 7%
BXS 0.765122 0.029426] 10.97% 0.742464] 0.029163] 10.49% 0.075751 0.057629 17.79%
BmX6 0.621168| 0.038550] 15.63% 0.599113] 0.037368 14.44% 0.215573 0.04218 14.63%
BR T 0.640995 0.036363] 14.41% 0.627055] 0.03495¢ 13.25% 0.199844] 0.04687: 16.02%
28 0.636820) 0.036737 14.68% 0.612745 0.035734 13.65% 0.227432] 0.04337 15.01%
#X9 0.666652] 0.035039 13.70% 0.649858 0.03385 12.72% 0.229873 0.045753 15.65%
10 0.666942 0.035024] 13.65% 0.652297 0.03374] 12.64% 0.229472 0.045703 15.64%
A1 0.838713) 0.024678] 9.15% 0.801817| 0.025771 9.11% 0.177903) 0.052617] 17.30%
12 0.843941 0.023974] 8.54% 0.824717 0.024027 8.20% 0.181985 0.059293 18.46%
A 13 0.855820 0.023060| 8.23%% 0.820722] 0.024284] 8.38% 0.142681 0.05972! 1941%
214 0.826656] 0.025278] 9.15% 0.804273 0.02534 8.78% 0.145954 0.060233 18.836%
B A 15 0.686533 0.034030f 12.87% 0.663405] 0.03319¢ 12.02% 0.264022] 0.04593 1561%
216 0.697235] 0.033395 12.79% 0.682005 0.032243 11.72% 0.246388] 0.046244 15.72%
AT 0.764421 0.029493 11.27% 0.750795 0.028599 10.09% 0.269457 0.044414] 14.54%
18 0.678750] 0.034406 13.25% 0.660774] 0.033335 12.45% 0.233945 0.044133 15.09%
B 19 0.776271 0.028715 10.51% 0.740883 0.029113] 10.24% 0.138654] 0.055985 18.44%
X 20 0.681899) 0.034252] 13.23% 0.63871¢| 0.034390) 12.80% 0.307007] 0.037870| 13.56%
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The Study on Applying the Soft
Computing in Forecasting the
Options’ Volatilities

Chih-Ming Hsu!" Li-Ya Peng?
Department of Business Administration (No. 1,
Hsin-Hsing Rd., Hsin-Fong, Hsinchu, Taiwan)
2 Account Office (No. 1, Hsin-Hsing Rd., Hsin-Fong,
Hsinchu, Taiwan)
*cmhsu@must.edu.tw
Abstract
Taiwan’s economic environment affected by
the intermational situation is quite large. In recent
years, the intensity of the expansion is weak
between the green light and the blue light, which
shows the boom development not as good as
expectation. Taiwan’s youth generation has low
salaries and little deposits; Therefore, the investors
choose the lower transaction costs of derivative
financial products to invest in order to gain higher
expected profits and slighter losses. The study

focuses on the Taiwan index options in financial
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derivatives. The data were collected from January
3, 2011 to October 28, 2016. We adopted the
genetic programming, back propagation neural
networks, genetic algorithms to construct the
volatility forecasting model. Based on the
construction, we created 20 prediction models.
Thus, we can accurately predict the volatility of the
closing price of the Taiwan Stock Exchange
Capitalization Weighted Stock Index on the next
trading day. in weighted index on the next day in
Taiwan. Hence, we are able to estimate the
reasonable price of the options and learn about the
risk regarding the options’ investments.

The experimental results showed that the
backpropagation neural network models can yield
the best performance with the coefficient of
determination 0.3. This implies that the constructed
prediction models perform better than the models
construscted previously, and can conform to the
options” markets. In addition, it revealed that taks
of forecasting volatilities are not simple works.
This study can provide wuseful information
regarding the options’s investments and lowing the
investment risks for investors.

Keywords (3~35words) . volatility prediction, genetic
programming, back propagation neural networks,

genetic algorithms
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Constructing an Optimal Portfolio by Using the MCDM and Kirill
Herd Optimization

Chih-Ming Hsu™
'Department of Business Administration ( No. 1, Hsin-Hsing Rd, Hsin-Fong, Hsinchu,

Taiwan )

*cmhsu@must.edu.tw

Abstract

Making a profit via buying a stock and selling it
at a low price and higher price, respectively, is
intuitive, thus making stock investment is relatively
easy while being compared with nvesting other
commodities in the financial field. For an investor, it
is very difficult task, however, to construct an optimal
portfolio among many stocks. Therefore, this study
intends to form an optimal portfolio through using the
multiple criteria decision making (MCDM) and krill
herd optimization techniques. Stocks in the finance
and insurance subsector n Taiwan are used to
illustrate our proposed procedure. Based on the
experimental results, the average expected weekly
returns on investment can attain 13.68%, which is
much superior to the one-year certificate of deposit of
about 1% in Taiwan. Hence, we can conclude that our
proposed approach can fit the real-world stock
market and can be used as a feasible, functional, and
valuable tool for an investor.
Keywords : Portfolio, multiple criteria decision
making (MCDM), krill herd optimization

1. Introduction
Relatively, investing stocks is easy while being
compared to make an investment to other
commodities in the field of financial investment. For
an investor, however, it is an important and difficult
work for choosing appropriate stocks to form an
optimal portfolio. First, an investor must select stocks

which are thought as potentially profitable from the
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many kinds of stocks in the financial market. In the
past, various multiple criteria decision making
(MCDM) methods have been widely applied to
evaluate the operating performance of corporations
which issue the candidate investment stocks. For
example, Wang et al! had proposed a systematic
method to assist organizations to determine the best
sustainable development goals partner. They used a
super slacks-based model, called super SBM, to rank
companies, as well as to measure their efficiency,
technical, and productivity changes in the past by
using the Malmquist productivity index (MPI), and
to forecast their future performance by using the GM
(1,1) model. Then, the optimal green logistics
partnerships and their competitiveness levels were
identified through combining the data envelope
analysis (DEA) and grey methods. Ghadikolaei ef al.2
had proposed a hybrid approach for evaluating the
financial performance of automotive companies in
the Tehran stock exchange (TSE) market. At first,
they utilize the Fuzzy Analytic Hierarchy Process
(FAHP) to find the optimal criteria weights. Then,
these companies were ranked by simultaneously
using the Fuzzy VIKOR, Fuzzy Additive Ratio
(ARAS-F)

Assessment and Fuzzy Complex

Proportional ~ Assessment  (Fuzzy =~ COPRAS)
techniques. The experimental results indicate that the
importance of economic value measures was higher
than accounting measures in financial performance
while these companies are evaluated.

After picking the investment targets from the



stock sea, investors must further determine the
optimal portfolio by simultaneously maximizing the
expected profit and minimizing the investment risk.
Notably,
NP-hard. Therefore, it is a laborious task to obtain a

the portfolio optimization problem is
hard solution, that is, a global optimum. Therefore,
investors usually apply the soft computing techniques
to acquire a soft solution, i.e. a near-optimal solution.
For example, Kumar and Mishra® presented a
approach by mixing the co-variance principles with
an artificial bee colony (ABC) to resolve the portfolio
optimization problems algorithm with multiple
conflictive objectives. Their method can provide
various optimal trade-off solutions through
simultaneously handling realistic constraints. Ni et
al® revised the original particle swarm optimization
(PSO) algorithm with dynamic random population
topology abstracted into an undirected connected
graph, which can be randomly generated based on
some predefined rules and degrees. The
implementation results showed that their proposed
dynamic random population topology really can
meliorate the calculation performance of the
traditional PSO method significantly. Metawa ef al.’
to propose a self-organizing method by applying the
genetic algorithm (GA) for dynamically organizing
bank lending decisions. The proposed model can
consider the maximization of bank profit, as well as
minimization of the probability of bank default to
construct an optimal loan portfolio. Seyedhosseini et
al.® combined the harmony search (HS) and artificial
bee colony (ABC) techniques to resolve a portfolio
optimization problem by formulating a Markowitz
mean-semivariance model. The efficiency and
accuracy were demonstrated by comparing the
efficient frontiers obtained by their proposed method
to those provide by the HS and GA. According to the
computational results, the proposed approach 1s better

than HS and GA, and can yield the optimal solution.
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Hajinezhad et al.” had developed an artificial neural
network (NN), called mixed Tabu machine (MTM),
in which, the state transition mechanism is regulated
by a Tabu search in both discrete and continuous
search spaces for assisting the search process, and
escaping from local minimum states of the energy,
thus finding the global optimum. The Hang Seng in
Hong Kong, DAX 100 in Germany, FTSE 100 in the
UK, S&P100 in the USA and Nikkei 225 in Japan,
are used to verify the efficiency of the MTM, and The
experimental results revealed that the proposed MTM
can yield excellent results within a very small CPU
time.

2. Methodologies
2.1 Multiple criteria decision making

The analytic hierarchy process (AHP),
introduced by Satty®, is a famous multiple criteria
decision making (MCDM) tool It's an effective
structural tool for organizing and analyzing complex
decision-making problems. Suppose a
decision-making problem has m decomposed criteria
and a decision maker has # alternatives. There are
three steps in the AHP as follows.
follows.
Step 1: Calculating the criteria vector

The AHP creates a criterion comparison matrix
A (mxm) by comparing the relative importance of

the criteria. The element a, in A represents the
importance of the #th criterion relative to the jth
criterion. The 7th criterion is more important than the

Jth crterion if a, >0, and a,<0 represents the

opposite  situation. The normalized criterion

comparison matrix Agem (mxm) is then calculated

based on the following formula:
a

i

S
> ay
A

ay

)

si=Luea s f=Lsem -



Finally, the criterion vector w (m-dimensional
column vector) can be obtained based on the

following equation:

w ==l @

Step 2: Computing the score matrix
First, each alternative & is compared to the
alternative [ with respect to the ith criterion to form
the element p, of the evaluation matrix B®
(i=1,2,...,m ) whichis an pxp matrix. The 3, >1
represents the kth alternative being better than the /th
alternative. Notably, 5; and p; must satisfy the
constraints:
byxb,=1.k=1..n1=1..n 3)
and
b, =lk=1..7n. 4
Next, the score matrix S ( nx m) can be acquired
as follows:
S=[s"s",. . s7]. %)
Step 3: Alternative ranking
The global score vector v (nx1) is calculated by
v=S8-w. ®)
where the kth element in v indicates the global

score that the AHP assigns to the kth alternative.

2.2 Krill Herd Optimization

In recent years, various nature-inspired
metaheuristic approaches had been proposed to solve
these

complex optimization problems. Usually,

algorithms are more powerful than the conventional
methods which rely on the formal logics or
mathematical programming Yang®. Among these
approaches, the krll herd (KH) optimization
algorithm Gandomi and Alavi® is a very new
metaheuristic relative to others. The KH 1s a

bio-inspired method based on the simulation of the
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herding behavior of the krill swarm in the nature. The
time-dependent position of a krill mdividual s
governed by three main actions including (1)
movement induced by other krill individuals, (2)
fraging activity, and (3) random diffusion. Hence,
Gandomi and Alavi® used the Lagrangian model to
represent the herding process for the ith krill

individual in an » dimensional decision space as

follows:
. N,+F,+D, (M
dt
where N, is the motion induced by others; F, is

the foraging motion; p, is the physical diffusion,
regarding the ith krill individual.

According to Hofman ef al'®, the krill
individual tries to maintain its high density and
moves due to their mutual effects. Therefore, the
motion of the jth krill individual induced by other
krill individuals can be defined as:

N/ = N"g, + o, N™ ®
where

xma\ v a}target (9)
where N™= i3 the maximum induced speed that is

usually taken as 0.01 (ms?) (Hofmann et al'%), o,

& =4

is the inertia weight of the motion induced between 0

and 1, n™ is the last motion induced, ¢* is the
local effect provided by other krill individuals and
o™ 1is the target direction effect given by the best
krill individual. Notably, the local effect can be
determined by assuming as an attractive tendency

between the krill individuals. Define the following

equations:
. X,-X, ao)
TONX X
g __E-K (an
i T T _ pobes

where JX; and X, represent the position regarding the

ith  and jth krill individual, respectively



(ij=12,...NN); K; and K, represent the fitness
(objective function value) of the ith and jth krill
individual, respectively (7 j=12_.NN), K™ and
K™= are the best and the worst fitness values of the
krill swarm so far. In addition, a small positive
number, n, is added to the denominator to avoid 0,
NN is the total number of the neighbor krill
individuals. Notably, a krill individual is thought a
neighbor of the ith krill individual if it locates within
the sensing distance of the ith krill individual 4

determined as follows:

1 N
d ==—YX,-X (12)
=3y LI,

where N is the total number of the krill individuals.
Hence, the local effect for the ith krill individual is
determined only by its neighbors, 1.e. the krill within
the sensing distance of the ith krill, as follows:

(13)

et B,

ocal _

a’ 7ZK’JX1J
=

For the effect of the best krill, 1.e. the krill with
the best fitness, on the #th krill individual is
formulated as:

e I 3

3 best™ £ best (14)
where C** is the effective coefficient of the best krill

to the ith krill and is defined as:

{15)

chet = 2(rand+IL)

where rand is random value ranges from O to 1; I is
the implementation iteration number, In. is the
maximum allowable implementation iteration
number.

Next, the foraging motion contains two parts
including the food location effect and the previous
experience effect. First, define the center of food for
each iteration as:

YK
annd el Ki

{16)

M=

1
Kl
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Hence, the food attraction for the ith krill can be

formulated as:

ﬁlfnnd :cfnnd[% K

1, food

an
where C%°d i5 the food coefficient of the ith krill and

1,food

is calculated as:

food _ 7# (]8)
G 2(1 7 )

The effect of the best krill to the ith krill is then
handled by the following equation:
‘Bxbm e I& 1&

T as
where the ibest is the best previously visited position
of the ith krill. Therefore, the foraging motion can be
formulated as follows:

E™ =V B +o " (20)
where

B=prts g @b

and Vyis the foraging speed that is usually taken 0.02
(ms1) (Price')), o, is the inertia weight of the
foraging motion in the range [0, 1], F°* is the last
foraging motion.

Fimally, the physical diffusion of a krill can be
considered to be a random process and be expressed
by the following equation:

D, = D"=§ 22
where D" is the maximum diffusion speed
taken between 0.002 and 0.01 (ms™) (Morin e al.'*);
the 8 is the random directional vector whose
component’s value lies between -1 and 1.

According to the above information, time, the

position vector of a krill individual from the time # to

the time s+ Ar can be formulated as follows:

X,(I+At):X,(t)+At% 23)

Notably, the Ar is a parameter that works as a scale
factor of the speed vector and influences the
searching space. The formula for determining the

parameter Az isas follows:

N
Ar=C,SUB~LB) 24
=



where the NV is the total number of the decision
variables, and LB; and UB; arc lower and upper
bounds of the jth variables ( j=12.. NV ).
respectively. The C; is a constant ranging [0, 2], and
the lower the C; the more precisely the krill
individual searches the solution space.

In  addition, the genetic reproduction
mechanisms, including the crossover and mutation,
arc also incorporated into the KH optimization
algorithm to improve the searching performance. The

crossover used in the KH is designed as follows:

. J-’C,-,m rand,, <Cr ©5)
in‘m else
and
Cr=02K,,. (26)

where re{1,2,.,i-1,i+1,.,N}. The mutation method
is defined by the following equations:

rand, , <Mu en

% else

im

. {* SLCHPEEI
im T

and

Mu =0.05K oy (28)
where p gef{l2,.,i-1i+1..,N} and pis a number
between 0 and 1. Notably, both the crossover and
mutation mechanisms converge to zero when the best
fitness increases.

In conclusion, the general steps in the KH
optimization algorithm can be depicted in Figure 1.
(Gandomi and Alavi®):

~ 1
S'"""S ‘ Genetic operators |

I 2 execution

Data preparation

1

‘ Position updating

Initialization l
Evaluation  No— | ciuination
. checking
|
Motion Yes
determination 4
T / \
| End

Figure 1. The general steps in the KH optimization.
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3. Proposed Approach
This study develops a portfolio optimization
procedure whose concept is briefly depicted in Figure

2.

Stage 1: Portfolio selection

Step 1. Set “select stocks” as the “decision-making problem” (goal) in the AHP.

Step 2. Treat each candidate corporation as an alternative in the AHP.

Step 3. Treat each financial index as a sub-problem in the AHP.

Step 4. Set the relative importance for each financial index to the other one.

Step 5. Set the performance of each candidate corporation to the other one for
each financial index.

Step 6. Rank the candidate corporations by synthesizing the performance of the
financial indexes of corporations respect to the goal.

Step 7. Determine the investment corporations (stocks)

1
Analytic hierarchy Portfolio {’/ Financial reports | \‘
process (AHP) selection \ da )

Stage 2: Portfolio optimization

Step 8. Gather the technical indicators and trading data for each stock selected
in Step7.

Step 9. Set the technical indicators as the input variables (predictors), as well as
let the closing stock price in the future decision-making day be the
output variable (response) to form a row of data

Step 10. Normalized the data in gathered in Step 9

Step 11. Divide the normalized data divided into The training, test, and

validation data according to the trading days

Step 12. Construct the regression forecasting model based on the training and

test data.

Step 13. Predict the closing stock price of the next decision-making day.

Step 14. Formulate the portfolio optimization problem by simultaneously

considering the investment profit and rick.

Step 15. Solve the portfolio optimization problem by the KH optimization.

| VVVVV Portfolio . (/ Technical [}
i optimization | indicator data \ /
Kirill herd (KH) | e

optimization

Figure 2. The proposed approach.

4. Case Study

In this study, the stocks in finance and insurance
subsector of the Taiwan stock market are considered.
The period of study is from 1 Jan. 2013 to 31 Dec.
2018. First, the financial reports announced at the end
of the first quarter in 2018 were gathered from the
TEJ (Taiwan Economic Journal) database for all the
corporations which issue stocks in the finance and
insurance subsector in Taiwan. Among the financial
indexes, seven important indicators, including the
carnings per share (EPS), return on assets (ROA),
return on equity (ROE), gross profit margin (GPM),
operating profit margin (OPM), debt ratio (DR), and
price-carnings ratio (P/E) are chosen as the criteria in
AHP. The selection of profitable stocks in a portfolio
through the AHP then can be described as a



decision-making problem consisting of seven
sub-problems. Each criterion (financial index) is
considered as important as the other criterion
(financial index). The corporations which are thought
to have comparatively high operating efficiency then
can be selected according to the scores obtained by
synthesizing to the global goal, ie. selecting stocks.
Ten corporations are considered in this study through
using the Expert Choice 11. The ten stocks include
the stocks of represented codes FO01~F010 according
to their priorities to the global goal, are selected.

The technical indicators and trading data of the
selected ten stocks were first collected from the
C-Money and TEJ databases. Notably, there are 16
technical indicators, (1) the 10-day moving average,
2)  20-day (3) moving
convergence/divergence, (4) 9-day
indicator K, (5) 9-day stochastic indicator D, (6)

9-day Williams overbought/oversold index, (7)

bias, average

stochastic

10-day rate of change, (8) 5-day relative strength
index, (9) 24-day commodity channel index, (10)
26-day volume ratio, (11) 13-day psychological line,
(12) 14-day plus directional indicator, (13) 14-day
(14)  26-day
buying/selling momentum indicator, (15) 26-day

minus  directional  indicator,
buying/selling willingness indicator, and (16) 10-day
momentum, considered in this study. For each trading
day, the sixteen technical indicators along with the
closing stock price of the trading day that is apart
from the current trading day with a decision-making
period are arranged into a row. These technical
indicators and closing stock price serve as the input
variables and output variable, respectively. Next, the
data in each column are normalized into a range
between O and 1 according to the maximum and
minimum values of the corresponding column. Next,
the arranged normalized data during 1 Jan. 2013 to 31
Dec. 2017, 1.e. the model building period, to form the
part (I) dataset. In addition, the part (II) dataset,
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consisting of the arranged normalized data during 1
Jan 2018 to 1 Dec. 2018, i.e. the investment period,
forms the validation data. The training and test data
are generated by randomly dividing the part (IT) data
based on a proportion of 3:1. The SPSS regression
tool is then applied to the training and test data to
construct the forecasting model where the forecasting
performance is evaluated through the cross-validation
technique, and the parameters in the SVR are
optimized by the grid-search approach.

Forecasting the closing stock price of the next
decision-making (trading) day with a
decision-making period, based on the techmcal
indicators of the current decision-making (trading)
day during the investment period, 1 Jan 2017 to 31
Dec. 2017, via the regression model, the KH, that is
coded by Ct+, 1s implemented to resolve the
portfolio optimization problem to determine the
optimal capital allocation for each stock in the
portfolio on the next decision-making day during the
investment period. The KH procedure is implemented
10 times for each decision-making day.

According to the experimental results, the
average expected weekly returns on investment is
13.68% for finance and insurance subsector. The
interest rate for the one-year certificate of deposit in
Taiwan is about 1%. Hence, the implementation
results confirm that the proposed approach 1s a

practical formatting a portfolio tool in the stock

markets of the real world.
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