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ABSTRACT

This study examines the order submission behaviors of buyers and sellers across different
strike prices in the Taiwan Index Options (TXO) market, with a particular focus on order
placement phenomena. It further analyzes how these behaviors impact market liquidity and
influence price volatility in both futures and spot markets. A liquidity indicator based on option
bid-ask spreads is constructed for the purpose of this research. Additionally, a hybrid deep
learning model is developed, combining Long Short-Term Memory Networks (LSTM) and
Convolutional Neural Networks (CNN), to predict future futures and the spot price volatility
based on the changes of buyer and seller orders. Empirical results indicate that the proposed
LSTM model is effective in forecasting short-term volatility, whereas the CNN-LSTM hybrid
model achieves the superior predictive performance compared to the standalone LSTM model.
Overall, the proposed models enhance the identification of market dynamics and improve the
volatility prediction. Besides identifying intraday directional movements of futures prices
effectively, these two models also demonstrate significant potential ability for the real-time
market monitoring, the strategic trading decision-making, and the risk management
applications.
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Bi » CNN-LSTM AR AERS TEOHIG 28 (B B — LSTM B HAM AR S1EAL - fhAMERL
CNN-LSTM #7177 By 7 8552 Bl 3 22 48 o < P BITRS E 2A0 i A i L SR PR B A TR
RS o

1% » Dubey & Enke(2025)7# Fi# &GS &R ZUE R - L EERFEES T 1)
FRORIEAY - H A R FEONIRE H R (E AR B8 H W (ERVRER DT ) - BERME LR H
X7 lgE FFERE - HUH Glassnode “F-55 - {4 196 (g FR5EL - fHFTER A =Tk 0%
7774 L1 IERI{E ~ Boruta B 3= gl 4753 f1(Principal Component Analysis, PCA)[ZF (K4
BURTHEAIEE - Horp Boruta BEMHY 25 (R - AT (R o BB AL PEi Ak
R~ B FEE B4 RS (Temporal Convolutional Network, TCN)EL CNN-LSTM f&E] » & 2545
SRLER CNN-LSTM Ei Boruta HYRHEEERH S R MR Bi = B - fE05 %K
A EET » CNN-LSTM 45 & 2625 SRS A MR LB 22 1682.7% » H & EEE
6.47 » BRI B ERRE NI TEHIRE L IERIE ) -

R SURREETH » RS EEEAIC BT ERN SRt S ER TN - THZ LSTM
FIORAGTEA » BB BN E S R A B E A e 2 A TEHIRE ST - LSTM
SeARIFEFF Y P RHMHERTE » 456G CNN SATETHY SR b S IR (e 5 5 B LAY
SRAE IR - ESTEM R e R E M R - SR AR EOH ~ B th
Fils - BE - HERS > BERRG RSB ER RFiR e EEE M
FCEREREA - R BRI LR R SR T & SRR i B T B S E (K8

& - RGE

At 5 TR EEIHE 15 =2 E RS B SN R N H R Eh T 1 Rk
PR R HEC 1R A4S (Long Short-Term Memory, LSTM) Ry = Z A% ARAL » #7307

/.
° HEY
o
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A o RIS R B S B R TSR S B B B M S PR = Fe TR (B A B o A
FRHE O WA EIE I E AR R B E R B B E AR - IR B T b
AR~ TREBR BT RER ) =R

— ~ WIS EER

BRI BB E R S AR ISR - B RN a S ] - SEOE ZRE
TiELEHEEER - EENCEEFEN 2GS AEFERER - &
R TH R B SE R IR R T e B OB T E % Bl S ENE I REAERE
E - ZEEENKEFEN  SENEERRHEEMCERS -

B AR E SR SIS ) - (ERUIFE AR S i 2 FLRE - BEHE
FEREE T E - AR RN EEE TS T EES BT R eI EELRE
EHEEHEEERPREE - FE R AR SE ZIRNE SR R R Z A
11 lER 2R ARSI E4Y - 15 Brunnermeier & Pedersen(2009) ZH15¢ » &
ifEbs BT - 2 R SR R e e SR (RS an - BB ES A R E
AL R HRE - NI > AHTZEE RS H R RSB R 150 BhE 250 B2 FAEHE
NEIERBREEER > ST EEAT R )5 [ e I e b B T B MR 2
&R EN °
()BTt

EMEEIE R R TS T RETERBEELEE - (EREENS
ENME A2 LB - (RIBSH ORI B e RavirE a0 EEEEEEBId-Ask
Spread){F Ry {CR MR - LANRBIETI BT ERAERE > AW PR B — i A E =R
B MEFRAfEREEN - HEEZD/) > ARG 2EEE AR - B
& mEREEaE K2 > EEERER > AIFRRiSREA e sE A s
BEORENME NE -

SN R(Liquidity) (5 A [FEQE 2 ERE SIS TR R Bk R A - Bt
=R EmEREMEINGG > STEAAMEG.1.1 - 3.1.2 813.1.3) ¢

Liquidity = Z [ACALLy; + APUT} ;] G.1.1)
i€{0,50,100,150,200}

ACALLky; = CALLgyi(Pasks = Pask1)

(3.12)
— CALLgi{(Ppig1 — Ppias)

APUTgy; = PUTk4i(Pyiar — Ppias) = PUTk+i(Pasks — Pask1) ~ (3.1.3)



JEFHLSTMER ST B R M s B T R 2 RO 11

Hrp» KRIRFRAREELIE

i €{0,50,100,150,200} 5 HAEL(EEIE
CALLy ;s EHEK + ifELIE

PUTy i EHREIK + iJE4IH

Poors T2 B B 55 TAE R (RS
Posin o Z B I FEFE—TERI(ER
Ppiqs R Ze E N B A REHIER |
Ppiq1 T EH I EAE S —TEAVER -

(D)= e (R E R
B e B B (B AR E 35 Ry B — IR T B S B Y AR AR — B P A Y B e e (1 AL A R
TE R ERAC BIEE Z (5 > HatR5=\403.1.4 B13.1.5) :

Ppigh = max(Pey1, Pryz, ) Pryzo) (3.1.4)

Prow = min(Peiq, Peyz, s Pryzo) (3.1.5)

Eoopo ¢ Ryl
Prign Ry tRe[E1EE ++30 Bk e Y 45 BRAC(E
Prow FtRFEIEL 1430 ERE 1 S (KA BRI
Peyo By t 2 ZFEHIERS - DULAAHE -
(E)ELEEERE
PR ST R E BRSPS (H Prign SO RAE Proy W E ZFEIHVEZS - 73 BIERR RlA
EREIMEEE A ST BN Agown  HatHIT2(A0(3.1.6 B2 3.1.7) -
[a] IR BN -

Aup = |Phigh_Pt| (3.1.6)
o] B

Agown = |Prow — Pl (3.1.7)

Hepo Py ERTRS(ER -

() H B o
S 760 o 3 SRR A B 7160 + A Ak — B R A O R B



12 BT 2025 £ 12 H > 5543 |
A > B TSR R A R TR H3HE R G.1.8) :

Plow - Pt ’ if Adown> Aup

DV, :{ .
t Phigh - Pt ’ lf Aup> Adown

(3.1.8)

Hef > DV, BB -

BEAFEERIE TRRAYZE R AR RS - 7R TS - K2 IRR -
(F) =43RI -
TR EN T 1A KSR R ERR(L) ~ TER(-DEEEE(0) =FE8H - Hor M
RAATA(3.1.9)
1,if DV, > 30

Label, ={ 0,otherwise (3.1.9)
—1,if DV, < —30

Hor s Label, By5y JERES -

AR R EEE TS P EE T EET R > B R R TISENRE -
ZHENE TR EZEE R ERIP IR R - ERHEIERE(Cal) B 5 HE(Put) 2 71
EELIE - WHIEH TR EZ B B H AR &R (Best 5 Bid/Ask) - {HIFEBIAIRMZ

BT AR — R N 2 A e B (R BRSPS - RE LR Se e S W H B AR B g
[& o AR BT o3 By Lok ~ Bk ~ HREE -
= B

ARSI LSTM B2 CNN e ShaUfiEay - iy A e ghiaeis - B
AL B BRI S ATTHEAR S o AREMRHHEE 148 LSTM AU B CNN fERIGY R B FE F
j—:ﬁ 0
() &R

RERE R E T T S IHERUEE - ERETHRERS AT - BIEREZREER
CEEEA ~ BRI ERE - DIRERERAREIRN - R R AR E R
ARG IRATR YR E - B SRR A A ik

Ry EEEOEIT IR B - SRR EAELE (B (Z-score Normalization) ¥ A S HOETT
THEREE > DR MBI EI SR 2 AR e MR B » Z-score BERE LB BRI FEE IR EZ
SHHPIER - EERDIEZ B HAVEERE S - OHFRA B8 R RS 722 S FTS R %2
o IR AR SRR o RSRS8O RT  EETRE
ELE R TR S S SR BT RS - BRI e % - REERED) 7 F
70% Fyalll R 5 - 10% Rylgag i > 20% RS - DMIASAYAET THII4R - S BEREE R MERERT
iz e
(—)LSTM
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LSTM #EAE 28 A ERI P el B e s E i &at - Hhdm AFTaE e E /T
S FBEATE R B IEH S AGCIRE T - DURENMEE - B RE B > EEAE
HIEDREN AR E T e e BRI E RSt A VBAE TR IS > i APTE A A
& ARSI ACKENER: © BT Ala EEsEa AR EEN B
EEREQEI R EE) N ESFEHER - FAEREERHET > BRTE
RETEH e - AREELIE BT B SRR e B Em V&
sPTE FoBEi RS - s EETRHISGE R -

(=)CNN

RSN EITRAE R > CNN R B BRI Py &R R iV SRR #E—42
A EHE RS B EE AP ERAE /7 - CNN B GRS S n] (k) S iy 2
AL G - WIVRENMETSRE BT E5 W A SR TTTRIEAR e S
MR A & 2 BNV A filfA o BE% B aiaziER » BRI R BB iR
P IEESAERER > R MELE LSTM B HE R R R e (i e i g
TR R EA M B A SRR B R B AR
(VO R B TR AR 55

BT 1A TEHIE R B ) LSTM UL CNN-LSTM SR SRR > 7554 o 1HaK4Ens
Zefgh > AR BB AR SAITE TR E N 28 BRI EE B A RIS
W22 - RIFFEEHE S R E RN ESN S EEE -

AR ELHE P —ENREFIIER » BEEEEE R 120 £&
B> FREFTEE—FEER o T AFEEEIL 9 557 K Call B & - Put il ~ 485K
&~ Call REIMESEE - Put RENMEIEAE - SOREIMETEIE - Z45IHE - #ilRH
MAGO  BEHER /42 LSTM 1B CNN-LSTM JE ARy 28355t -
1LLSTM 2855t

LSTM 285 at U7 > BRI E A —f& LSTM - {fiH 64 {E BT sy E)RE
%L » Dropout ELIEEFy 0.4 [1EEEES © #2  FIIASE g LSTM 3E Ky 32 {EE
T > [EEEEE Dropout(0.4) © H¢f% » I A—/@ 45 & (Dense Layer) » 3EE & THIE
Fy 32 AG{H A ReLU {F R RUENRE > Sz /@R A Softmax BBUET =801 7505 -
2.CNN-LSTM JE &R S HEkET

CNN-LSTM JE SRR S HE T & SoiEA E i G R G FE i A SRR E - BT
EME 0 TR (filters) sy Fy 64 B 32 > HAMELEH—EL > BFEI% A N kernel size) Fy
15 > AERA ReLU {E Ry EREhek®y o (B B8 (MaxPooling) » HERET A/ N
Ky 2 > Dropout LLFIE: £y 0.4 [ 1S - BEEIIA—J&@ LSTM » (i 64 ([ B 2251
Y ENEESE(E > Dropout LEBIEE Sy 0.4 B IRMEES © #58  FIIASE )8 LSTM 3E
32 {EEEIT » [EIEEEE Dropout(0.4) » H¢f% » A —J@ 4 H# g (Dense Layer) » HEE (4K
TCEE Fy 32 A ReLU 1E R RAENRLEL - S f&i R A Softmax prECETT =J50557

SR 5 TR WA AR B (5 A Adam {F R B LE8 - TRLpREEEE Fy Categorical
Crossentropy ° LA /[N(Batch Size) £y 128 - 483/ 4k (Epochs) £ 100 > FE5| Sl
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BYNCETE AR LA - B IR SIS AL o R AR SRR S fe & Bangiadk
(Val_loss)iyS(EfEN - & Bid iR s g 5 (5| s EA SERF s > IS B 8
{21k AR ISR RIF R AR ILREE © sHEHAA FHRIRRE > Bt EaREL Tk
EEBE/ D R 2 PR - BHEURISEEFIETRHIREE - s EIRED ik 2 RE S G HE
FARERIGN R > DARRT IR e M AR P
= ~ RIS A

FATU S (i F AR fER (A ccuracy) 8L F1 73 8§(F1-score) » SRty SRR B NI IE
HEFYEEST - Fl-score AR (Precision) 17+ [0 (Recal DAY UM (E » SR & 2]
FYP-tr - [FJE B A TR RS B (Precision) B 75 [H]R (Recall) » 22 (KRRHHREL g H)R
Z EIHY A -
(—)EffEZR (Accuracy)

AERER AL Pk - SRR N PRGN EMERVEE B - TR G.4.1)
TP+TN

A = 1009 3.4.1
couracy = by TN+ FP+ FN * 100% (4.1

(Z)F1 478 (F1-score)

F1 73 BUE 75 Ryt i (Precision) 174 [B]%(Recall) Z R IRE P98 » B Rty & RIS
AEMEFSHUATEAE > BEFEE Y 0 B 1 2R BEBS RIS B 3 [0 R W &
FEREE - 5TREJTHA(3.4.2) ¢

Precision - Recall

- = 0 34.2
Fl-score =2 Precision + Recall * 100% ( )

(=)#5HE2R (Precision)
IE TR fE A TN R IEFRR B A B BIFAVEER > Hitr s 5 =R AT
HH T e PRI A (R R BERAEE o 5T BT 21(3.4.3) ¢

Precision = TP+ Fp" 100% (3.4.3)
(14) A 1] (Recall)

AR E R BIESAIEEAR T - YA IERETEN A IRV ER ] > Hfy E R A
FTAIEBBEARRYRE ST » 5t RETTA0(3.4.4) -

Recall = *100% 3.4.4)

TP+ FN
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Hrr» TP ByRHIERE H EIEMZ IR
TN R 7HHIERE H HIR 220

FP Ry B IE35 - (HEIREEH

FN B &M - EEEEIEE -

B HEEER

AT EIHER G ARt s Ek > B 2025 F=HE A A Y
[l - BRI R EIE SR N B B 2 E TR 2 5 tick XA &R - Hrpes
fEE R ESEOENREDRLZEEREER - FOEERCE - M ERELE T
FIlTy tick RAC(ERE - EBEHER T SHUREIEE(LIF B OBEIEIR - $SaREEE
AT 08 SRR TGIRARE o By T B0k TR B TR, =R -
FEHSERIIGRELHE - BRasim B aR St 173507 M B /s - EREEEREUR - b
Ferh AT AR A SRR Th TSGR E ) - B E NN b - T2
AR B R\ 22 B ST 2 Rl » AR (B AR BRI S AR TR T 7% - $R i — iR &
S TR AIHE PR -

HREAE R R R R TRR I B —ER A By NP JT7AOLS) o3t - a2 S 8 il
SN B TR 55 AR S AT R R A R F T TR RE T B BB G S A -
IR [EIRE AL TR 2 5 -

— ~ FHECERE M

AUTFEFRIIE RIRER > ZIREEE R R 60 EH(E P EfER S HEAR(K
B2 ZEEE - RN TSR ENEE - BB EAIE S Call B Put Bixg
B MBS - R - OLS MEERFHRA 7 iaa R AR 1 K -

72 1 {ESEE 2 OLS HHRAGREE:

ot (X P{H
Call fi3C & -0.0004 0.789
Put [{AC & -0.0004 0.856
Call R B -0.0547 0.000%**
Put JRE M -0.0193 0.036%**
B S -200.66 0.000%**

OLS EEFHER T E S64E RN - Call MBI (A #5-0.0547 - H P {H
<0.001 > ERTAEEH PR ETIRAE - BURTiST Call REIEA R B
ENEH) - Put BN AEUR-0.0193 » H P {E<0.001 » BEURTS T Put mEIMEA e
RN g 5 [ —ERREH B E - BAGM S - BN EEIEE AR B F R i
SGEELENT B - WINR 2R AR - (REUR-200.66 H P {H
<0.001 > FAERETE NEkiF > &G EERLARBIZ U E) - Call B Put BiACE - PEITHIR
0.789 £11 0.856 » AREERHE /KAE » BEURRCCE A B VAT IAIR -

SFEITEER AT o BRI R AR T S BV E R N T IR
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BN EAEEIERET] - MENEER SO BN AR R 2R - (HIEATER
BV E 2515 (Datar et al., 1998) » {2 —EAVSZ[EEBITEAIE JT o RELHH7EHR 2
EREREN M E IR R CST BN AR G A » DU SRR B 5 LTt
T 55 R E TR OHIAERERS -

= A B AL AR R T

AREEEAFHE LSTM BAESTAHY CNN-LSTM A » {5 WifdiE AL ES 5 7rg8El 10 57
PEARZ BN T R ET YRR © IEEE RN o RS T R E YR 0 BRI
HEFEHERER (Accuracy) ~ F1 538 (F1-score) ~ 52 (Precision)Ei S [0 (Recall) - #&H Y
(B e AR R TR T 35 R 8h 5 Rl YR -

(—)LSTM f#7Hd

AR E S LSTM AU 5 73881y E5 )7 (R T o0 JETEON « & ST R
Eillse o ARG R T 89.98%VAENES » MUREHS I BPEMER BT - Wk 2
A S R SR A 2 TR R i (> HABHER /5 0.98 > A5 091 »
RFEERIREE AR BB - HHSR i « NS ke BRI
B2 o KBTI R 0.34 B4 0.39 » A0 B2 F] 0.46 81 0.51 -

FROGERAUR - BEABETEH 5 ey i 8 )7 A S LA AR AR e
g0 - EAYELES Fl-score £y 0.64 o BR LSTM FEATEIFEIH] 5 73 1% 0V 5K 8l )7 A
THHIEESI A2 -

22~ 5 g LSTM R 8l 7 [ FEOHIFR I 3 JRAE SR %

payti=yit BN LS R R RS
Precision 0.34 0.98 0.39 0.57
Recall 0.70 0.91 0.73 0.78
Fl-score 0.46 0.95 0.51 0.64

EZN 1,021 28,283 1,027 30,331

AW eI iR AR (Confusion Matrix)#E1T 534 » B AIAEA R AY FEUAIIE
TfEMEEASE SR EIEIE » W03 3 B - RPAS R BRI IREE R T R AL TS A -
RIS RO Ay FIET R R iR 0E - IERE T SAEURy 25834 % - (GHREA 91% - 2401 »
R BIFHIVA BT R AR TRy Nk 1316 FEB 75k 1133 5 £ FRRAI - 154
TERETEOHN Ry FRRAVEE A By 712 55 > {75 279 S p g ®e » FUF 30 S50 Ry 05k - ifi
RIS RAIERE Ry EIRAUREA S 745 25 > 599MF 214 MR BUREE
68 EMRITIA Sy Nk ©

2 3~ 5 57§ LSTM 8l [m) PO RYH R0 JEFE 5

B E\TEH TR HEE bk
NS 712 279 30
R 1,316 2,5834 1,133
ik 68 214 745

PEE(E LSTM HATES 10 S8 1&HY T35 7 [RAE T BTN - AU BT
T 89.96% AR - BT 5 Sy SR AU AL EMERIEIHA R ] - 413 4 o - SRR
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RS TR R - SRR 0.96 » F[EEE 0.93 - HUHAEHIER 7R FREm
SEHIERIE B o AEHERSYFI B 0.72 11 0.63 » 73 (AR5 0.81 £ 0.81 » fEAIELHEE F1-
score £y 0.80 B EE4EFAET LSTM FERUSITE 10 5388140 i iy Bl ) [ FEUHIRE )1 (8
5@\0

2% 4~ 10 53§ LSTM 8l 5 [ TR S 44s

TrRTERE TR RELS R A RS
Precision 0.63 0.96 0.72 0.77
Recall 0.81 0.93 0.81 0.85
Fl-score 0.71 0.95 0.77 0.81
EFN 2,898 24,827 2,606 30,331

AW FEE R FE A T o BEREA A A PN I e B Sy A R
1 o 412 5 Fror o RSV SRR HIBE R AR - IR AR 22815 & - (54
B 91% - 24811 - BRIV B B AR Ry Bk > HLSEEORy 1250 S2EA Bk
762 F o £ NPAA T - BARLEMER R T ERAVEAS By 2348 - 7 505 SEE I Rl
B A 45 SR R Bk o T BRI o AR R Ry EARAVERAS Ry 2122 %
H 370 MR REEE > 114 EHERR TER -
2 5~ 10 7y LSTM K gh5 R PSR o SR A FE PR R

B FR\TEH TER HE R ok
BNZS 2,348 505 45
R 1,250 22,815 762
R 114 370 2,122

(Z)CNN-LSTM JE & 154

AWFZE45 4 CNN B LSTM » Rz CNN-LSTM JEAEEIE 5 4388181 e 8 )7
[ EL TSR - R4S EE R » CNN-LSTM AT HIEREE Yoy fE e
94.20% > {EFMEMTF LSTM AU 89.98% o

W% 6 A7 » CNN-LSTM JE &1 RIEL LSTM B —i th i RO I EUA S 0y
HEST > EHER Ky 0.96 ~ A 0.98 « [fi{E Lk NERAVERTF - FEHER TR 0.58
B 0.58 » HEER5TR]E 0.54 B2 0.38 » #258 Fl-score £y 0.66 °

2 6 ~ 5 g CNN-LSTM SRz )y 77 (A TR Y 43 FH4E R 5=

SRR TR Rk R EARIRRS
Precision 0.58 0.96 0.58 0.71
Recall 0.38 0.98 0.54 0.63
F1-score 0.46 0.97 0.56 0.66

EFN 1,021 28,283 1,027 30,331

AFZEE A EA RS T4 - CNN-LSTM JE &R S SE R IR s HISE oA S
(& > R RAFAVTTGHEREE ST - W02 7 For > BRI 0 BESR R MIRE - A
27,628 FERRAMLIERE IS > (245 264 SERRHA Ry Tk ~ 391 FEuA Bk - BUME AR
PreaiR G o AF NIRRT - RALERETH] 392 55 » (B 621 SEHER IS > 55F 8
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A R LR - T LR - RANTERESHA 553 55 0 7 453 A AIREE > 21 S
FIRy VK -
2 7~ 5 o7 CNN-LSTM Ji78f) /7 [m) TROHIFE AR A FEfE R

B E\TEH] TR HE R i
BNZS 392 621 8
R 264 27,628 391
ik 21 453 553

1% » CNN-LSTM R &Y 10 7388 {& Ay 558 8h 7 (A4 T 0 JETEORT - Bt
SLET » CNN-LSTM JE SRR HENEE By BRI 90.98% » BH{E(HEH LSTM
FEAUHYAERETS 89.96% » =it 1% -

W% 8 iy » CNN-LSTM JE SR ATEH R BOS R B RIAFHIHEEREE )T - fBHER Ry
0.93 ~ ZEHE 0.96 - e LB FRRATIEAIT  BEHERST A2 0.78 810,78 » 2 B]%
43R By 0.76 B 0.68 - fERIFLEE Fl_score £ 0.79 °

72 8 ~ 10 47§ CNN-LSTM iz &)1 7 [A] FEOHIFE AL 3 FHEE SR

pay ti=yit NS RS ik R RS
Precision 0.78 0.93 0.78 0.83
Recall 0.60 0.96 0.75 0.77
Fl-score 0.68 0.95 0.76 0.80

EZN 2,898 24,827 2,606 30,331

ARSI MR R B A TT 434 © CNN-LSTM SR AR/ S JH BRI A SR H BT AR
PR » 203 9 R > MR EIFRIH R R BB R > JH 23,890 AW HH -
&7 418 EHLEHA R Tk ~ 519 SR Bk - BURNEAURE ARt RE e ] - ££ Tk
Fe o ALIERETEON 1,749 A > Hdvg L1112 SEganf R se - 37 R b
Ak AR BRI - BARIIERES YR 1,956 55 > 5 583 FERRA RS - 67 EZHAIR T
K ©

72 9 ~ 10 5788 CNN-LSTM Rz J7 [ MRS AR A FE %

B FE\TE M TR RS ik
NS 1,749 1,112 37
i 418 23,890 519
ik 67 583 1,956

HRESERAUR > CNN-LSTM RS RBUE TN S 4338 i 5 8 T R Y R BB
GiHY LSTM 5B » HERER ST R Ry 94.20%51 89.98% » F1 HIl Ry 0.66 B 0.64 » BEAE ST
BUEMER EEAESS - 28I - TN 10 s EENH5E2EN JTAl - 7RI - CNN-
LSTM JE&1HAYEL LSTM LRI RERER 73 7l Ky 90.98%E1 89.96% » F1 Il &y 0.79 Ei
0.80 > ZZFLAHBIAHIEN - FEAGEH R EEIR - 5w 2 CNN-LSTM JE S5 A8 LSTM 541 -
FEFEM 10 sy $#8EFh 5 [HHFHY F1 8BRS 08 - BURECRET ISR T 52 8
FyEANRE > RHECH 7o SR SR AU BEEREE 7D - BURATEE S o0 SRV TGN ENE E Ry ) -
AR DA O -
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A FEMRASIREEDT - CNN-LSTM JR A1 81 LSTM R AUAE R ke N ki s
Rf - BCA S H R - (HERA B T MR IB AR D - BURmtE R (£ S,
SRIEHA MR B 54 R 5 > BB = B B BRI B [k aE

SRS > CNN-LSTM JR &R AE & G R AR 2 Hle JJ 8L LSTM HYiF
MR YIEEERH 1 - BT TERBRE B YRR » FARFREIRER T - T SRR
HA Loy SRR B S HITRONGE SR - AL - BT i feT 2 R i NE B B L
Wk > IRERUNMEREN TR E A S REAIER  RAWIFCERE PR
PR RVRE - (B LAARIAE A ISR TN AR i B aemt

{h ~ &EmdER

AR SRR B T 5 M P B T R BR A T S (R Ry B Mt EARIE TR A
KMENZ TJ5IE o BT Rt e R E ' T AR - e (E R Et:
B BT BB 2R - e (E DR B MR B F 8 E R8s - UL
JER] CNN-LSTM JE S5 A AE TR AR Eh 7 [ TR -

L gEa
N %D afff

AW FER TR B R R B ISR E RO SR & ERE RN MR
B BRI E) - BB E AR R Bh Z R REIR R B (A U R R
AR B A chdt e H PO B T (R FRUMIREA Y -

H PR B A PR A e D S E RS B 5 R TN - RS R BRI

B B R B R B A AT I EAE B T M 2 R8T SR B I ARE TS E R
fEHIE

HEimfEHER - AAE G EE S T HE BT RO E Mt 7 SR R
SR AR BN SRR TR S PR 5 B B R TR AR A T R & 7 =
B - EHEHER 0 HAUKET TR R BRI TRE T E - BfE AR
ERTIHE(L » WA S SR st L E fr i H B A e A (EE -

o SRR AR

IR EE R E SRR 2 7 F > Eabsh R ERE RS &7 OLS tHEIM %
TEARBT M - HIRTE Zhao et al.(2024) 75 45 REURA A R EL T 55K 8 2 FE 7L
RN - AR HERS WS ERZ 2 7R - 8 ER R S B E) M 2 [
HIFERAME -

SRR - EFIN AR BB TR E B AVEIE R s - AIREfE S
[ S R A T SR BN - KRR TTA A ZRAVEETHE > S GIEEE 2R
BRI E E ([E A RN - DURRETE R or BV e PR Y« H AR Bt
JiH  BRGERBRON B IS E A IR ER T AR RIS
ARSI E S - B LA R FIRF AR PRI AR R S B AG E
(o

PERIEEET 5T > B CNN-LSTM SR AT iR IAE R » (R EAHMES
BRI Transformer ~ TCN ~ Bi-LSTM S/ TELEG » BERBEABE RIS ER]



20 [T > 2025 4F 12 F 0 55 43 1

B R AR R IR R BT B PR T LA ) - (B T e B
RIS -

SEIR

Amihud, Y. (2002). IHliquidity and Stock Returns: Cross-Section and Time-Series
Effects.Journal of Financial Markets, 5(1), 31-56. https://doi.org/10.1016/S1386-
4181(01)00024-6

Alghamdi, H., & Algithami, S. (2025). A Robust Machine Learning Framework for Stock
Market Classification. Expert Systems with Applications, Article 128573.
https://doi.org/https://doi.org/10.1016/j.eswa.2025.128573

Black, F., & Scholes, M. (1973). The pricing of options and corporate liabilities. Journal of
Political Economy, 81(3), 637—654. https://doi.org/10.1086/260062

Bollerslev, T. (1986). Generalized Autoregressive Conditional Heteroscedasticity. Journal of
Econometrics, 31(3), 307—327.https://doi.org/10.1016/0304-4076(86)90063-1

Bondarenko, O. (2001). Competing Market Makers, Liquidity Provision, and Bid—Ask Spreads.
Journal of Financial Markets, 4(3), 269-308.
https://doi.org/https://doi.org/10.1016/S1386-4181(01)00014-3

Brunnermeier, M. K., & Pedersen, L. H. (2009). Market liquidity and funding liquidity. The
Review of Financial Studies, 22(6), 2201-2238.https://doi.org/10.1093/rfs/hhn098

Chordia, T., Roll, R., & Subrahmanyam, A. (2008). Liquidity and Market Efficiency. Journal
of Financial Economics, 87(2), 249-268.
https://doi.org/https://doi.org/10.1016/j.jfineco.2007.03.005

Cao, C., Hansch, O., & Wang, X. (2009). The Information Content of an Open Limit-Order
Book. Journal of Futures Markets, 29(1), 16—41.
https://doi.org/https://doi.org/10.1002/fut.20334

Chung, K. H., & Chuwonganant, C. (2018). Market Volatility and Stock Returns: The Role of
Liquidity Providers. Journal of Financial Markets, 37, 17-34.
https://doi.org/https://doi.org/10.1016/j.finmar.2017.07.002

Chulia, H., Koser, C., & Uribe, J. M. (2020). Uncovering the Time-Varying Relationship
between Commonality in Liquidity and Volatility. International Review of Financial
Analysis, 69, Article 101466.https://doi.org/https://doi.org/10.1016/j.irfa.2020.101466

Choi, J. H.,, & Munro, D. (2022). Market Liquidity and Excess Volatility: Theory and
Experiment. Journal of Economic Dynamics and Control, 139, Article 104442.
https://doi.org/10.1016/j.jedc.2022.104442

Coppola, A., Urga, G., & Varaldo, A. (2024). Asset Class Liquidity Risk Indicators. Timing
the Risk in the European and US Equity and Bond Markets. Journal of Financial Stability,
Article 101369. https://doi.org/10.1016/j.jfs.2024.101369



JEFHLSTMER ST B B 1R T T S B T R 2 O 21

Demsetz, H. (1968). The Cost of Transacting. The Quarterly Journal of Economics, 82, 33—
53.https://doi.org/10.2307/1882244

Datar, V. T., Naik, N. Y., & Radcliffe, R. (1998). Liquidity and Stock Returns: An Alternative
Test. Journal of Financial Markets, 1(2), 203-219.
https://doi.org/https://doi.org/10.1016/S1386-4181(97)00004-9

Dakalbab, F., Talib, M. A., Nasir, Q., & Saroufil, T. (2024). Artificial Intelligence Techniques
in Financial Trading: A Systematic Literature Review. Journal of King Saud University -
Computer and Information Sciences, 36(3), Article 102015.
https://doi.org/10.1016/j.jksuci.2024.102015

Dubey, R., & Enke, D. (2025). Bitcoin Price Direction Prediction Using On-Chain Data and
Feature Selection. Machine Learning with Applications, 20, Article 100674.
https://doi.org/https://doi.org/10.1016/j.mlwa.2025.100674

Engle, R. F. (1982). Autoregressive Conditional Heteroscedasticity with Estimates of the
Variance of United Kingdom Inflation. Econometrica, 50, 987—-1007.
https://doi.org/10.2307/1912773

Fukushima, K. (1980). Neocognitron: A self-organizing neural network model for a mechanism
of pattern recognition unaffected by shift in position. Biological Cybernetics, 36(4), 193—
202. https://doi.org/10.1007/BF00344251

Feng, F. Y., Kang, W., & Zhang, H. (2023). Liquidity Shocks and the Negative Premium of
Liquidity Volatility around the World. Journal of International Money and Finance, 139,
Article 102966.https://doi.org/https://doi.org/10.1016/j.jimonfin.2023.102966

Fang, Z., & Cai, toby. (2025). Deep Neural Network Modeling for Financial Time Series
Analysis. Big Data Research, 41, Article 100553.
https://doi.org/https://doi.org/10.1016/].bdr.2025.100553

Gunnarsson, E. S., Isern, H. R., Kaloudis, A., Risstad, M., Vigdel, B., & Westgaard, S. (2024).
Prediction of Realized Volatility and Implied Volatility Indices Using Al and Machine
Learning: A Review. International Review of Financial Analysis, 93, Article 103221.
https://doi.org/https://doi.org/10.1016/j.irfa.2024.103221

Hochreiter, S. (1991). Untersuchungen zu dynamischen neuronalen Netzen [Diploma thesis,
Technische Universitat Miinchen]. Technische Universitat Minchen.

Hochreiter, S., & Schmidhuber, J. (1997). Long Short-Term Memory. Neural Computation,
9(8), 1735-1780.https://doi.org/10.1162/nec0.1997.9.8.1735

Huang, Z. C., Sangiorgi, I., & Urquhart, A. (2024). Forecasting Bitcoin Volatility Using
Machine Learning Techniques. Journal of International Financial Markets, Institutions
and Money, 97, Article 102064.
https://doi.org/https://doi.org/10.1016/j.intfin.2024.102064



22 [T > 2025 4F 12 F 0 5543 1

Kanzari, D., Nakhli, M. S., Gaies, B., & Sahut, J. M. (2023). Predicting Macro-Financial
Instability — How Relevant Is Sentiment? Evidence from Long Short-Term Memory
Networks. Research in International Business and Finance, 65, Article 101912.
https://doi.org/https://doi.org/10.1016/j.ribaf.2023.101912

LeCun, Y., Boser, B., Denker, J. S., Henderson, D., Howard, R. E., Hubbard, W., & Jackel, L.
D. (1989).Backpropagation Applied to Handwritten Zip Code Recognition. Neural
Computation, 1(4), 541-551.https://doi.org/10.1162/neco0.1989.1.4.541

Lin, W. T., Tsai, S. C., & Chiu, P. (2016). Do Foreign Institutions Outperform in the Taiwan
Options Market? Journal of Financial Markets, 35, 101-115.
https://doi.org/https://doi.org/10.1016/j.najef.2015.10.005

Li, A. W., & Bastos, G. S. (2020). Stock Market Forecasting Using Deep Learning and
Technical Analysis: A Systematic Review. IEEE Access, 8, 185232-185242.
https://doi.org/10.1109/ACCESS.2020.3030226

Lin, Y., Chen, K., Zhang, X., Tan, B., & Lu, Q. (2022). Forecasting Crude Oil Futures Prices
Using BiLSTM-Attention-CNN model with Wavelet Transform. Applied Soft Computing,
130, Article 109723. https://doi.org/10.1016/j.as0c.2022.109723

Liu, B., Prodromou, T., Suardi, S., & Xu, C. (2025). Ethereum’s Merge: Market Liquidity,
Efficiency and Volatility in the Proof of Stake Era. Economics Letters, 247, Article 112202.
https://doi.org/https://doi.org/10.1016/j.econlet.2025.112202

Ma, R., Anderson, H. D., & Marshall, Ben R. (2018). Market Volatility, Liquidity Shocks, and
Stock Returns: Worldwide Evidence. Pacific-Basin Finance Journal, 49, 164-199.
https://doi.org/https://doi.org/10.1016/j.pacfin.2018.04.008

Munoz mendoza, J. a., Ferreira, G., & Marquez sanders, V. a. (2023). Liquidity Spillovers in
the Global Stock Markets: Lessons for Risk Management. Global Finance Journal, 58,
Article 100896. https://doi.org/10.1016/j.9f}.2023.100896

Nguyen, G., Engle, R., Fleming, M., & Ghysels, E. (2020). Liquidity and Volatility in the U.S.
Treasury Market. Journal of Econometrics, 217(2), 207—229.
https://doi.org/https://doi.org/10.1016/j.jeconom.2019.12.002

Rao, A., Sharma, G. D., Tiwari, A. K., Hossain, M. R., & Dev, D. (2025). Crude Oil Price
Forecasting: Leveraging Machine Learning for Global Economic Stability. Technological
Forecasting and Social Change, 216, Article 124133.
https://doi.org/https://doi.org/10.1016/j.techfore.2025.124133

Samuel, A. L. (1959). Some studies in machine learning using the game of checkers. IBM
Journal of Research and Development, 3(3), 210-229.https://doi.org/10.1147/rd.33.0210

Sojka, B. B., & Kliber, A. (2019). The Causality between Liquidity and Volatility in the Polish
Stock Market. Finance Research Letters, 30, 110-115.
https://doi.org/https://doi.org/10.1016/j.fr.2019.04.008



JEFHLSTMERS T BE i i Ve T S B 5 R Z A 23

Tang, T., & Wang, Y. (2022). Liquidity Shocks, Price Volatilities, and Risk-Managed Strategy:
Evidence from Bitcoin and Beyond. Journal of Multinational Financial Management, 64,
Article 100729. https://doi.org/10.1016/j.mulfin.2022.100729

Valenzuela, M., Zer, 1., Fryzlewicz, P., & Rheinlander, T. (2015). Relative Liquidity and Future
Volatility. Journal of Financial Markets, 24, 25-48.
https://doi.org/https://doi.org/10.1016/j.finmar.2015.03.001

Xu, Y., Huang, D., Ma, F., & Qiao, G. (2019). Liquidity and Realized Range-Based Volatility
Forecasting: Evidence from China. Physica A: Statistical Mechanics and Its Applications,
525, 1102-1113.https://doi.org/https://doi.org/10.1016/].physa.2019.03.122

Xu, Y., Liu,J., Ma, F., & Chu, J. (2024). Liquidity and Realized Volatility Prediction in Chinese
Stock Market: A Time-Varying Transitional Dynamic Perspective. International Review
of Economics & Finance, 89, 543-560. https://doi.org/10.1016/j.iref.2023.07.083

Xu, Y., Liu, T., & Du, P. (2024). Volatility Forecasting of Crude Oil Futures Based on Bi-
LSTM-Attention Model: The Dynamic Role of the COVID-19 Pandemic and the Russian-
Ukrainian Conflict. Resources Policy, 88, Article 1043109.
https://doi.org/10.1016/j.resourpol.2023.104319

You, W., Chen, J., Xie, H., & Ren, Y. (2025). Which Uncertainty Measure Better Predicts Gold
Prices? New Evidence from a CNN-LSTM Approach. The North American Journal of
Economics and Finance, 76, Article 102375. https://doi.org/10.1016/j.najef.2025.102375

Yu, B., Dong, L., Qin, Z., & Lam, K. S. k. (2025). What Is the Best Composite Liquidity Proxy
for Explaining Stock Returns? Evidence from the Chinese Stock Market. Pacific-Basin
Finance Journal, 91, Article 102686.
https://doi.org/https://doi.org/10.1016/j.pacfin.2025.102686

Zhu, M., Chiarella, C., He, X. Z., & Wang, D. (2009). Does the Market Maker Stabilize the
Market? Journal of Financial Economics, 388(15-16), 3164-3180.
https://doi.org/10.1016/j.physa.2009.04.013

Zhang, J., Liu, H., Bai, W., & Li, X. (2024). A Hybrid Approach of Wavelet Transform,
ARIMA and LSTM Model for the Share Price Index Futures Forecasting. The North
American Journal of Economics and Finance, 69, Article 102022.
https://doi.org/10.1016/j.najef.2023.102022

Zhao, L., Nguyen, V. H., & Li, C. (2024). The Volatility-Liquidity Dynamics of Single-Stock
ETFs. Finance Research Letters, 69, Article 106163.
https://doi.org/10.1016/j.frl.2024.106163

Zhao, C., Chen, Y., Wu, L., Dai, Y., Chen, E., Wu, L., & Zhang R. (2025). High-Frequency
Liquidity in the Chinese Stock Market: Measurements, Patterns, and Determinants.
Pacific-Basin Finance Journal, 90, Article 102681.
https://doi.org/https://doi.org/10.1016/j.pacfin.2025.102681



