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R EHEERCHA, BEALBT EGATEREB T FRAAL, BRATFREARER LML BT
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SER R ek T R TL” AR, BORIMR AT REAR R BOR B, Wit AT
AR+ frgh, PATEGESIGRHRER S, s N TR RER ™ R ARG & o Hh i) — D B A5 5l
NTHE S, Lo ISR ORI A0 2 HiR . 2R T RSN, B 1tk
I EAE A RS AN S SCUE AT R SRR A o (EBERE SR T 300 H AR 20 MU, ARk . A E
PSSP AN R, ARGERRAYIE FTIA SRR AR RE ) i 2 ki . AN TRAE (A Jrikfest Bl
AR L REA S ST RIS ZE RN A RS, e RIS P s B b H i
Sz XA BLAMAC IR RIS o T4k, ARG AL Dy I E SRR B S YR h AR LSS BT J1 . itk
Al B N TR RE SR TS T i BB N A ], e Tl s Ay i . FAR s E 5K Ak kA2 1AL
SEBUNS 2 2R B T O ) S A

UTAFR, AT EORALESREBETE T R ANBIRLE, HEsh T Rld S SN e i Bn dR sl e il . i
SRR A B UMEOE I, AL BORTERIRIME | (5 SRR, RPIE AR A0 8l 28508 N2 7 T R B L AR etk
ARUEH, Y2 AT RS . ORI AT SARZE M A SCAR AL BT S, 0 28 BT 1 AR B TR 1 5
e, KREIETHLE] (ML), Y] (DL) S5RIEFER (LIM) SERESORMDIE, TS am
WX AS A THARAR AR, XTBCRSCIE . Al A SSBR S AR S (B HEA T2 8, S BT i 1

53



% ﬁ H 4( ‘ Academic Monthly ;T«?, 58 % ‘ 03 ‘ Mar 2026

2k BORGG S ST R, Sha RS BORTEAS SR AL 1 B 2w S ) Bl (5 5 58, 0
FroR A AL | SRME BRSSO A A AT T Sh RS R0 o A KU A FRLS WA R R U,
ALTT IR R G ST SN B BR , HESIAL i LA 1] AU S8 1 Sl 25 T S5 i, 908 1 42
b ZR G FE i AU S5 B e B S R IR o AT J7 ki D sh B e ) 5 2 Rk Uik, A BREEPEA T 4R it T
BT 2NN S BARIR S I T, o B Rl AT R AR S8 1Y eR BB S IR AT I oK %, 1820 5% 1 LA
ggo] A AR SRR E R T AR AR . TR TR )R SOCRE I AR, IR T Rl Y
AT AL 5B B SRR S R %, SRS AT O R . ST S EUR O AR T 2R
FERE T HAPE A, AUREWS S THERI R ARYERE, oA B T3 o HAE BORBLS WAL b 4 mT A e
SIS, i, SRTA TR REEARIERI GRS REU SR 5), T2 & 25 st . Shasas ] 5 SGR
B SR T AR, BRI GRS A Rl .

FEF LA ISR N TR REG Rl AR () PP FU T GO R AU A B 5 M A R A% 0 U 11 22 i
B AAE T H i SRR . FEBT™ Hrks BN -5 sh 3@, ATBERUE AR T 145 (55 S A R fE
T, AEARPRRIAGE T B SR A REAR SN RS (1 s FESCR AL A B, AT HoARE LN T (55
AR, S5 TR S ANE LS LI RN RE ST, s T 2 SR A SR A QA A S XU A
il o TEAFFVEAL . BRVEPUN | i 2108 S B 0TS Ok, AT D5 AR i 1 PG BE R %%, i HLTE
RS AR A v B S T SCRIR 5 S W RN RE T, 40l XS TR0 o 45 R st o) A K sl e 0
AL SRR A SRR, FEA RN S0 2o U 5 BOR RSP S5 07 TR (L 1o A J1 328, B
R RO IR S [ e AL AR . B2, PEAEE AR Sl i N T R I S e D i AR AR L B
ABEVES LRSS I, R4 T MR REA I S5 2 TR R I R G HTRESE, A
T TALGERTEA R R, oG Rl R G P A XU B | SRS AR B BOR T B TR ie 5 TR

ASCEAHLHANT 25 80048 N TR ARl A fa] SE B A= fd O A% RIS 2 OIS v O 4R T 265 =
RN N A RE R b B BB 5 2 By A PR (SRR AR BN A 5 58 U 0 B N T RE il o A XL,
TR ML s S R TR RE il b i A R S A RCR . X IR B RS P R B T
REBAR A A IR A . e i A

=, AL Eg eI mOr S I AR E R T+

AL BORTE A R ] 2 50 0 H ) AR 52— R A ) REUR S e i A o G2 T AL, R AL
G5 AR B/ MU, AEARZRNE | 4RI MIZE M S 2R ) G iR vh P URTERAE LA, S B f A5
RIE Sz ACYERE, BN ARG R PRI = TR SR

(—) &R~ Mg e R

KT ML LA N 5 WA A A RS PO, AN T 2% (ANNs) | 345wl [ [
(SVR) HMigtfefivk (GA) SEJkfifi ALJ7ik, Afeamm o] fes v AL RS R I S AR AE . Hassan 2545
IR HE G B SR AR (HMM) | ANNs 5 GA (iR SR, FI IS i E A it , 35k 1 Jors ikt 2
N ALJFEERAIATIE S B RIS Jr 8], Fu SERLERLTREILAL (PSO) 5 GA XF SVR #EATZ5H i
HE, T TR ANR MR B RE, 7€ 95% MK T F B T1450 SVR #iR1,2

AL SERAE G BTN AR AW T ORI, MWLM My R ERIE ] IR AR SR
T E BRI ), SR LU BN AE R T, S5 R A B RRAE R S B M et . AL 2%
(LSTM) | E3hFZEM4s (RNNs) DIRIREZEAEM4E (DBN) Gl o™ o i 5 b ) E AR . Bekiros

(D Hassan M. R., Nath B. and Kirley M., “A fusion model of HMM, ANN and GA for stock market forecasting, ” Expert Systems with Applications, 33
(1),2007, pp. 171-180.

@ Fu S, Li Y.and Sun S., et al., “Evolutionary support vector machine for RMB exchange rate forecasting, ” Physica A: Statistical Mechanics and its
Applications, 521, 2019, pp. 692-704.
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FHEFET RNN ()5 & Qg I Bmy DU FREEE B e T R s A 7R, e B ol 25 5 Btk
2 5 TG AR T AR PSR , U HAE il sh R85 B 34 .35 .0 Shen 554 H WG (1) DBN #6570, 5 b (k4
AT EE, BT SRRSO Z A S5, AR 2R R rh S S 28B.2 Fischer Al Krauss 1] LSTM %
Bt 500 J o BEEAT 0, A R AN B3 R A T 012 AL® Giilmez 5] A ARO ( Artificial Rabbits
Optimization) %) LSTM (1) 2 847 4 ) S R4 28, 1038 Bl 48 O R il vp 8 25 ek sy 17X il 22
(MSE) | “F¥4ixfinzs (MAE) FIF4a% H 4 i s (MAPE) Z5f5hR,©

FETM P, RSl = ks i R e ah it . AR RIS ), R o B R F AR MERT, 25500
ROy . KW ACHL S S5 TS TR T AL SR, RNARES E R R AR AT ], o BB 5 T AR 7R AE b B AP
L R RIS PRI, RIS RS (EMD) KHY RIEEARTE IR, ST
BORIZE S, $ETEXTAR AR B (B 7 51 i BU e 7o BUARY A7 /2, #% EMD S5(5 52 g d0k 5 LSTM B4 1
Zhang ZEREE T —FRR G A0S/ f# (VMD) | LSTM 5 SVR (IR ABAL, FHLIEI S5 8RR PRk . R e
FHPLI FPRAIE A UM 25 2R, 4R T T e A% S0 (4G B2 AR e M . Deng 5525 & 248 A0 4y
fi# (MEMD) 5 LSTM, RHZHMAZHL (MIMO) HRuSHH LR I 18] 751 (1 2 22 8l S HHE, 7EbR 500 45
B, FIFIESR A 5 TR SO AR FE B TN AR T IR R (2. © 5 — P R AR AL AR A A
PASSF A S D B A AL SR T X G i S i e dh ik . ARk K 25 S TR AR R ) o X SRS R
FRAEFRE . B A T A 1 A5 A AR L4y T, it 2Rk A B R R Gk fa vk S WU P RE . i,
Deng S5 FA SRl G TR 2 T i Ab2 S A IR TR BE P 22 4 (RDNN) AEZR, i Fah RIS, Ja# H
TAC G FMEARA, TE AT 55 BRI ] S AR kAR TR ZRte e v, 76 VAR S5O0 0 6% v 3 0 o B AR
{255 @ Bhambu 2542 H R E AL I i pRECEE R4S (RedRVFL) , filifs RNN 5 RVFL 54 (%, 78 11 14
RS 7= T 34 S8 T SVR R LSTM J5i © RO HERIL 5 it 22 I 2 21 & AE AL R T S0 155y T HL A A3
Atsalakis 5532 H 3L T ROBI i 38 A TR R, 7 LA T S5 0% 55 7 (4 10 T 0 rFoks v g e PEARAR
A X5 4 @h g = B f A P R, ATBERI N FH b I piB i . lan, % 45 A8 G RS AR S A
HHLF, Kraus I Feuerriegel >R ] RNN 15 LSTM SR A4 H4 14 Bl I 45 AL S0 e A il SCOAS - LT v 38 AH AL
FLGERER 22 Iyt T 8.3% .

(=) FFKRBR I F e Fm

W25 2T 51 2 0 T4 Bl P I 25 S sh &M, Oztekin Z5ESE, SZHpmfEHL (SVM) 1 T vHE A

(D Bekiros S. D., “Irrational fads, short-term memory emulation, and asset predictability, ” Review of Financial Economics,22(4), 2013, pp. 213-219.

@ Shen F., Chao J. and Zhao J., “Forecasting exchange rate using deep belief networks and conjugate gradient method, ” Neurocomputing, 167, 2015,
pp. 243-253.

@  Fischer T. and Krauss C., “Deep learning with long short-term memory networks for financial market predictions, ” European Journal of Operational
Research,270(2), 2018, pp. 654—669.

@ Giilmez B., “Stock price prediction with optimized deep lstm network with artificial rabbits optimization algorithm,” Expert Systems with
Applications, 227, 2023, 120346.

(® Zhang K., Cao H., and Thé J., et al., “A hybrid model for multi-step coal price forecasting using decomposition technique and deep learning
algorithms, ” Applied Energy,306,2022, 118011.

©® Deng C., Huang Y. and Hasan N, et al., “Multi-step-ahead stock price index forecasting using long short-term memory model with multivariate
empirical mode decomposition, ™ Information Sciences, 607, 2022, pp. 297-321.

@ Deng Y., Bao F. and Kong Y., et al., “Deep direct reinforcement learning for financial signal representation and trading,” IEEE Transactions on
Neural Networks and Learning Systems, 28(3), 2017, pp. 653-664.

® Bhambu A., Gao R. and Suganthan P. N., “Recurrent ensemble random vector functional link neural network for financial time series forecasting, ”
Applied Soft Computing, 161,2024, 111759.

© Atsalakis G. S., Atsalaki I. G. and Pasiouras F., et al., “Bitcoin price forecasting with neuro-fuzzy techniques,” European Journal of Operational

Research, 276(2), 2019, pp. 770-780.
10 Kraus M. and Feuerriegel S., “Decision support from financial disclosures with deep neural networks and transfer learning, ” Decision Support
Systems, 104, 2017, pp. 38—48.
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M2 2L (MLP) 5 RNN, BIE7ERRAELE A FRIIEIE T, 0 EA BRI .Y Dong 453l
ITEE LASSO iR L s R LA G R BN S 5, WE T i I s i T 1 % Zografopoulos 454
LASSO 1EN bRl A i ph 2 M2 254y, X3 ETTL ETF AW UEf 7 i s, SR8 7R fdny 235 bR 5P U/R
HAEE .Y Gu R A A B gD 2R A AE LR M I AR, BT T B PR R AR AR AR R ) 5 TSR @ Murray
SR — R AN S A0, UESE TR 2] A 00 S bR 25 7 T AR

B RGP IR BRIV 4 78 S () R M A 24 B8URK . Obaid I Pukthuanthong & 3 S ZE R4 2 s BEAS 4515
SHEAMEER, N CNN AR (CH/RTE HAR) B R - I B, k) g A A e S e i
1R EA W R, R AE T R e ts g kst , OIS vt -3 IR 2. 8 £5.© FE RoSmidh Tl
Yy, Pan SR FHBENLARA (RF) Jriks| ATELBIR ARG A8 bR, 4R TH 1 T50H 0 B 00 a5 5 J00 1 A 1 @
Van Binsbergen S5 bt A4 Ar I Atil w2, e USR03 25 5 R ) 2w AU o) THRALIS A B, 8 1T B2
A RESRME MR T A G A A TR ASE AR X B oe R, AT BRI R SRl . 2 U515 4 720 o U T AT 9
KRBT, 478 A S I B BRI AR I Bl S A T B ARA

TEGFFWCES T L, BLAS2 T [T R B s R AR ) o Bianchi 3845 M, SR 5558 )i 728 b3 i
W E R USRI S AR RS A T I35 @ Huang 1 Shi £ H WEB 3 hi 41 LASSO
(SAGLasso) J5ik, M\ O1T AN WAS & rh i A4 e Xt BUR ot B A o B BRI 1 e+, & 4 A
ARHGNTIRE S © Jiang 25 MHARRZEFIRLA H K, FIFIBLER % ) A 2 W28 A% i 5 (i 5 i 25 (R P JE R MRS R
RIS B 5 2 IR S R MBORE T, KIS W 22668 5 Dt = G 25k e R 3k g . ©

SR G RN TERE AR S SRR R 4540 FAPAE 25 5%, & BRIy EA A AR T T 14 R Y DB
BRI 2] SRRl R JEE I L B SR AR PR S E IV . Barak SEiE T 4G 200 S AR IR R A H TN 45
W, BRI AR BN 3 5 80% © — SR ALY S 4E O VA IS, eI RS 0 v o RS
EAE

VBN, {540 GARCH ZSSE R A T AR X AR 3R R AT, (A AE AR AE T B Bl s 45 ) ik A0 1
BEF W0y TR, s R A S FRAE RE, — RS IR E NS GARCH 5 AT L 45 G T8 IR A1
71, Pérez-Hernandez 2545 7 SVM, LSTM, ANN., GARCH 5 EWMA [/ ZHiRIGHA 451, 76 VaR HEZL T 1T4k

@ Oztekin A, Kizilaslan R. and Freund S., et al., “A data analytic approach to forecasting daily stock returns in an emerging market, ” European
Journal of Operational Research,253(3),2016, pp. 697-710.

@ Dong X., Li Y. and Rapach D. E., et al., “Anomalies and the expected market return, ” Journal of Finance, 77(1),2022, pp. 639-681.

@  Zografopoulos L., Tannino M. C. and Psaradellis 1., et al., “Industry return prediction via interpretable deep learning,” European Journal of
Operational Research,321(1),2025, pp. 257-268.

@ Gu S., Kelly B. and Xiu D., “Autoencoder asset pricing models, ” Journal of Econometrics,222(1), 2021, pp. 429-450.

® Murray S., Xia Y. and Xiao H., “Charting by machines,” Journal of Financial Economics, 153,2024, 103791.

© Obaid K. and Pukthuanthong K., “A picture is worth a thousand words: Measuring investor sentiment by combining machine learning and photos
from news, ” Journal of Financial Economics, 144(1),2022, pp.273-297.

(@ Pan Z., Zhong H. and Wang Y., et al., “Forecasting oil futures returns with news, ” Energy Economics, 134, 2024, 107606.

Van Binsbergen J. H., Han X. and Lopez-Lira A., “Man versus machine learning: The term structure of earnings expectations and conditional
biases, " Review of Financial Studies, 36(6), 2023, pp. 2361-2396.

© Bianchi D., Biichner M. and Tamoni A., “Bond risk premiums with machine learning, ” Review of Financial Studies, 34(2), 2021, pp. 1046-1089.

10 Huang J. and Shi Z., “Machine-learning-based return predictors and the spanning controversy in macro-finance,” Management Science, 69(3),
2023, pp. 1780-1804.

@ Jiang Y., Liu X. and Liu Y., et al., “Bond return predictability: Macro factors and machine learning methods, ” European Financial Management, 30
(5),2024, pp. 2596-26217.

@ Barak S., Arjmand A. and Ortobelli S., “Fusion of multiple diverse predictors in stock market,” Information Fusion, 36,2017, pp. 90-102.

@ Bali T. G., Beckmeyer H. and Morke M., et al., “Option return predictability with machine learning and big data, ” Review of Financial Studies, 36
(9),2023, pp. 3548-3602.
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ST SRR DR P30 Sl B R, UE SRR AT AE 2Rl RUEIRAS P I T4 ik v

TRBEF 2 HORSEAIN  Z AR 2Pk C R ISR KU RE Ty, TEB A0 B 4 il 9% 77 i 2 e il (i B2 T 5.
Pradeepkumar FI Ravi 5| A PSO gt o4k mIA 4 M 4s (QRNN) iR, sk TGt & M4 2 A R
TRI AR IR, ZEAMI . B4 . TR RRRE 500 FE Ik s B h B (4,2 Vidal 1 Kristjanpoller i [i]
FeBs AL G A CNN U, fR iy LSTM AR e (ol , IR B M A I sl 3 Tt v g 14 5
RZEAHAET HUM ) GARCH il LSTM BERL 43 3 N B T 37% 1 18% o Cao S5 I LLM M Al 4 412 i 3 2 0 4
BUE SURFIE, MRS RS, BE 8T TR AN I sh 32 0 v (i e 8 .

(2) THAEKRA G HE5Hn

FEFATHUI A A T i A6 K5 1 ARRAE_E AR LAY, (E A HOM B o B A 16 4k W R R A0 A%
AHBET TS kT 0], X — B AT PR 28 2 DB R, AR AT T XA TR0 44t Xof T RS B (oK o &
XA s A B A iy 2O BRI RE B 5200, Patel AR IR [R AP AR A J7 %8, XTEL43#T ANN, SVM | RF
EANR DU (Naive Bayes) PO i bl 2% > BERIFE BN R BT ks 28 S0l vh 8 B8, R 9K RF 7EAL 354G
LRI FLA B BERE, 10 A R AR 7 SR S 3R B Bl S S8 S T U SR T O AN
G AE Pt SRR R [, Zhou ZF 48 it 7 —Fp EMD 5 [ 740 i WL A 2 M 48 (FNN) i il & 45 3
(EMD2FNN) , #EHCrbE FIER%. EEINA ede 8l 500 $68 H w6y . BAT S MTiigeEn =
FACERMEEE, KT EMD2FNN [ 225 58 5y SRS AL Y Al s 2 . BRI, B8 HoR 45 5 AR B A
78 e, ©

A RS EORTER . A 5 EA S 2R, IZIHENETEN EANCR, TUMET ARG TS
FERTRINELRY , SRR T a8 i RERE ) SN PERE . Long S842 H — MRS R H L AT W S TR
SR F SJHESE DSPNN, L THIR RS A AR P ESS ), 456 81T R CNN $2IUREIE, X E A
el H .S HAIT H Bt B g uEsf 2200 s3] 71% . 65% 5 74% , 4k 1 235 B aS 7R3 THB M A
HERME T T A D BRAIRE IR Z AN, Chen S5 iE— 5] AT HERRHE, $2H BB M4 (GCN)
TGS, A RS B SR AR 2 R A SR S AR T2 100% © Jiang 58447 50 BN 4y —HE IR, 1
B CNN MAEIZerh A shiR BN E S, HERe o 3t . ©

(W) #rA s sh St

AT A it 2 A2 A RS 7 AR B e 0 ) B BN 5, A% 46 b B Black-Scholes 45 22 MY {HAE
THIX 4 Rl T S TR ) A . SRR LR S B B AR AR SR R AE TR, SR A E I R R
Mo BABIRKEGIA AL, HATHAESE: T8 5 2 2 RHESR LR, S SRR R O A ) . 191]

(@ Pérez-Hernandez F., Arévalo-De-Pablos A. and Camacho-Mifiano M., “A hybrid model integrating artificial neural network with multiple GARCH-
type models and EWMA for performing the optimal volatility forecasting of market risk factors,” Expert Systems with Applications, 243, 2024,
122896.

@ Pradeepkumar D. and Ravi V., “Forecasting financial time series volatility using particle swarm optimization trained quantile regression neural
network, ” Applied Soft Computing, 58,2017, pp. 35-52.

® Vidal A. and Kristjanpoller W., “Gold volatility prediction using a CNN-LSTM approach, ” Expert Systems with Applications, 157,2020, 113481.

@ Cao Y., Chen Z. and Kumar P., et al., “RiskLabs: Predicting financial risk using large language model based on multimodal and multi-sources
data, ” ArXiv Preprint arXiv: 2404. 07452, 2024.

5 Patel J., Shah S. and Thakkar P., et al., “Predicting stock and stock price index movement using trend deterministic data preparation and machine
learning techniques, ” Expert Systems with Applications,42(1),2015, pp. 259-268.

©® Zhou F.,Zhou H. and Yang Z., et al., “EMD2FNN: A strategy combining empirical mode decomposition and factorization machine based neural
network for stock market trend prediction, ™ Expert Systems with Applications, 115,2019, pp. 136—-151.

@ Long J.,Chen Z.and He W., et al., “An integrated framework of deep learning and knowledge graph for prediction of stock price trend: An
application in chinese stock exchange market, ” Applied Soft Computing, 91,2020, 106205.

® Chen W, Jiang M. and Zhang W., et al., “A novel graph convolutional feature based convolutional neural network for stock trend prediction, ”
Information Sciences, 556, 2021, pp. 67-94.

© Jiang J., Kelly B. T. and Xiu D., “(Re-)Imag(in)ing price trends,” Journal of Finance,78(6), 2023, pp. 3193—3249.
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A, NI 28 R 2% R A B A R A R 2R, © BTz T T IAUE B 5 8 A 0 g 5.
Hutchinson %54 25T MLP 5421025 (RBF) WIS HCEM Ik, 1EARE 500 S BT IACEE R BT 1
T Black-Scholes AU i -5 0 ACR . Garcia FiI Gengay FHERE T HT B 22 28 1) SUIBGE M 250, 5
AFEUNESR IR E N B, BESRAEAS NN RE 1 . AT 7 BRTE R 28 45 5 5 I 2SR 43 T 52638 Cao
SEREER S BRI R ARG T M2 R02%  (hGNN) IR, Sl e ik 4l et 2 15 Bk i B 25 e 3
AT LE , AR m R AR S BOURE BE . BRIBACO, AT 7 Pt A0 40 e 28 HoA G R 7™ 9 A 450
fin, Griffin SEM FBEEESE TR (GBT) Ml BUGREMAT R, KBS ML . o it 51
NI 22 A A SR I TR S STRRAE T3 LA TAT AR S A s i e

=, AIEHEESHMPRSRASZHEENRREML

ST AT 28 m . B SSRGS, W A 385 R i S
P S OCREIA T o SRR AT | RRAESR IR G2 S I B AR, AL SRR g R 3C
Sy BRGSO N F S H R, SR KU IR S e SRR 2 R A R AL T TR

(—) BETF#F Rt

749 (Factor Investing) J&—Fi3E T ol S ALERAE 19 RGAL Ve 5 V8 7~ e B SR , A% O TR B
IR A P s 1 R G PE T LASRBUE A s . 458 Fama-French =¥, Carhart PUPE - &% Fama-French Fi. A
BRI AR P I B R Nt (AFEE T IS5 M H 25 52 2% . A8 i 4 el 5K A K PR A
HAEM R AL T, X SRR T A B RE ) AR Ak Jr TR A I 1 JR B o AT By PRI H i R A bk
AR SEUE IR SR, H RSO TROE ORI E S T, BT TR IRBIReR . BRI S
SIAIENRE S, LHAEZ 5 8 XA EE th U SR R file bk . Feng S54R R B GRAI TR I A, A 3h
PRI “UREERFAE”, Chen SR TCEFI LU A ZEIMER 5, M EEARSAMETE ™ e AR, S5 78 XURS: R 73031
AT RS A B 5 T 1 Ry T T AL Ge A AL R T SR 2 M DX B BR B S B, (AR A S
Tobek Fl Hronec & Bl & [HFZERRIM T &5 A .38, 1iAE B AT 3 10 1 i 8 Lo PR~ 5L 0 Sl XURS: 36 . © A
PR AN[RIZE Al 4 e BOI SR A e B35 25 5. Leippold 2538 T rp [ BT A A0 & 1160 M5 S 1
Bty RPN L%/ IN RN BB il HAT 558 1) T E @

JRAE AT D5 EEAE RO b R I RAF RN F AT S, (A G —Lepkik, WRASRMZEB M. ik, W
FIREMBEIA LG, FEE mAREEIENZ A, B PR R K®, mTae s msimie e T
B, Feng %544 £ T AR HLAS 4 I HEZE T 19 T B Bt LASSO #5874, &K Z 0N I 7k = il B 4.0

(@D Hutchinson J. M., Lo A. W. and Poggio T., “A nonparametric approach to pricing and hedging derivative securities via learning networks, ” Journal
of Finance,49(3), 1994, pp. 851-889.

@ Garcia R. and Gengay R., “Pricing and hedging derivative securities with neural networks and a homogeneity hint,” Journal of Econometrics, 94
(1—2), 2000, pp. 93-115.

@ Cao Y., Liu X. and Zhai J., “Option valuation under no-arbitrage constraints with neural networks, ” European Journal of Operational Research, 293
(1),2021, pp. 361-374.

@  Griffin J. M., Hirschey N. and Kruger S., “Do municipal bond dealers give their customers ° fair and reasonable’ pricing?” Journal of Finance, 78
(2),2023, pp. 887-934.

® Feng G., He J. and Polson N. G., et al., “Deep learning in characteristics-sorted factor models, ” Journal of Financial and Quantitative Analysis, 59

(7), 2024, pp. 3001-3036; Chen L., Pelger M. and Zhu J., “Deep learning in asset pricing, ” Management Science,70(2), 2024, pp. 714-750.

Tobek O. and Hronec M., “Does it pay to follow anomalies research? Machine learning approach with international evidence, ” Journal of Financial

Markets, 56,2021, 100588.

Leippold M., Wang Q. and Zhou W., “Machine learning in the Chinese stock market, ” Journal of Financial Economics, 145(2), 2022, pp. 64—-82.

Harvey C. R., Liu Y. and Zhu H., “... and the cross-section of expected returns,” Review of Financial Studies,29(1), 2015, pp. 5-68.

Feng G., Giglio S. and Xiu D., “Taming the factor zoo: A test of new factors,” Journal of Finance,75(3), 2020, pp. 1327-1370.
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Freyberger SF MU 3, RSN (Y 62 4> FIZS RRRAE X 13 A B AR bRl 1 .0 il mAH R R
JIrili AR Bt TR, Sun 421 T 2% T LASSO [8])H %) OWL ( Ordered-Weighted LASSO) J5i%, $aik 1 ishvE.
B SEARES F IO N LU IENME . Rt 5 B S M AHELRENLR A N, B RS T 0
BERARANE AR R A S5 B . O, IR A AR IR A I AE P . AR GE I AT 2 TR S B0,
MELUHTEE IR TAEA R T 35T N Ah 257284, Rt EREASHPEAERE , AMTIRATRNN, LSTM & Transformer
SEDREEMPRIRL, ShaS 2] m N 1 R EE S TR S Z M AL ER AR . B, BB U 28 AL PR S R
ZRWTE NG5 M Z AL, B0 A ) A« W as. (Slippage) | WSIPESFBISCZR, T 2R
DU IS PRI TRCR A . IS AR (2 2] S5 T RS HLI A 505, SCBTEsh SIS h 2 H
PRUEAL SR BN, RIS PTR8CR STt .

(=) Fiks 08y Roos e

kschy (Algorithmic Trading) & R SRR PP A2 U T A 2h 58 B 57 25 2 5k 5 58 5 AT
MR I Sl . A T AR B AR, A BE R AL Sl RO ORI AL, MR S U,
AL I N TS 7 16 2 B0 T S 54 G . SEXEAS S, AR FEED T =A0rm . —&,
PRIV RPN A HERRE, S H L. LGSR R MO E MU, 3 LR S $e i i Az fh . AT
AR R AN W S AR R (VS R PN RE 7, K I 18] P9 87 IR R 5 52 5 SRS A4S 7 o Sezer Fl Ozbayoglu H Jit fir
LARIER A E B A CNN FERL AR BGOSR 32 b AT U] /2. EXT 9 32 ETF HEAT I SR B
HETRIAE Gy #3K T1.51% , SPIAEARI s 50 13.01% , ARy =% .0 &, kX me, &
SR RR T MBS SCAE S B ARG S BOE AN RS, MELAS T 25284k o Jeong A1l Kim
LA TRIEM M2 S5 ) ShSTE S Z) k), HFEI AT RS2 IR F Rz AL BE Ty, 72 S A5 (9 A
THECHMERRTE T 13 230 £%.% Syu SEH%E TripleS BEIRARSE, o RIS Iy i i (LI SAAFAE S SR IE O RE , 5
WERABEE GBI Ha 1 Zhang B2 7 —MEETRANIE S (LOB) SembE R mfifeis:, #
KA TR R ZA/NT RS RIET, R TRCR IR N R PR 55 R s it 0 =2, 1
AL PR R E 5 5 RGN, SRS E S IR R AR E . SR BEIR RS (MAS) w24
HAT A F22 I e IR, A AR TSRO T 5 AN € YRR WAV BE 7T o Huang S5 44 S 1 I 74y
EPEH 25 1) Z2ARBI TR BE H AL~ ST HESE A ACBIURYE A RIBE BT I 472 I S o AT, SR AR IO R AR I 5 5 3R
WO He SFFRMAS S MNP Z (CGAN) MZ R REA BRI AR (MVMM) , AR B T 5 4% 7 51
PEsm A RBEE ) , LABR TS 5 SR 27 ) A AN R i 37 e g @

(=) &AAEHAL

PO A PR HEAS F AR 7 AT 52 14 MU KPS B0 Il it KA. FE7E 1952 4F i Markowitz (19

@ Freyberger J., Neuhierl A. and Weber M., “Dissecting characteristics nonparametrically,” Review of Financial Studies, 33 (5), 2020, pp. 2326~
23717.

@ Sun C., “Dissecting the Factor Zoo: A Correlation-robust Machine Learning Approach, ” SSRN Working Paper, 2020, No. 3263420.

® Sezer O.B. and Ozbayoglu A. M., “Algorithmic financial trading with deep convolutional neural networks: Time series to image conversion
approach, ” Applied Soft Computing, 70,2018, pp. 525-538.

@ Jeong G. and Kim H. Y., “Improving financial trading decisions using deep q-learning: predicting the number of shares, action strategies, and
transfer learning, ” Expert Systems with Applications, 117,2019, pp. 125-138.

® SyuJ., Lin J.C.and Wu C., et al., “Stock selection system through suitability index and fuzzy-based quantitative characteristics,” IEEE
Transactions on Fuzzy Systems,31(1), 2023, pp. 322-334.

©® Ha Y.and Zhang H., “Algorithmic trading for online portfolio selection under limited market liquidity,” European Journal of Operational
Research, 286(3), 2020, pp. 1033-1051.

(@ Huang Y., Zhou C. and Cui K., et al., “A multi-agent reinforcement learning framework for optimizing financial trading strategies based on Times
Net, ” Expert Systems with Applications, 237, 2024, 121502.

® He F., Chen C. and Huang S., “A multi-agent virtual market model for generalization in reinforcement learning based trading strategies, ” Applied

Soft Computing, 134,2023, 109985.
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CHE—DTET BTG, JRARARTOTEMEE (CAPM) SEFENHIE (APT) SIARENENT, A
FOEN SAEG RN TS TR SRS . B SRl 2t 0 a2 2% . B SO i gk LA
WHEAT A ZHAL, (CRBRTIEAL PR ARl . ZZIIBhASIRAE | 5050 AR LAY DAy fin U 45 05 101 128 7 4 B
HERAPEA R, BTSRRI EREA N BOR RAFEAEREARSM I ERR IEARE . T, TaRAaE
HECHZ B HA, ALJPEMARZGUR) 2, SCHAES ™ 0 . SR RIS T I s A1 N 457 Th
HEEITE $iia

B, HETEIUREILAH G BTG . Wu S5ia H] k-means AL, SIAM B F R LA™
e, YRAMESE AT 2E" BRUKME T 22 R RER, A AR A B, SRS 32. 13% 4R
feliesi e, BRI TG4 ® L 1 He 8 T A5 AT E 5, #— I —FElkiy PSO 5
PRLUR R RS R, e AU T R R B S AR 5 XU I R 1 . e 2 AL DAk s T,
Dai Al Qin 5IAZ XS ar WAL, I HBE AR 2 “E—T7 22" M, Bk 17 A RSB
PR XU 2 B R DR A Al g

Hk, BT Hmis B e A S BB ke . RS AR Y AR 50 A 22 BUSUERRAIE 1] g ok
A5 XK, Han S0 TR S EEIRL, FIRIREER 2 M 28 AT H A Bl s ar Al OF 0 B 415, 7ER T %
SCBLUT B 82% HUAEALIER %, BEM T Se s i ks © Chen 552543 ML 5k s “39(H—TJ5 22" BERLLIY
SE R A I E, 47 b T ML 752k A8 5 47 3t 7l S IBC S T 0 AR RS A 45 1) S vl A et T 45 2R, G
FET R P B DAL 8 25 5 ARG P T £ SR 2 SR )G T iR ©

FoJa, KRB (LLMs) KRB 4L A Uik b . Lu SR3E5E ChatGPT B JESSHY P SCA B
BT RIATIE, FEAETEAL B (HeOR T HAR) B AP R ORI, TR AR B AL B A RS
3% BB /R AR 38, TESE T BRBE SCAR BRARAE B L& P AL Ko F1 Lee R ChatGPT #EATH B4 545
B, RBULP R BT AL G TE SRR S R B SO0 T BENLEE B r BEUE SRS, (L 1 ORI A SOA
GICLELER 7 CREPI S S S aAvaS i DITAN EL - I

M, AITEESR PRI EIET SR H N

<l B A B R AN R RO TR U, | B A XU T, 55 A A58 ) TS 5 gl 2 B 0o 45 A2 4k TR A
BT RTINS | A UL S Bh A RSOV 7 T W R B, 45 B AE 0 R & e ARE Rk
ST RS IR B T S S B XE AN X o AT SORAEIRVEREI . UL PP {5 P PP 3™ 00 <6 5 B
PR B 58 4 RS TR 5 M A T

(—) &apEien

GEYVER (Fraud Detection) [AZ.LTE 55 AR Hy Blls h U S 45, IR S | A5 4
PSR . XIS RIE RN SERBR R AT S5, PEREE I AR AP L AT R B S LA

@ Goetzmann W. N. and Kumar A., “Equity portfolio diversification, ” Review of Finance, 12,2008, pp. 433-463.

@ Wu D., Wang X.and Wu S., “Construction of stock portfolios based on k-means clustering of continuous trend features,” Knowledge-Based
Systems, 252, 2022, 109358.

@ Lu X. and He G., “QPSO algorithm based on lévy flight and its application in fuzzy portfolio, ” Applied Soft Computing, 99,2021, 106894.

@ Dai Y. and Qin Z., “Multi-period uncertain portfolio optimization model with minimum transaction lots and dynamic risk preference, ” Applied Soft
Computing, 109, 2021, 107519.

3 Han C., “Bimodal characteristic returns and predictability enhancement via machine learning,” Management Science, 68 (10), 2022, pp. 7701 -
7741.

©® Chen W., Zhang H. and Mehlawat M. K., et al., “Mean-variance portfolio optimization using machine learning-based stock price prediction, ”
Applied Soft Computing, 100,2021, 106943.

(@ Lu F., Huang L. and Huang L., “ChatGPT, generative ai, and investment advisory,” SSRN Working Paper, No. 4519182, 2023.

® Ko H. and Lee J., “Can ChatGPT improve investment decisions? From a portfolio management perspective,” Finance Research Letters, 64, 2024,
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JRVESREMS B PREEAL , BORHIPE A 1R SEE T RO B RS R S8 VRS ) il W 7E 28 o S ARV L
TGP bR 2 B0 AR 2, R VAT IR BIRE 1o DA AT SRS EE— A AL B
il (Precision-Recall Trade-off) . # FISRMSLH /XSS BIME IR AR . 0 AL JH AN (ELA5 b L S K A5 2K R B
DA S )Ml 45 X S 28 T8 g R 25 88 614, Sahin 2548 T — R T A USRI SRR 70k, % JEAN IR
RANBIRITIINA , REMS SE LT PURIRVESS o) Flde MR TE I 5545

PR, N TR eSOV B E B2 PR RIVE . CRESIVE . W0 55 JVE A B e ke ) 45
Gl (EfE AR HAERN E, )72 R A BRER (DT), SVM, RF, #e 2% (NN) &5 G 2 > 5 ik
Bhattacharyya 554 Bl SVM 5 RF 7EZMERERS bR L 238 0 T G024 DAL, JEHJE RF BER IV %
RARTHEE 70% .© Xu 484 GON S 2 ) 455, BT BEa At N B HCIBE 3 N B RRAIE 54 52 56 22 4 1 el 4
t, BERT T Z IRV RIIRE T ¢

B IRVEASIN TR ) AN | PR i S DR, AT R IBOCIG B sl M > Sk, R B A0 4% A 2
& (AE) . ZMEA%Sda (DAE) | ARSI (GAN) DABETAEMGBIIZHA (GPT) 1y A b
155, Horh, AE Rl DAE Ml FHIE TR SIS THER, 58X D BEREAR I RIRBE 1.0 GAN Sl Bk T 5
IERA G WA, AR URIER G EEA, BlG GAN AR SREA S I ZRAY 732, AR 3 58 S Kl
PR AL R T, U R A ATy RIS O LT GPT i1 | [l U3 A5 75 k3 T AR A
oA Fes I B SR BB E R 53 S 5 A, Zhao S5 ] GPT AN g SO RIAIEHEA T A W B 011 R LA ol f X
KA NTARTERROT, SETHERIXE AT NIRRTy, JFas & 220 BRIk, SRALXI T 781 Hh 40 o 1k
AURRAIRE T, (ERSRE S Il B T4 i . ©

TEPRBSIRVERLIN |, Liang SER BT SCHRIEL Mk e oy IR B A R R I, AT GON 4R BRESHY AL,
$RTF T BRI R AR5 AT R A RE ), 1207 IR B L A U v AR 80% , BEERE > K AR 2 P2y
44% I BEIK P o X RBUREIRVEE T T BATIRE, (HOCRIESSHARRRE , Al E 5 n] S A vE U]
FHIE . Gomes S54i Hy HLAG Sl A& I AE ) i JE MBI 27 ST HEAR, SIS U3 o) S i U e 2 . ©

TEWA 55 VB L, B R R 2 [ e (8] P S AE . 22 PRRFIE il -5 SOAR T SCHR A O B R R T o
Chen F1 Han §5-{i Ml WA 55 Bt 440 A il 15 P 18] Py 81 55 008 95 HE AR I = 4058000, Bt XU BEm S AL, i TR A
2 A RO EIRVEA T BRI TP S AR ALARAE . VAT MR A REIR BRLE A0 57 30 . Tl 37 Tt i 125 45
WS 55 5%, Achakzai il Peng B2 G WIS HFFACELH] . J-AvIPTINER2E | /s M S S B AR 0 5 R A, 42

(@ Sahin Y., Bulkan S. and Duman E., “A cost-sensitive decision tree approach for fraud detection, ” Expert Systems with Applications,40(15), 2013,
pp. 5916-5923.

2 Bhattacharyya S., Jha S. and Tharakunnel K., et al., “Data mining for credit card fraud: A comparative study, ” Decision Support Systems, 50(3),
2011, pp. 602-613.

@ Xu B., Shen H. and Sun B., et al., “Towards consumer loan fraud detection: Graph neural networks with role-constrained conditional random field, ”
in Proceedings of the AAAI Conference on Artificial Intelligence, 35(5), 2021, pp. 4537-4545.

@ Fanai H. and Abbasimehr H., “A novel combined approach based on deep autoencoder and deep classifiers for credit card fraud detection, ” Expert
Systems with Applications, 217, 2023, 119562.

% Fiore U., De Santis A. and Perla F., et al., “Using generative adversarial networks for improving classification effectiveness in credit card fraud
detection, ” Information Sciences, 479, 2019, pp. 448—-455.

©® Zhao Z.Y.,Zhu Z. and Li G., et al., “Generative pretraining at scale: Transformer-based encoding of transactional behavior for fraud detection, ”
ArXiv preprint arXiv: 2312. 14406, 2023.

@ Liang C., Liu Z. and Liu B., et al., “Uncovering insurance fraud conspiracy with network learning, ” SIGIR’19: Proceedings of the 42nd International
ACM SIGIR Conference on Research and Development in Information Retrieval, 2019, pp. 1181-1184.

® Gomes C., Jin Z. and Yang H., “Insurance fraud detection with unsupervised deep learning, ” Journal of Risk and Insurance, 88(3), 2021, pp. 591—
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© Chen Z. and Han D., “Detecting corporate financial fraud via two-stage mapping in joint temporal and financial feature domain,” Expert Systems
with Applications, 217, 2023, 119559.
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HESHE M FRA: (DES), FEEE B AT MAR ] ORI Y A A ke 25 4 A IV 55 Kb 7 18 5 B i aG
JrTif)JRFR , Bhattacharya il Mickovie S0 SCATIIR T 2515 5 B8 BERT,  SEIUX SCAS T SCH IR TVEZR
FGUESEI, YU A AT B8 A RIREAR SO B AR G 0 5 %2

(Z) &RRLTE

1F X PEAE A UR SR TRCEE . @ N X BRAAZ O R, B2 A ER T IR e A e i
BB %, Baesens S5 R, SIEGNEEFIEALL, LM% AEZA B LA TN ERRA I RRT, Hi
AR 7.18% @ BRI, Crook %545, JR4E SVM Szt WK FEMERG R DAL TAEGERER, {H fh 28 o 5 AL 700 1l fit
BEbER s, MELOMAE SRR P ARIE A BIAR R Y BRIIL, AT J5 3438 T 4 XU PRt A Rt £

T, 15 FRES A ML 58 & 0T 50 1 8 [l T AR 1) B A2 2 R AL AR 2 2 PR 2% 20 Jrids o Shi S
kNN-GNN #5780, st k Pty K45 3 - R GNN 432, 75— RGP HEbr B A0 T A Fimaial, %07 ik
TERPA R TR A, ARG XM BRI .S BRI AR B A sh, 15 XU A R4
SRR T 11 1] 52 22 S B TUAL BT . Chen 88508, T & A5 FH RURS: A AR 70 22 T A 3N 515 AR
L) AR 1 ) A TR IS A BRI O ARG 5 SRRl LT B 2 0 H i B 4, kel da g i)
AT HERTEAN, X FEREA LSRR 2%, M, Mancisidor 2545 H il & W R FEAS (5 B B TEAE HEZE, AT
AL AR 2K PRHIE SR T Z BN R, it A SR AN GRS, X A UG AR
2z .7

HUR, 253 SR (R B SR {5 R RURS 0 rp S BT O = RS B @ Lessmann S5 75X 41 4258095
1E 8 AR PP 8 E Ry e rh R, A ETE 2R Re e br L3I0 T —ar 264, JUHE R4
BT £ S Fitzpatrick I Mues 51, $2FFEIERE (BRT) . RF SF42 pASRY A WM Al B 35 1 T4 40
()25 [, Gunnarsson S5 [FREIACK , K EUE FH RS B SE AR A RUSAT BIL, 40 ERT 5 SR UGTVA o
Fafi . RSN, (HAETIER) “BAAT RRPE BRG] TR B AT R, X LA AL Al A R 45 PSR R Y
BIAPET K . EXFZMIE, Dumitrescu S5TF & T —FPah & TR B P AR 5 A7 32 48 1] U1 1 T 5 A 2
L PSR AR [ ARG R TS HAR R, JF A BUAT B 1) — R Ik LU A2 AR [l AR DUORFFER

(D Achakzai M. A. K. and Peng J., “Detecting financial statement fraud using dynamic ensemble machine learning, ” International Review of Financial
Analysis, 89,2023, 102827.

@ Bhattacharya I. and Mickovic A., “Accounting fraud detection using contextual language learning, ” International Journal of Accounting Information
Systems, 53, 2024, 100682.

@ Baesens B., Setiono R. and Mues C., et al., “Using neural network rule extraction and decision tables for credit-risk evaluation,” Management
Science,49(3), 2003, pp. 312-329.

@ Crook J. N., Edelman D. B. and Thomas L. C., “Recent developments in consumer credit risk assessment,” European Journal of Operational
Research, 183(3), 2007, pp. 1447-1465.

® Shi Y., Qu Y.and Chen Z., et al., “Improved credit risk prediction based on an integrated graph representation learning approach with graph
transformation, ” European Journal of Operational Research,315(2),2024, pp. 786—801.

© Chen W., Jiang M. and Zhang W., et al., “A novel graph convolutional feature based convolutional neural network for stock trend prediction, ”
Information Sciences, 556, 2021, pp. 67-94.

(@ Mancisidor R. A., Kampffmeyer M. and Aas K., et al., “Deep generative models for reject inference in credit scoring, ” Knowledge-based Systems,
196, 2020, 105758.

Chen S., Guo Z. and Zhao X., “Predicting mortgage early delinquency with machine learning methods, ” European Journal of Operational Research,
290(1), 2021, pp. 358-372.

©@ Lessmann S., Baesens B. and Seow H., et al., “Benchmarking state-of-the-art classification algorithms for credit scoring: An update of research, ”
European Journal of Operational Research,247(1),2015, pp. 124-136.

10 Fitzpatrick T. and Mues C., “An empirical comparison of classification algorithms for mortgage default prediction: Evidence from a distressed
mortgage market, ” European Journal of Operational Research,249(2),2016, pp. 427-439.

@ Gunnarsson B. R., Broucke S. V. and Baesens B., et al., “Deep learning for credit scoring: Do or don’t?” European Journal of Operational Research,
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B A NGBS . BRI, i 2 e M, R T AL RS R (RegTech) 5 RIR
ST SRR

(—) Al 2@l FAHH
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Optimization-Driven Artificial Intelligence Finance:
A Paradigm Shift and Technological Reconfiguration

YIN Desheng, Wang Han
Abstract: The widespread application of artificial intelligence technologies and large language models in financial
markets has provided new methodological foundations and technical carriers for overcoming the limitations of traditional
financial optimization. These advances significantly enhance the modeling mechanisms and decision optimization of
financial problems. Grounded in the core logic of optimization in financial behavior, this paper focuses on several key
domains. These include financial product pricing and investment return forecasting, portfolio selection and asset trading
decision optimization, precision improvement in financial risk identification and management, and the advancement of
regulatory tools and supervisory effectiveness. By systematically comparing traditional financial methods with artificial-
intelligence-based approaches, this study reveals the paradigm shift and technological reconfiguration brought about by
artificial intelligence in addressing financial optimization problems. The analysis summarizes the mechanisms through
which artificial intelligence reshapes financial modeling and decision-making, and clarifies the specific pathways and
methodological innovations of its application. The findings demonstrate that artificial-intelligence-driven finance delivers
superior performance in solving optimization problems. In particular, it enhances forecasting accuracy, optimizes asset
pricing models and trading decision mechanisms, and enables more intelligent and granular approaches to financial risk

identification and regulation.
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