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Abstract

A mixed prediction model based on quadratic decomposition and reconstruction (ICEEMDAN-EMD-
LSTM) is proposed to address the problem of complex and difficult prediction of stock indices. The
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improved adaptive noise complementary ensemble empirical mode decomposition (ICEEMDAN)
method is used to decompose the stock index sequence into a series of subsequences, and these
subsequences are reconstructed into high-frequency, low-frequency, and trend components based
on the value of fuzzy entropy (FE). The Empirical Mode Decomposition (EMD) method is used to
decompose the high-frequency components, and FE is applied again to reconstruct the subse-
quences of the high-frequency components into new high-frequency, low-frequency, and trend
components. The low-frequency component, trend component, and new high-frequency, low-fre-
quency, and trend components are linearly integrated to obtain the final predicted value of the
stock index. To verify the effectiveness of the proposed model, a prediction was made on the
Shanghai and Shenzhen 300 index series. The experimental results show that compared with the
benchmark model, the proposed model method improves prediction accuracy and has good ro-
bustness.
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AT AR SR, J5 T IR PR 28 ) 9% PR A 2R A I [] 3 471 A P BRAR: 7 AN AR RO, - A I 12 (LS TM) [
1816 H G (GRU) [215F. AR, —SeBf 700 AN [F) (VR B 5 ST AR A & il — N BE R IRR G A, DA
BRAT 5 e (R SIS BE[3]0 SR, X T IRLRVEAN i FE 2R i [a) Fe 71, R A G A 45 R R T AL
BRI, (XL RAFAE R IR 1, B S BUR R A . EAVRE 5 N R ik
/ME[4]-

R, AT iR TTERE, G %8 AR 5L T R i 46 PO 7 vk gt AT Tl o 4, ATl
SE[S1RI AR BRA B0 A 7 R (EEMD) X F ik 3 S Fa 0k AT 70, 8 SRR R EEHL(SVM) XS %43 & 433l
W, SEBEH SVM L, REBREE] T B EGBER . IR SE[6]0 6 ml BB 51 i H YR d i
LIRS REMD) M, FEXHEA T FF S LSTM BRI BT, e Jo o T 45 5 R F, A3 R4
THI RS TR, UEBAARG T BN, SRR AR R . SRR S E ORI, X R AT
P A E— 25 o RS R R TR RE S o W B SES5 [ 71455 AR 7 81— R R B L R, S s 7
FIBEAT ROl BT H— RO R S TR B . i HLDLEE[8]4E EMD MRt b, iz AR s
IR (VMD)FE ARG 53 S e S0 B S B 7 7 A — 20 o i, SRS A #R A I 28 HEAN  E REASTF
FUREAT T, 45 SR W BT Uk At 1) FUIIASE 2R 41 4 L B ARV A A 28 o v ) TR K

JUEHA TN 77 CAIAG T R TINEE 1, BAE P sl 2. MRS 5 8 v
ZoER, 2T EME TN LR R LM R, TR HIlRE R, Fit, 2%ERAT
HERAKED FRAINEE. B, BRIASE[OLET EEMD X IR P 5123 i J5 P-4 FH ORI 0s (FE) K 5
g A, ARKTURI 35 B A A [ 9 RO ASE B %) 25 43 B b AT T, IE S T At B A S AT T
REA R TN PERE . i PSS (1014 A EEMD J7 ik xH il i P idk47 23, IF-4fEH fine-to-coarse (FTC)
HMEARWE T B =ATE, NG H =AU TN g R T8 A . AR, BT th iy
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PR SR R AR AT S 4 o SR, SR — ARG 1 U7 VE R e 0 e AR B S I A S 5

DRI, O 13— D4 I [A] 7 51 S50 AR AE R I AR SR o0 5 1 S () s o) & HEAT IR0 R LA,
BB BRE S R R E, W& T — AR E B (ICEEMDAN-EMD-LSTM).. %6, KA 7 —H
B A FE AR A O S R PR HANME B SR AR ES 4 R (ICEEMDAN) 73 fift L5 K o0 R IR D6 2500% , AR A
BOBR A E X o AT A, SRS X A S s I8 EMD Fi— IR R E R, BEiRd LSTM W
XS EMGE T, FE R R, 15 B & TR .

2. BRHENR
2.1.EMD

EMD 231 H K15 5 20 it e A #E R 20 B B (intrinsic mode function, IMF)RIE N, & D420 &2 A
RPN A% R EE A I TR P D U A SRR R R 2 R IR S, BiREH N E
B TAEAEARAATIN (A) A, TR AR AR R A % (A 2 AN R AR AR A AL 2% (R 48 B P BB L 2 8 % . EMD
() B AR o) i T 20 R

1) HsE BUA IR ARAE, LHE x (t) = 0 S R B AN R 35 e /M

2) AMCENT Ey % u(t) A (t).

3) b TRGIHEZE LGS Em(t), B

m(t)ZU(t);'(t) O

4y BT (1) = x (t)—m(t) . Bl by (1) AT IMF BIFIAN & B, 502 by (1) A — A IMF,
U by () 45 R FIREMIAR T, BLMRIEELEI D, (8) 8 IMF (5% a0 b, 8 A A S 4

L O)-h (o)
Ysp _gTﬁ)
Horb: he (1) NEEK-1A IMF 438 h () 58 kA IMF 208 2y /TR —Rp el B B b AR
2.2. ICEEMDAN

ICEEMDAN 7J77% /2 Colominas %5 Meit () — g () 4 il B2 [11],  £E EMD 23 i 5 s I =g 0 1 M 7
B ETHERME B IS RREISME, o EE N EE S RRESME L M E. RRR,
ICEEMDAN 777 5a il 7 5k A e i R IR A AR, A 80 i T B R [12] . oo i id FE G

1) FIHIGLE S x(t) PRI AL E, (o) (A 21 0), HEI—AHE S

X (t)=x(t)+E, (0') (i=123k=012,-) (3)

O]

2) W5 x (t) R E R B E AR A R /ME, FREPTA L, Fafdu(t). (1) 5 HI9ME:
m (1) u(t)+I(t)

5 @)

3) HE LRPIAIERE i Ik, BRI —DRIREE () M IMF 7 &
rl(t):TlZ(x(t)+El(a)i)) (5)
IMF, = x(t)—r(t) (6)
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4) EH EWDIK, R R RE Y (1) M2 A IMF 73 & IMF,:

5 ()= T2(x(1)+ £ (o)) @)
IMF, =1, (t)-r,(t) (8)
5) HAIE, 1925 k DMRIREE (1) 5 kA IMF 738 IMFCA:
() =X (x(1)+ £, (o)) ©)
IMF, =1, (t)-r (t) (10)

2.3. {EHlkE

B[ 132 TSIt 18] 7 91 i R 2% B2 S BENLYE (930 /122053, R FEA R R it , T4 i 1) e 41
b 2 O A = A BT A e . L RAROD R R
1) KESEFA x(t), Mg m gem & X", B
X" ={x(i),x(i+1), -, x(i+m-1)} =%, (i),i=1,2,--,N-m+1 (11)

m-!

Hodr, XM OWEAE BT X, (i) = Z (i+k)-

k=0

2) it AR XS X Z AR R d] -
dir =d[ X", X ] = max{|Ix(i+k) =% (i) ]=[x(i+k) =% (1)]]} (12)
Hai, j=1,2,N-m+Li=j.
3) AR AL 4o (dP 0, r) THELRIEE X 15 X HOAR AR AE DY -
—Inz[iTTJ
=p(djnr)=e (13)

Hrrr £oR y(diT,n, r) FIARALZR PR s n ORI R
4) THE m 45 T RYERE (Dm( ) B m+14E, E8 FiRPEES |J¢m+1( ) .

1 Nema S
o) T (N m _1.¢, j (4
mi1 S B S
@ (n,r)=N_erl .Z:;‘ (N_mj%;jDij ] (15)
5) TR A -
SFE(m,n,r):hlligl[lnwm(n,r)—lngo’"*l(n,r)] (16)

24.LSTM

VER—Fh st R A 2 W 28 (RNN), KAERHSIZ(LSTM) 325 RNN BRSO &, R T By
SER, AROAR YT RNN HRA B R AR ARG B Y Ok 1 ) @[ 14]

LSTM HZ /MGG, AN ELS 50 Z0 5 AN B . b — B 20 X 45 51T IR S ) SRR
UZ M . LSTM BtiEd Bs I IR e ks 8, HEeeRia AT
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fo=oW; (hx)+b | (17)
Forb, W, R HRRTT BB R SRS, b, (9B, o sigmod B
R R R > LA MR ISR IR, JRAMINLIRA C . BN
[0, 1], fl/h, R MR
iy N B X, FORRUZ R b, 200 “HIATT” , BB  modn kA C, A it i, 2k

C, =tanh[W,-(h_y,x)+b, ] (18)
I :U[Wi'(ht-1vxt)+bi] (19)
C, = fC., +iC, (20)

SOl Wos Wk CRIATTT BUBUEERE, b bR “HATTY RIBEIR, oMM TR,

P 1 piR, T LSTM Mg K, ST A1 M ERRRE TR RN “Hihi 1 .
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Figure 1. LSTM model structure diagram
[E 1. LSTM &R L5 E

25 BT RSBREREEHRERIHRE

ACIHESE SR H ICEEMDAN 43 fif 7 V54 I S48 B8O 20 R 81 SR ) IMF B9y, RS THE A
IMF J55 (1) FE {8, FARYE FE {ER /AR (1 IMF 5805 S8 M @ v i ARAIRE A0, 1 T B 10 il 7
PAFAERRIG, WARRE S RIS IS 5, ASCER T — Mol IR R, VRN — S R A VRN
AT EXTIEARF, EMD J7 24 H SRtk — 30 0 fif b 50— 43 o A P AR (R s S 4y, DAIRD iy U 5 1Y)
k. R T R 4 A TR 75 - ICEEMDAN-EMD-LSTM) .. B R G AR AL Q0 ] 2 FTam o

1) s fE%E: (£ ICEEMDAN 70 f# 7%, 4 IS URI N I% 7 51 43— R 51 IMF 857

2) EiE: I FE FIETEE IMF 0 E0E, JRRIX 5 8= # e, (Krass&.
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Figure 2. Algorithm framework flowchart
E 2. BEREZRRIZEE

3. SCUES AR
3.1. HIRSHT

AT IR A S ICEEMDAN-EMD-LSTM-2H A48 70 (1) i 5508, Bt 45 % F A )P % 300 $8 4. s

SKVET 2R 5 W & iR Choice il 2% o % S s 95 50 2017 42 1 H 3 H&E 2023 43 A
MG . P IIZREE B B BE 90%, IHREE B E 10%. HiEg s B anE 1 s,

Table 1. Descriptive statistics of stock index data
= 1. Bde#uEimin gt

1 H,3t 1519

Rl PEAME SO B/MA E bR i 5
WA 1519 5807.7 2964.8 4105.8 596.78 0.525

e

pRe

2.4675
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Figure 3. ICEEMDAN decomposition results
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ARSI I B 5 (FE) TR & 7 P S PR S AL, S HOBOE RAHRA4EE m=2,r=0.15n=2.
ASWE TPIANBIE, 4 =01,2,=0.001. 2575 BB RE R T A 0, BHIWOs R0 &,
B SRR AL T 4 M0 A, Z R, BHI WO &, ORI, R 2 BRI T &
TIRHIR) FEAAR ORI b, B 1~4 NmMisr i, 5~7 MR8, 8~10 Niga#ir&t.

Table 2. Fuzzy entropy values and classification results of each subsequence

2. BETFIRMIBER D EKER

imf; imf, imf, imf, imfs
CSI300 2.926 2.298 1.479 0.879 0.649

imfg imf; imfg imfy res
CSI300 0.498 0.227 0.088 0.061 0.002

BRI — IR fik B A i R B A e B 15 L AT REAR A TS LSTM B2 A R, T EAASCAE ] EMD
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Figure 4. High frequency component EMD decomposition results
E 4. S¥5rE EMD N HREER

S5y Ia—FE, X EMD 35 10 S BES o B H S FE AR, JFAREEERME Ay, 4, BRI 10 -5 Bk
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Table 3. Fuzzy entropy values and classification results of each subsequence of high-frequency components
=3 BN ERTRFIRMBER T EER

imf; imf, imf, imf, imfg
CSI300 3.029 1.826 0.6899 0.2456 0.051

imfg imf; imfg imfy res
CSI300 0.011 1.7¢-3 1.0e—4 5.4e-5 1.6e—6

3.4. {EBIELE

N T BGAIE AR SRR H R AL A R SR AT b A R, ASCAEYER 300 A SEFR TN Fodid £
BUHATSRI0HT o 1 %G, GBI LGSR — A, SEEG R I LSTM A2 AF Xof HoAth B — A5 20 B i & 42 4%
I SRR ORI o R T 1B R A T AL 88 2 ) TR 2 H LSTM. SVM. ELM Al BP #£& M 4s, [
LA S 34 0K DU R A Ry B — B AR B, B HY STV AR A o At 6y B0 — T30 5 78 G 2 g ol - 7y
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Figure 5. Curve chart of CSI 300 index forecast by different single models

[ 5. TER—RELFIR 300 158 TN phLk E

M5 T B R] DA H e — BB AE YR 300 i ZR 45 E0 5 T b B RCR AN, R RE S T
ORI R, o — e A A T O B AR . RO B I D) AR S T HE RS, A TN R th AR 5 T
7, TR ZEARS R

A VEANSH T SRS A SRR 2 R RO, Ol 2 SRR S R R, R EINE
M AT PEM A A5 R . WRP BRI DUE H, AR RN LSTM B4 MAPE {74 1.57%, 5
SRIXA BB AR, AR 2 B AR TR 7 FRONIAS 2 7 T AFAE — € (1 1) @l [ IF, RMSE {E N 58.5921, MAE
By 49.4722, XPHAFEFRERE ST, B0 LT BTN R ZE ORI, Ak, RMEN 86.19%, U
BRI BB AN o =AM AL, LSTM FIVERERRAL, 158 76 R 2 i Bt 1 ) 1) 55 97 93
D5, LSTM BRI B RIS &
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Table 4. Evaluation indicators of single model prediction results
= 4. B—RBTUNEE RN IEIR

TR ARy MAPE RMSE MAE R?
LSTM 0.0157 58.5921 49.4722 0.8601
BP 0.0176 73.6874 60.7766 0.7817
SVM 0.0192 88.8510 73.1969 0.7126
ELM 0.0163 64.3251 52.4690 0.8336

N B8 UE 73 fifk EE A D7 VEAE Ji S OO ARG A0 DA R AR SCHE HH ) R il B A A8 (ICEEMDAN -
EMD-LSTM)MfLERYE . 3EFE T — R VIR E ot LAY . X F o A S A I B A, B8 T 3 1
IREANVERY, TR IR RER IR R EA R, %E$E T EMD-LSTM. ICEEMDAN-LSTM
— R R E IR, EMD-EMD-LSTM. ICEEMDAN-ICEEMDAN-LSTM A1 IE-LSTM Yk %) fif 5 A4 A 7
X 300 FEHUT HNBEAT TR FEAE X L oM. 450 ik 25 K JBE 8 TS R 4 R

IR T &5 SFoxt L

| | |
20 40 60 80 100 120 140
P i)

Figure 6. Prediction curves of the Shanghai and Shenzhen 300 Index using different decomposition and reconstruction models
6. TESTHREMRELFIR 300 ¥ TN th Lk E

M5 R 6 BT LA MG H A T8 — I SR AR B A AL, 51 N A AR P VR A TN ASE 28 %) T 25
FAFE) TARK RIS, TOOM 2 1 2 P2 P A3 2 O o UE B I S4B A0 B I8 I o AR R A AR BRI I B 2
B, SRR TR . A 6 B TT LU H AR I R0 R RS R TN i AR T Y2t B S
FLREDL, PRI THeE 2, AR AR I A BUF AT IR = A b

MF 5 BPEMFEbR T LA, &id— ko R A AL 3 ¥ EMD-LSTM Al ICEEMDAN-LSTM #:%Y,
FUTIMAS BEARNT T2 4 v B — TR AR B AR B2 #8243 2R T+ . R 5 FTLLE H, — k5 i ICEEMDAN-
LSTM A5 A {00 24 R4 EMD-LSTM B8 firfe A+, R0y ICEEMDAN %27 EMD B R SRl B
T E T AR, RERE AR OR B R LG T A R, AT BRI Y TR A M, BRI ACR . [RIE, B
B G TN Ay B T IR 3 R ) R e B R TR ASE B P TR R AR AR T — Ik o R AR, B
B4y 6T LSTM BERR UG, & APRIEN, FHEE— D abH.

m
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Table 5. Evaluation indicators for decomposition and reconstruction model prediction results
= 5. HIREMIRRTUNL RIFNIER

TR ARy MAPE RMSE MAE R?
EMD-LSTM 0.0112 53.3180 43,6543 0.8857
ICEEMDAN-LSTM 0.0105 51.1412 40.5800 0.8948
EMD-EMD-LSTM 0.0099 475388 38.6867 0.9091
ICEEMDAN-ICEEMDAN-LSTM 0.0096 46.1093 37.1870 0.9102
ICEEMDAN-EMD-LSTM 0.0086 41.8349 33.3676 0.9296

4, 4Eip

ARICLL “ormiiae” BARRNTR S, M T AT IR M E M R A AL S (ICEEMDAN-EMD-

LSTM). iM% 8 1 Jie i Hodia (10 3 R A AR SR 0 2 f ) SR AR B AR 2 A1 A (¥ v A0 B
Kl FEXE S BTN A5 SRR AT B iR A TN A AL B 300 Bt A i sean gt RAR ], fE
ALBRIBLAR P AU, LSTM 00 £ A5 AR R 0 I At B — AR T ) R BB s 3 3o 7 At B A TUA B s P 3R 4T T30

o,

TR FRRS FE R BT F s G X — g g EE A i ) v B R MR RE A A R IR R AR, STt

PR AR AR o AL, ASSCHR 0 — 00 i AR TN ROR B 3, ARE Ao B A, s T
BARRITRMEE R o EJRELI TAR, KBS IAR R AN, Rt D 5T A L

EEUWH
FE K HARBLAIE S0 H (72174121, 71774111).

SEEk

[1] Chen, S. and Ge, L. (2019) Exploring the Attention Mechanism in LSTM-Based Hong Kong Stock Price Movement
Prediction. Quantitative Finance, 19, 1507-1515. https://doi.ora/10.1080/14697688.2019.1622287

[2] Niu, H. and Xu, K. (2020) A Hybrid Model Combining Variational Mode Decomposition and an Attention-GRU Net-
work for Stock Price Index Forecasting. Mathematical Biosciences and Engineering, 17, 7151-7166.
https://doi.org/10.3934/mbe.2020367

[8] MXLLE, B, 2T LSTM-CNN-CBAM HEZY (1 i ZETRARF 72 [J]. A4 T2 R, 2021, 57(3): 203-207.

[4] Tang, L., Yu, L., Wang, S., Li, J. and Wang, S. (2012) A Novel Hybrid Ensemble Learning Paradigm for Nuclear
Energy Consumption Forecasting. Applied Energy, 93, 432-443. https://doi.org/10.1016/j.apenergy.2011.12.030

[5]1 fTdL, Z5AET5, (1R EUEREGHREOE sh S5 0 iR S BTN T EEMD R Y[J]. BRbFIR 5 Sk, 2014(1):
80-85.

[6] X%, BE=E. FT EMD-LSTM 5B BAR WA F0 [J]. 3R B 1K 24 (AR %), 2021, 35(12):
269-276.

(71 B, 55 R0 fEEORAE s T o i) B2 AR FE[3]. VSR A5, 2019, 36(4): 1101-1105.

[8] wdldin, 2R, BT IXSHEAT GRU-attention (1S [ Fp 41 AR 75 [3]. 1H 41 HL I EH A, 2023, 42(2): 80-87.

[91 BRILA, FEIRME, RAEAME, FLUiE, 5%, BT 70 f- 5 A RSEOE R A 1 I R i et 7). R4 L
PR3 IR 5 50k, 2022, 42(11): 3105-3120.

[10] =iy, SR, RA%E. BT HMBERN LSTM MR 1 B[] v BN 5%, 2021, 38(10):
78-83.

[11] Colominas, M.A., Schlotthauer, G. and Torres, M.E. (2014) Improved Complete Ensemble EMD: A Suitable Tool for

Biomedical Signal Processing. Biomedical Signal Processing and Control, 14, 19-29.
https://doi.org/10.1016/j.bspc.2014.06.009

DOI: 10.12677/mos.2024.134432 4790 e RSE TR


https://doi.org/10.12677/mos.2024.134432
https://doi.org/10.1080/14697688.2019.1622287
https://doi.org/10.3934/mbe.2020367
https://doi.org/10.1016/j.apenergy.2011.12.030
https://doi.org/10.1016/j.bspc.2014.06.009

HHNL, L

[12] Z=E ¢, Bhigte, B4, 3T ICEEMD i AL RG], #ok24 &, 2019, 40(1): 33-36.

[13] Zhu, K., Chen, L. and Hu, X. (2019) Rolling Element Bearing Fault Diagnosis Based on Multi-Scale Global Fuzzy En-
tropy, Multiple Class Feature Selection and Support Vector Machine. Transactions of the Institute of Measurement and
Control, 41, 4013-4022. https://doi.org/10.1177/0142331219844555

[14] 2=, MokUg. BT 2 AR RNINFRIR 3 s SN 0] tH SR 5 %, 2018, 35(7): 33-37, 62.

m

DOI: 10.12677/mos.2024.134432 4791 e RSE TR


https://doi.org/10.12677/mos.2024.134432
https://doi.org/10.1177/0142331219844555

	基于二次分解重构的股指预测研究
	摘  要
	关键词
	Stock Index Prediction Based on Quadratic Decomposition and Reconstruction
	Abstract
	Keywords
	1. 引言
	2. 理论方法介绍
	2.1. EMD
	2.2. ICEEMDAN
	2.3. 模糊熵
	2.4. LSTM
	2.5. 基于二次分解重构模型的股指预测模型

	3. 实证分析
	3.1. 数据分析
	3.2. 数据归一化处理及预测结果评价指标
	3.3. 股指序列分解
	3.4. 模型比较

	4. 结论
	基金项目
	参考文献

