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Abstract

The purpose of investors buying and selling stocks in the market is to achieve the maximum re-
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turn. However, stock prices exhibit non-linearity and non-stationarity, making accurate prediction
challenging. To address this issue, a hybrid forecasting model, named PCA-ICEEMDAN-LSTM, was
developed by combining Principal Component Analysis (PCA), Improved Complete Ensemble Empir-
ical Mode Decomposition with Adaptive Noise (ICEEMDAN), and Long Short-Term Memory networks
(LSTM) to predict the closing prices of Chinese stock indices. In this study, eight commonly used
technical indicators in the stock market were selected as the original features. PCA was utilized to
filter out the most relevant technical indicators as input features for LSTM, and the components
obtained from ICEEMDAN decomposition were used as target variables. Experiments were con-
ducted on the Chinese stock market prices from 2018 to 2022, and various statistical indicators
were used as evaluation criteria. The results obtained indicate that this framework produces the
best performance compared to baseline methods in predicting stock market prices. Furthermore,
the use of PCA and ICEEMDAN helps to enhance the performance of the original LSTM model.
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KHILIK, A8 SR AERA BT 1 SN A TR0 — B2 S A M T R 2 — . B TR T3 B ik
N, BN EAZ AT BUAAIA FIRE R R I E A AR, RS T 2 — U L BRI A 55
SRl E MU AN BUR H) e 35 IEAESL R 5% 0y, R SR T T Bkt G S Rl fa L. B S A% Tl 5 R 22
D37 GHTEAR, S TR) 7 B o0 A v 1 Ik I BIMLER 24 21 (2], Feidk— D R R BIREE 2% 2] [3].

X T S REARAE N —FRREER BT (751, ARGt B A5 A0 ARIMA 1 Goach — EL#H T
FETRM[4], AHSREEE 1 AE LA g S BOX SR TN G 1R 2 R FRYE[S]. T4k, BN F
SIEARM R R, —2 i ERAE AN TN AR R T2 R A . B SRR EHL(SVM)S KNN AL S
{14 Filt A5 AE 22 B2 FH 97 R I 3 A0 A DA SN [6] . BEALAR AR OB T IS i sp e A, RN
85%~95% [7]o AXZ 3 A GO0 A e sRAREAE I ZE T AR I REF HEAT TR & . & ANTEBIFFR T —
BRERSESCRE RS, DA E S EE A SN, AR5 R FH ) e PR SR N B HE 5% . Das S8 A [9J3RH T
— PP T EAGHESE (BT K AR, GBI OSELM BR84Sk e/ IMUGAREAE - AT 2 v A Sk i A Tl 17
HERfTE . SrijiranonK 58 A [10]#&H 7 —FpdE T 3 5720 B (PCA) FIHC HE B EAZ (LSTM) 1) 11 ZEA0 k% Tl A
AL, SRIGVR IR 1A% 2 R 68 v A TIO AN U Bl 3

ARG R: 55 2 EAA AT EA RSN, 55 3 2/ R (i B AN AR
55 4 BRI UE FTHE B R, B B AR SR i — D

2. HRER

AER AT AT A CEAE . B ER 1T, eGSR o A AT A2 M 25
2.1. EWSTFH(PCA)

FRG T (PCA)E B FN 4 IR DV FEII IR Z —[11]0 PCA & —FiHEAS 475, H T @24
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EHACON DA R R BRUR R IAERL, RN R KR AT IR MR . RFEORY 4 7 ia T
RGP TR YE . BRI, T EORIE R T SR, RAcE. shE AR H [F
i, PIEATR DAHE 2R Ai7 5 [12]. PCA AT LR K EECARIGFR VI ANSFIL, A2 I8 B 4ER o .
PCA KL AT LA T2 M BeE IR AR, a0l 47 9 o M Al B R imde LI Se . Behh, —2Emtiek
Y, CREHLASSE ST PCA AHES & n] AR ZE GERAY,  R50 2 5 I PR AE BRI L . PCA IIEADBRANTT -
1) W BRAR A AT ARG, DARA DR EELALECHR X 2047 (K o sk A 55 o AR50 b, B R R (1),
Horb x g A xR R IE A B/ IME AR KB, x RN BRI, T X, paiized 288 VA A BRHTEL -

X=X .
_ min
X normailzed — X —x (1)

max min

2) ARAEIA— AR R O T R R . BT RR RS 0 4R, TR SN RIONIERE A B nxn
UM T R -

3) =P RS T Z B O RAAE (A AR AL AR ORAR A R o HEFE A4 FHRFAEAE 2 I SR AR 2(2)
KRB, Hrh [ RS A MALERSALERE, B 22 R RGA I AR . a4, ARl
SRAR G ARAR BN WL RFAE 7] v

det(A1 - 4)=0 @)
(AI—A4)v=0 3)

4) JE I B R SRR BRRAE ) e K B B/ INHE T SRR D SR AR A B . B B R A R AE )
BEROAHIE TR . R G, B p MREE ARRARAERE, SR E B
22. Wik EEERIRSTRAICEEMDAN)

ICEEMDAN /& — iS5 50 i 71, /& EMD EGERRAS . N T 3218 G 3 e A TR B i Utk
$2tt 7 CEEMDAN 73 it >RiH bR 5 m, DL D ISEESTR S v 1 ik — 3Pk CEEMDAN 73, #2tH
7 ICEEMDAN 73 fif, &Gt 7 e S s inskng, DLE &R NS . ICEEMDAN 386,48 X0 M 75 75 0 1Y)
otk LABR S5 BRI AR
2.3. KIHICIZMEMLEZ(LSTM)

LSTM 1450 — 354 3 4, 43038 % T (Forget Gate)« 53871 ](Input Gate) L S i ! [ 7 (Output Gate)
[13]. LT JEEAH RNN KIF&4 )2 (Hidden State), LSTM #1117 —NIRE C, (Cell State). #1242 I04%
FEIE 1 B EATRITHE A K AN

E :O-(W.f '[Ht—lﬂXt]+b.f’)

I =c(W, [H_.X]+b,) “4)

Ot :G(VVO '[Ht—l’Xt]+bo)
H, H, R ERZIRGERE, o NEGE R, 82 sigmoid AL, F . MO, /AN,
BNTIAG TR SR, w, o W AW, 23 a8 s ]S SN T IR T TR R RS, b, o b, D,
YIRS TR IR B I, LSTM e 2% H H i e 1R B o R 28 3 R A 5

TR T, GO A, i N AR A% S (R 1) B (R SR R R T T A IR A, SRR R
C, =tanh(W,H,_ +W.x, +b,) (5)

C,=FC,_ +IC, (6)
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Figure 1. LSTM neuron structure diagram
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Figure 2. The specific process of the proposed fusion framework
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3.1. $fETHE
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I “ta” BSRA B AR IR, A0E, (R E R AT SR B e 2 T, REROR AR AR AT I — 1k Ab
B FRA TG RZE RS, EARFTH, ERARME—AFRS M, ERRENITELERE L
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Figure 3. Constructing principal components of technical indicators
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Table 1. Evaluation metrics

= 1. TR

AR AR TE S NN
MAE RSP ORIE =
MSE WriRzE
RMSE YRR
R’ P R

4. SLIGERSY
ARATA-EEFH i VR A AR TR SR T wp [ A T B SRR BN A B S EE Y 2K
4.1. BuEYE

AT FE LA F BB T SRR 98] DA— 5 TN 56 IE P RS 2R PR T AE R 1% « AN hittps://www.tushare. pro/
DA AH&RE JHREM . BECE BEZH B, MEESEZEM 2018 £ 1 2 H
#2022 4 12 30 H, RikBese 5 HEEBEE A TH 0. Frisudl iffaimE S X 4 hafite.

SFR00IE R EMESE (2018 - 2022)

5500

5000

g/

4000 -

3500

3000

@\%’“\ ,Lg\q/“\ @1«“\ @1\/“\ @11’“\ 1@%’0\
HEA
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Table 2. Technical indicators

2. BoRIERR

25 ik
_— [X 8] 72 ¥ £k (Detrended Price Oscillator, DPO)
{81 B #2 3))"F- # 28 (Simple Moving Average, SMA)
5t fi i TR FR(Negative Volume Index, NVI)
W HIE A AR5 5% (Bollinger Bands Width, BOLL)
Fifi HLAH X 588 55 F8 A7 (The Stochastic RSI)
i #r #4255l 2R (Price Rate of Change, PRC)

43 B RSS2 6 FR (Percentage Volume Oscillator-Histogram, PVO)

JE B A FE 2y(Williams %R)
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Figure 5. Original closing price and decomposed IMFs
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Figure 6. Change in principal component variance contribution rate
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Table 3. Configuration of hyperparameters for each LSTM
#3. BN LSIM MBS HEE

= Il & I 2. 23 % A2
vps AR e g TOURRE DR TR

A SR Ji 3]

1 150 1 0.01 0.02 400 0.001

NRIEE

2 150 1 0.01 0.02 400 0.001
3 150 1 0.02 0.2 400 0.0005
4 150 1 0.01 0.2 400 0.001
5 200 1 0.005 0.2 400 0.001
6 150 1 0.01 0.2 400 0.0005
7 150 0.4 0.01 0.001 600 0
Res 150 1 0.00095 0.4 200 0
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Table 4. Comparison of four evaluation indicators

= 4.3 RN IEFRXTEE

i eit] MAE MSE RMSE R?
LSTM 237.2117 83925.1739 289.6984 0.5580
ICEEMDAN-LSTM 87.8491 12039.4106 109.7242 0.9366
ICEEMDAN-PCA-LSTM 59.3076 4889.4412 69.9245 0.9743
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