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Abstract

Efficient and accurate stock price prediction has been a continuous pursuit for researchers. Due to
the significant nonlinearity, non-stationarity, and time-series characteristics of stock prices, im-
proving prediction accuracy has become a key research focus. This paper proposes a combined fore-
casting method for stock closing prices based on multi-feature analysis using the eXtreme Gradient
Boosting (XGBoost) model and a hybrid model incorporating Empirical Mode Decomposition (EMD)
and Long Short-Term Memory (LSTM). First, an XGBoost model is constructed to predict stock clos-
ing prices, and the prediction results are added as new variables to the original dataset, forming a
new multivariate time series. Next, the EMD algorithm is applied to decompose the new data into a
finite number of intrinsic mode functions. Finally, an LSTM model is built and trained to obtain the
final prediction results. Stimulation results demonstrate that the proposed model outperforms the
RNN model, single-feature LSTM model, multi-feature LSTM model, XGBoost model, EMD-LSTM
model, and EMD-RNN model in terms of prediction accuracy and overall effectiveness. This indicates
that the proposed method can significantly enhance prediction accuracy, providing valuable refer-
ence insights and offering positive guidance for investors’ decision-making.
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MRz Hr, KEHHOZAZE ML LSTM B IE & RO MR N2 2 —. 4], Elman $2H 7T
PEIRARZE P26 (RNN), RNN g ab BRI 6] 5 7 5 5 96 1 B ALEs . B, Hochreiter 5 A[14]32H 1K
A2 N 4, AR R E RNN R ) Bl BaEAT 1 okt JF HLATXT RNINCZE I 2R 72 Hrads 1) (0 B B A E
RS FE VA SR (0 1e) L, LSTM A58 5 51 NI PP A I 3 14 e A2 O B D X — el il o (R, LSTM 45
BUTE 5 S 0000 S5 A0 L O S R8s, BORTREE 2 S B R i — AN B 7 ). MR T, inAEAR
122 ] £ (Convolutional Neural Network, CNN). i3 #1254 (Recurrent Neural Network, RNN). K57 #id
12 M 4% (Long Short-Term Memory, LSTM)Z%[15] [16], MY GES AL PR 2% (I 1] 7 20 B, i =L Fi0m) ) v
Bt L i o 2 S [ L7 IR I Rt — P 5 B 2 3] SR 2 ST MG 1) — B B TROASE 2, el S i 5 SRR
HZ R Z NP R AR L #0A B IR T, R LSTM 7E AL PR KA ) 3B A B B33, (BAET
MK FVEAER, AR5 B R R Ik

G, ZEF AR H T A TN R SR 2 e JBE S A s S0 A HE A 1 o 2R 28 5 S5 [ 1810 B AR #2245
(CNN)$EEUEHRRHE, I A A S LSTM M2, [mlif {5 H CEEMDAN 73 i 55k PM2.5 5813547 75
filt, JLAERRH, ZAERTN PM2.5 IR HERIVER R . KE SRR, AHEIEFRIFH G AR
RS 025 ST 0 ()45 B AN AERPE[19]-[21] « TKJEZE[22]i8 1 ELM-EMD-LSTM ZH& B % i s 3 5 45
BEATFI, 3F HA AR 5 LSTM K . ELM-LSTM BEALHEAT X L 9206, 45 52 3¢ W 4 & R 28 () L kS
FEE R, HoPHgantiRzs SR Z /N . Ren [23)F XGBoost #5745 CNN AR & 76—k, 5 1
WA G IR BURHEAT 328, 45 R IIZAR AL 7 RAT S h R I i o IOk, SBKIR[24] 8 %6 FIH SVM
X I TEHEAT T, R TR 1 25 S N EI) XGBoost B8, A TR —1> SVM-XGBoost [ 2H & Tl 5
B, 2 SRR R A R ) TOUUARS 5 L B —ASE TR F T G R B AR

A I DA SRR ARV FERT CAR I, KA [R] PR 4 A 7 — e ) T g v B e B B — AR ) RO T AT
KRR @I A R A, BT DUR A &SR A 350 T 4 s Y g T P e . DRI, ZH AR
RS T2 i A 28 T £ v e 1 RS R P T R AR . O TR R B AR TR B, AL
P2t —F XGBoost-EMD-LSTM B & 1581, IR 254 XGBoost. EMD Al LSTM & H L s AL I 5
M AT TR o A% ST P Hh LA e 5 S A0 v [0 1 i 552 7 s i 3R AT T S5, il ik 45 B S B 25 SRR
5 AR LY, A ST ST AR A 7E R S TN 75 TG A e R TIONORS E PPN R AR B A, BRAIE T AR SR
AR R .

2. IRF=*E
2.1. XGBoost &8

XGBoost (Extreme Gradient Boosting) 5.7/ 2016 K A 18 - [25]82 H R i — Rl (K 5092, Xk
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Figure 1. EMD decomposition flowchart
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1997 ¢ Schmidhuber 55 A 14104 1 it RNN 32 I3 22 [0 2 500 224 rh £ A RO FRE T 2R o of FEE R ) e
PASAC FIM e g, $R 1 SEAR A LSTM KA Z M 8 . LSTM B 5 kg Bt ] 2 o :

Figure 2. LSTM model structure diagram
[E 2. LSTM #RBUGE ) [E]

MIE 2 AT AE H, LSTM ARARLZEAH I 5070 22t =N AR T I G BT, AT ], fidi .
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Z"I?ﬁ]\l‘] T EFRATT AL x M LIRS T RE h AR [h, x | fERA TR,
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BRI AR C L, BEHNC G, ¥ C &ld tanh BEZ A ¥ A 285 Bk, AR5 @d A
tanh 253 21945 1 5 sigmoid WUF REUZ BRI 45 Rt 28 3R & nf l, HRIAAN:
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3. SCUES AR
3.1. HIRSHT

A E A AR 2E 2012 4E 2 H 22 H & 2024 46 H 1 H 57 2838 4E ik 7855 G AT 23 b 1
M, 3o 2982 8, HAaEBaEmr. JH . mmtrs RARM. oS B IHBEA . kiR 2
ANEHERE, 8RR 1R,

Table 1. Partial raw data

F= 1 B REHIE

Rl &y wem AL FrALAY JRAZE O H A
1 10.27 10.26 10.28 102 12.46 M 1031
2 1031 10.27 10.38 10.23 21.43M 10.43
2981 102 10.36 1053 10.16 17335 M 10.14
2982 10.14 10.11 10.22 10.08 13539 M 10.16

N T A HPAR B K T M R, B A ST B R o IR A SR, LRI gRE 2 F ORI
A DL B LA, TR SR S A ORAG IR Y iz A e 7. B A SO E &I 3 8:2 itk s, Hodp
¥ 80% M H TR IIZREE, B4 20% 1504 H T+ @ il 4k
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Figure 3. XGBoost-EMD-LSTM algorithm flowchart
3. XGBoost-EMD-LSTM %572 E
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Figure 4. EMD decomposition diagram
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YT HAFMSE R E, XGBoost-EMD-LSTM iR 5t i 37. XGBoost AR, K e A 1 45 =
(n_estimators) % & & 200; F#ALFR-7-(random_state) 5 B v 4205 442 >] Ji(learning-rate) % E 4 0.01. 44
JEEESL LSTM B4, IF[A]H 2h a1 5 FE 9 60, FHSR TN AR — R AELAY: FZ P iE R E RN
50 4N; A tanh B0E pRAL A AOA0 AL BRI B R Adma SE . SRR BGEBE R 1Y iR 2 MSE. RS
W& T TERERE Y (RFAE , W Il 2RIk $(epochs)iX —Z A%y 300, HEAL#E K/ (batch-size) i % hy 32,
HARNIB NS IR LS B R IZRE8Y, 193] XGBoost-EMD-LSTM HEAY (fy rf #L A6 4] 5
PR o
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~ o] O
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Figure 5. XGBoost-EMD-LSTM model stock price prediction curve
[E 5. XGBoost-EMD-LSTM &8 B Z= 4 #& 750 eh 2% &

K 5 BTSSRI 1A TE R AR S A B R RE R R0 . 5 R AR LSTM
R, ZHFIE LSTM BB DL K XGBoost #EAUAHEL, TR & AL FUIEL 5 S b S o 3eiln,  HL R SE Eff it
BT BIBCBN S o R A I AR e BB B BT, VR 5 R 20 B SR 1 1t 2 e 0 PO s R4
IR ORI 5 R A B — BN ke sy, I R A R AT B 1

N T ATE XGBoost-EMD-LSTM HERLLEFRINAE 55 o (A 2k, AW FER AT 1 43 2k 2R I 7
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Figure 6. Loss curve
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B 6 Fron, BARKRE, HRFHUR R LRI BB AR B, TUREENSGIREFIRET
B, It BB RMIIEH Rz MR AW B ZER, B8 TR BIFZAGEE S . B KU SI0H & R
Hfag, NGEBEERENE, REAMPEEERIKT, FHRTIETAAES BRI .
3.3. EHENEMIEHR

ASCERI PN TR T I L0 iR 25 (MAE) 377 IR 22 (MSE) U7 RIR Z(RMSE) TE R EL(RY),
HerREA T,

1 ,
MAE=WZ|yi = (13)
i=1
1 N
MSE :WZ(yi -y (14)
i=1
1 N
RMSE = |3 (¥, - v )’ (15)
i=1

(16)

T N ARERANEG y AFESHE: Yy RTOIME: yoATIRESYE: v R FN{E. MAE. MSE.
RMSE {EBRAIG, 22 BIARARL R TN RS P i o R2ABBREAT 1, i AR 25040 (R 40L& Mkl sy, Toniul fv v 1t

Y BE— B IRAIE PR R G Rk, GBI b RNIN RREARY | BRAE LSTM R | 2454 LSTM 7Y |
XGBoost 1%, LSTM-Transformer 7%, RNN-Transformer 7%, EMD-RNN %, EMD-LSTM %,
XGBoost-EMD-RNN #7 DL iz A SCHF 5% ) XGBoost-EMD-LSTM #i%4 ) MSE. RMSE. MAE. R?, &%
(TR0 25 S e 2 B

Table 2. Evaluation metrics of different models

2. BIREUTMIEIR

T MSE RMSE MAE R?
RNN 0.12540 0.35412 0.28673 0.95022
HRFE LSTM 0.08011 0.28303 0.20437 0.96820
ZHHIE LSTM 0.03255 0.18042 0.16591 0.98707
XGBoost 0.06132 0.24763 0.21189 0.97566
LSTM-Transformer 0.00130 0.03606 0.02838 0.94181
RNN-Transformer 0.00164 0.04052 0.03419 0.92652
EMD-RNN 0.05313 0.23051 0.22377 0.97891
EMD-LSTM 0.02537 0.15927 0.15677 0.98992
XGBoost-EMD-RNN 0.01176 0.10847 0.07808 0.99235
XGBoost-EMD-LSTM 0.00009 0.00952 0.00720 0.99994
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P 2 ISR LUE H, XGBoost-EMD-LSTM % f¥] MSE A1 RMSE Et RNN #5784 53 Jj1 FRAK 1
12.531%. 34.46%; LLEAFAE LSTM HERL5: IR T 8.002%. 27.351%; LhZ4FME LSTM A1 733l P
T 3.246%-17.09%; tb XGBoost #7173 H| 4K T 6.123%-23.811%; b EMD-RNN #7135 F#{IK T 5.304%.
22.099%; tt LSTM-Transformer #&IF1 RNN-Transformer #7512 BIFEAE T 0.121%. 2.645%F1 0.155%.
3.1%; Eb EMD-LSTM R 7 43 5 B4 T 2.528%.14.975%, Lt XGBoost-EMD-RNN #7173 5| FEAIK T 1.167%-
9.895%; XGBoost-EMD-LSTM #&#[¥) MAE Lt RNN A, FAFAE LSTM AL, Z4FAE LSTM ARA,
XGBoost &%, LSTM-Transformer #%4 . RNN-Transformer 1 %!, EMD-RNN #£&£#! . EMD-LSTM. XGBoost-
EMD-RNN 5 73 5] FAK T 27.953%.19.717%.15.871%.21.657%.2.118%.2.699% . 20.469%. 14.957%.
7.088%; XGBoost-EMD-LSTM %) R? t RNN #7A1, FURREAE LSTM A7, Z4FHE LSTM AL,
XGBoost %! . LSTM-Transformer ##! . RNN-Transformer £ %! \EMD-RNN #£#! \EMD-LSTM. XGBoost-
EMD-RNN # A5 54T T 4.972%. 3.174%. 1.287%. 2.428%. 5.813%. 7.342%. 2.103%. 1.002%.
0.759%.

IR IRZE A R2 kG, ASEH P ANRZ /N, RAE A, AL IR B AR T AR i J LR B2 A
IRKIETE o AT B /R A R R 2 ) R N 22 57, AR SCHEAT 7% B2 AT, X s 24 (10 Joi 000 &5
el & B, Wil 7 frow

EMD-LSTM
101 — EMD-RNN
—— Istm_single

— Istm mulii

rmer
8 ™ XGBOOSLEMDRNN
—— XGBOOSt-EMD-LSTM

Stock Price

2400 2500 2600 2700 2800 2900 3000
time

Figure 7. Comparison of different models

7. BIRBINSECE

7 FRJRIR T AR R T 2R S S o Ee . IR R BAE . XGBoost-EMD-LSTM  ##74
(H R 0 i 2R AR R) 7R B AN AR I Bh I B2 b, RIS T 057 AR B 280R o R 1 A 75 1 ZEAN % 1) S 2
BEANHATE], AR R P T 2 SR B S ST R B, T AR RS G AN R RR R Bz E— P R E By
Mriow, ASCHTEFE AL ) MSE. RMSE A1 MAE 73724 0.00009. 0.00952 £ 0.0072, & 3% T H Al fs
A, H R2AHIAZ| T 0.99994, R E0 L (LG FE B b FUA AR . DRI, AN 7 R B R AN AE Tl
MR R I e A, 1T HLAE SRR R B 3 s i ) A 1R

3.4. FEALUKREMEMERSKARZNRTN

N A3 T AR SO RLAEAS [F B (8] 7 A0 AR A T v R, AN T S AN s S, B LA L
JREEE AR A SR A I 2E(2014 42 9 H 16 H~2024 4£ 6 H 1 H)Pi s #dl, 405 2360 2504 . 16 ATid A
TR, R e A B S SO A AN e g A A SR A AT T T . 4] 8 RIS 9 REOR T T AR, T T
MLERNVEGNL T R4 3 Fk 4. B IX—H RO, TATEEVEAGE A R B 4L B 1z (LRE oM
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Figure 8. Sinopec stock hybrid model prediction curve
8. FEAKRERARB TN thLLE
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Figure 9. Huajian group stock hybrid model prediction curve
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Table 3. Sinopec stock prediction results

F* 3. hEAUREMNLER

Fe 3l FSLH e ZME
1 4.08 4.0798040 1.96e-04
2 4.08 4.0800676 ~6.76e-05
471 6.22 6.2224780 ~2.478e-03
472 6.20 6.2005544 ~5.544e-04

FEXSIEL 8 (o Mretr, W LARLERE BUACHT FU P § Hh AR R 82 T o [ A AU B S i B, IR AR RE G 4
e R TN AE R o AR A U i 2855 S B e i A FRE T v P 0 — Btk IR AR AR R LA e A
AR, A 3 I 4 R, T T SE PR RS TNAE 2 8] A 22 S (B S P ELIRR 25 TR, 45 R R
REEZE RN BN, e B IESE TR TN 45 2R 5 SE PR T RPN HE R R, AT S et A 7R ) 9000 %k
BEBOVH .
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Table 4. Huajian group stock prediction results
4. EREFARETNER

¥4 HEME T L A
1 5.58 5.555662 2.4338e-02
2 5.53 5.4983454 3.16546e-02
471 5.30 5.31047 ~1.047e-02
472 5.27 5.2858753 ~1.58753e-02

N T A A IR AN AR 1 S B AR TR R 2 2 IR 2 S, A SO EN TP AR B 43 b
%72 (MAPE)E N 4845 . MAPE (Mean Absolute Percentage Error) i & ()& TG 5 Sz e 2 1) 26 %) 5
ZEHFE, RiEXHN

1 N
MAPE _Wz

i=1

yi — yi ‘ (17)
Yi

Horb, y R BEEM RS,y AR TN . A SCRERY ) MAPE PR i b5 5 HLAT SR 1 T
PEREUIZE 5 B, WAL, ASSCHEH PR AL AE MAPE _E 508 T oAt B A .

Table 5. MAPE values of different models
# 5. FREEE MAPE &

ey MAPE

RNN 4.03144

FURFE LSTM 3.35300
Z4FIE LSTM 26.1113
XGBoost 3.62826
LSTM-Transformer 0.22495
RNN-Transformer 0.24518
EMD-RNN 3.43104
EMD-LSTM 2.42332
XGBoost-EMD-RNN 0.31709
XGBoost-EMD-LSTM 0.21721

X+ XGBoost-EMD-LSTM #5784 7 4 g £ [ (1 i 2 A0 4% _E F00 19 AR $8 #% MSERMSE.MAE . MAPE .
R2 N3 6 iR

Table 6. Evaluation metrics
% 6. TN IEFR
i MSE RMSE MAE MAPE R?
XGBoost-EMD-LSTM 0.00212 0.04610 0.03143 0.20481 0.99861
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4, B5RIE

Ji 7 DR G R v XS DA B W TR, — BLDAK, TIO AR SEAN A R i — B R R & S s
MIFEFE R B AR A0 H —fh XGBoost-EMD-LSTM B 7Y i o) e ZEUS 454N #EAT T, SEAFIE R 7 3
HRERTATH ., ZIRBAHEAE MSE. RMSE. MAE. R?43J1°4 0.00009. 0.00952. 0.00720. 0.99994.
IS HAl LR LA ST HE T L, AESE T XGBoost-EMD-LSTM A7 (R Fi i 25 /N . $&
U o OB N T 5N R, AR R PE R bR R A R, SRR AR
IR ALAE [ B A R R P NG A R AR I I SRAN A I, TR IR 1 8 ) Tl i

B2, ASOEF LR/, FEAREXN THEMGSEO T, ERAGE RPN AR
AT S, BAIRREIATEERBENIE . PUGTE 5 22 0B 70 Heolkl S U BE R B 34T I 2, TR
SR T L 0 TR0 28R
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