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Abstract

The volatility of the stock market affects various aspects of people’s lives, making accurate stock
price predictions highly significant. However, traditional time series forecasting models, such as
ARIMA, perform poorly when dealing with the nonlinear characteristics of stock prices, leading to
unsatisfactory prediction outcomes. Given the superior capability of deep learning in handling
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nonlinear problems, it shows great potential in stock price prediction. This paper proposes a hybrid
ARIMA-CNN-LSTM model for stock price prediction, which fully exploits historical market infor-
mation to achieve higher prediction accuracy. First, ARIMA is used to preprocess the stock data,
with the resulting residual series fed into a CNN, which extracts deep features of the stock data
through convolution. Subsequently, LSTM is employed to capture the long-term temporal charac-
teristics of the stock data. Using the stock data of the Bank of China from January 1, 2009, to Decem-
ber 31, 2023, as the research object, the hybrid model is constructed and compared with the pre-
diction results of the ARIMA-LSTM model and CNN-LSTM model. The experimental results show that
the proposed hybrid model achieves higher prediction accuracy. Compared to the ARIMA-LSTM and
CNN-LSTM models, this model reduces the mean squared error (MSE) by 25% and 16.7%, respec-
tively, and decreases the mean absolute error (MAE) by 14.1% and 9.4%, respectively, demonstrat-
ing better forecasting performance.
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Figure 1. CNN network structure
1. CNN Wz 4544

2.3.LSTM

Figure 2. LSTM gating structure
2. LSTM [ Ji=454
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Figure 3. Training set and test set data
B 3. IIGERMREHKIE
4.2. ARIMA R E
4.2.1. BIEERMERE
i H ADF fa 30k 50 IR AR I 2656 1) P A1~ Rt . SR U2 R ank 1 Fr.
Table 1. The original sequence ADF verification result
= 1. [RI8F5 ADF #3645
ADF Bt ADF J&1E1H
Test Static Value —2.84539
p-value 0.05208
Critical Value (1%) —3.43237
Critical Value (5%) —2.86343
Critical Value (10%) —2.56725

USRI A7 A& PR, A4 Test Static Value N 77#RA t{H, FHEFN /N T 1% 5HE . 5%l
FHEA 10%II A [12]. B ERATRAEH, tERT 10%IG5HE, FIbRA PR, fH ARIMA fEAY
AT e T Bl BEOR A PR, RS IR AR I SR s AT — I 2 s B, SRR RS TR . B ES
Ja (] ADF fr 3645 Rk 2 fos. MWRPHHETT S M, tENT 1%IGFHE . 5%l S EAT 10%I FHE
PRt R s, AT R 8 Hrscis .

Table 2. The result of the first-order differential sequence ADF verification

%= 2. —MrE5SF5 ADF iKIEER

ADF Bt ADF J&11E1H
Test Static Value —10.6038

p-value 6.0766e—19
Critical Value (1%) —3.43237
Critical Value (5%) —2.86343
Critical Value (10%) —2.56725
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Figure 4. Autocorrelation plots and partial autocorrelation plots
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5. SLWFE RS SR
5.1. =& iEHR

N TPl ARIMA-CNN-LSTM A5 7 7E IS4 #6 F000 O HE R PE , A SCIRER T 5 1% 2 (MSE) . ¥75 4R
P22 (RMSE) R~ 4 48 %61 22 (MAE) = /M8 b Al B 1R A A5 RS 7E I 2240 A T O T i vE g . @i iX =AM
Fral DA s sz b -5 PR 2 8] B R 25 KN, = ANRFR I E A R .

1.0
MSE = HZ (yreal - ypfed )2 (2)
i=1
1>
RMSE = EZ (yreal - ypred )2 (3)
i=1
10
MAE = Hz Yreal = ¥prea (4)
i=1

Ho, vy PR 0 ARSI, ., R | FIREE B, n R A SR
5.2, AFHERITRILE Attt

T SR AR LE B S AN A TN 75 T 28R, AR SCERE T ARIMA-LSTM BRI CNN-LSTM 47
NEEHERAY, BTSSR S ARIMA-CNN-LSTM BERIEAT X Lo [RGB T 0 4, Bl
RO b (A R R Y B AR R S8, #8H Adam PR EAT AL . JE T =R H6 05 T 1A [R5 3
T2 R e 3 prax, X He b AT EEA R AL A Tl iR 22 45 5, T LUE H ARIMA-CNN-LSTM #241 =
PR bR B 2 A A, IR S U A Tl 7 T ) e fe 1 P 7

TE I 0] RO ARAT AN LR AT IR S A ) T 45 AT 0 M, T UK I ARIMA-CNN-LSTM R AY7E IX
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T ARIMA-LSTM 1 CNN-LSTM 5%, ZXH] ARIMA FiACFEAT CNN & EB4S A SR IR F+ 7 B8 (3 4k 35
Mo

Table 3. Comparison of prediction results of different data in different models
7= 3. TREIBBETEHEE UL RELE

J S AR 1A MSE RMSE MAE
ARIMA-LSTM 0.0020 0.0447 0.0248

o EARAT CNN-LSTM 0.0018 0.0424 0.0235
ARIMA-CNN-LSTM 0.0015 0.0387 0.0213

ARIMA-LSTM 0.0084 0.0916 0.0552

HWRAT CNN-LSTM 0.0079 0.0889 0.0524
ARIMA-CNN-LSTM 0.0065 0.0806 0.0482

ARIMA-LSTM 0.0049 0.0700 0.0465

TRRAT CNN-LSTM 0.0046 0.0678 0.0439
ARIMA-CNN-LSTM 0.0038 0.0616 0.0386

6. it

N TR E B MG TR, 2T ARIMA-CNN-LSTM IR &#4L, DL 2009 4 1 H %] 2022 4
7 AR EBATRIRA NS %, T 2022 4E 7 H 3] 2023 EIRNEEAY, LSzt tb o, AL R
T4t

(1) MEETIHADIRE S S R AR, ASCIRH ) ARIMA-CNN-LSTM #71 BA /N T2 2,
R B A At T A S S 8] PP B R R AE A . @ L ARIMA-LSTM #5784 F1 ARIMA-CNN-LSTM #
RUE TR EE R, ATLAE H CNN FESREUR SRR, XA (TR RE A B2 IR THE . 76 ARIMA-
LSTM A4 iIn N CNN J5, ARIMA-CNN-LSTM #58 §e % 4 B (8] 72 41 v 00) R A o, (19 5% 22 I3 1 1)
JELR AR B T A A A, AT AR i T R A Y T e

(2) ARIMA-CNN-LSTM B2 e, ARIMA F TR AL R D 384G Rt 23 5 T 58 b 1) 28 Mt 34 AN 2= P
gy, X NJEEE) CNN-LSTM AL BEAE A R AE SR (i T 56 -4 B0 5 A\ B8t - 383 % b CNN-LSTM A7
Al ARIMA-CNN-LSTM R i Fi 45 R mT LU 56468 ARIMA BEATZ6VETiab 2, Fidid CNN-LSTM
B AR F IR AR AR R R, REE A AR THEE AL 1) B R TR 2

(3) X b EARAT . A VAT N RS ARAT R SR I SE BRI E, UEW] T ARIMA-CNN-LSTM %Y
TEAN[F I St & AN e o X B e A U R R PR A RN AR 2R PRI 3, IERE I R
BRI SR A B B o RS 5 . X W] ARIMA-CNN-LSTM A5 AU 7 4 fil 17 3 T o B )32 (0 0 P 7
e

ZE b, ARSCERH ARIMA-CNN-LSTM JR-A R, AH EE TS50 b A i) LAY, FE 980/ 1 22 J7 T
B ML, BT LTI B A 0 B S AN A
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