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Abstract

With the continuous development of the financial market, stock price forecasting has become an
important research field in both academic and practical circles. Accurate stock price forecasting is
important for investors to formulate reasonable investment strategies. However, since stock prices
are affected by a variety of factors and are highly volatile, it is often difficult for traditional forecast-
ing methods to capture their complex nonlinear characteristics. In recent years, artificial intelli-
gence techniques, especially neural network models, have been widely used in the field of financial
forecasting, and BP neural networks have been widely utilized in predicting stock market prices
due to their excellent nonlinear mapping function. However, the network model often faces the di-
lemma of falling into the local optimal solution, coupled with the slow training speed, all these fac-
tors limit its further improvement in prediction accuracy. In order to improve the prediction effect
of BP neural network, GWO-BP neural network model based on Gray Wolf Optimization algorithm
is used to predict the stock price of China Merchants Bank. By combining GWO algorithm with BP
neural network, GWO-BP model can optimize the initial weights and bias of the BP neural network
globally to avoid falling into the local optimum, and to increase the convergence speed of the model
and prediction accuracy. Exploring the future trend of China Merchants Bank’s stock price to predict
is conducive to reducing the probability of financial risk in the banking system. This paper takes the
daily stock price data of China Merchants Bank from January 4, 2022 to August 31, 2024 as the re-
search object, and researches the future trend of China Merchants Bank’s stock price based on the
GWO-BP neural network model. The article explains in detail how to integrate the Gray Wolf opti-
mization algorithm into the BP neural network to optimize its weights, so as to enhance its learning
speed and prediction accuracy. The potential of the Gray Wolf algorithm in improving the initializa-
tion, weight adjustment and learning rate regulation of BP networks is deeply explored to overcome
the limitations of traditional BP networks in terms of local optimum and convergence speed. At the
beginning of the study, the principles of the BP network and the gray wolf algorithm are systemati-
cally sorted out, followed by an exhaustive description of the optimization strategy, and the superi-
ority of the improvement technique is confirmed through empirical studies. The study finally re-
veals that the BP network introducing the gray wolf algorithm shows excellent performance pro-
gress in many application areas.
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Figure 2. Flowchart of GWO optimized BP neural network
[& 2. GWO fftit BP #ZMERIZE

2.3. GWO-BP {1 M4E 57

2.3.1. GWO-BP & ghtiz

GWO-BP #2454 T GWO i BP & S A A, il it i H GWO Hikfi L BP #i4
W25 IR R E A B, A3 H%méﬁﬁ%%ﬁﬁW%ﬁﬁ Bk, fERRMEERES, Bk
FIF GWO 5%t BP #4248 WG S HUAT AL, S8 )5 FHlE BP SEHHT R IAERE I 2. IR .
FRUL T LS BP A 2% 5 T B N R pc DA A 1 )

2.3.2. GWO Xt BP #1£24& iy it

I GWO ik BP MZ Mg L&, GWO-BP HEA RIS LE W LA Bl it 4 /4 R B &
EIVIER E R E, TSR BP MM FSSERE . 51%4000 BP #h&E M4 AH L, GWO-BP #LAITE
AU FE A 2 ) O SO B v PR PR R BE AR LSRR . B Ah, GWO 5] AN J8/D T BP #4550 Uk
SRR, AR TE 5T 2 1 & R AT TI0 Hp R A S A Y A

3. HiEsiE

HRRAT 2022 45 1 H 1 H 2 2024 47 8 H 31 H B = HdE AL B B 3 B i MR S R AE AR B 7
EALEE, BAEARAE(L AL, B iR o (BN ZR8E . B SR AN It A 2 1) 1) U )50 ) 55

FAHNRDE R SOARNEN SHER, HEHEF XSGR, W& SO ECR FRFAE 5
o E AL, RIS S5 BN RS AERC R . BTUL, FERIEERERLZ A, 2500t SR AR AH HEAT MRS AL AL 2E
W AR AL T BURLAE I T 2 A DT IR T B A T iR AR, AR T e I R T B 2 A oA
e, IR,

R Qm leﬂ
Q

m
max len

Hr, R ONHA—E, Q MIIAMIFEAME, Q. M Q. WHARIR AR/ ME.

DOI: 10.12677/fin.2025.151010 78

S
=
=


https://doi.org/10.12677/fin.2025.151010

fif

TS A, AR T 25 SR T AT ROA — A ab B, R, Hobr ARETNEUE, Q, W&
I FRIAE

Qm = (Qmax - Qmin )_ Qmin
4. SBIEST R4
4.1. BAEKIR

ASCAF FHAEARAT I SE 2022 4F 1 H 4 H$ 2024 4F 8 H 31 HIL 646 SR AT T SLUE/ 0T, X 224
PR TSR EARNMRE L, AFREART M. S SR BRI, FHxbhx Ly
AT T — RIVTAL B TAE . fEM BRI, ARBFFDIFRM . emth s SR S EAE i N RHIE,
TSR A1 S TSR f i o o

TERSERMEAN TR F, % I SR AT T B PR B . X B4R PAT ARG TH 53 i LAAR R S
IFEAE T, KA I AL FR R LA CREHE 5o B8P, LR S R o3 o A LA S i R )N il 22 - R 4b,
WA, RIS TR RS, BRI GRS T AR AR . T EE R EOR, HARRE
FICEL T AR R, T BN BN X A 26.82 & 52.76 JG, X NBATHIMR AR 74125 T 71T NELAE .

4.2, RBTEE
M 10 IRE AR REUE TR e, WS (A 3).

3r

—*— G R
—O— TFHERE
25|
2 |-
it
=15
2]
1 -
051
R o e R a e S
0
0 5 10 15 20

B H

Figure 3. Optimal parameter model training set test set loss plot
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