Software Engineering and Applications /4 T2 5RiF, 2025, 14(4), 919-927 Hans X
Published Online August 2025 in Hans. https://www.hanspub.org/journal/sea
https://doi.org/10.12677/sea.2025.144081

ETFCNN-LSTM-Attentiont=2E! g9 B Z= 70 £z
RGH%k

Awei’, iz’
VRIS AP S A B e S SR R AR, HR
JHL RO Hh 2 A B KU S R e AR B, R

Weks H . 20254F7 7210 FHEM: 20254F8H18H: KA HI: 20254F8H27H

wm B

IR, PEARTHENE “RHEgE. BRAM. BURS)” SERFE, AT Ea Dz m iy
fE. FEEIFAREMERLBERIERERES, NERE R FFITRME T HER. TRERAZE
ETEBRBHE, MABRMEKHARD, BZ REMHBEERE ST ERER. R3CCARRER
(000505 ABF FXT 5, #JECNN-LSTM-Attention/B 552, B4 CNNHIREFHERIAE /1. LSTMIH
BRI AR /1 5 Attention BN E A Fels], $&H—FEHTART 7 KR B S UL, 2
e RRE, ZEAENRE LR2FIX0.92, BERTALHLSTMESR, Hi@iIFastAPI5EChartsSLH]
THHE. TREHFTNRS.

XA
CNN, LSTM, HE%, BREH

Stock Prediction and System Development
Based on the CNN-LSTM-Attention
Model

Xiaoya Zhou?'*, Songzhi He2

1School of Mathematics and Computer Science, Chongqing College of International Business and
Economics, Chongqing

2School of Big Data and Intelligent Engineering, Chongging College of International Business and Economics,
Chongqing

Received: Jul. 21%, 2025; accepted: Aug. 18, 2025; published: Aug. 27", 2025

SEIERE

CEGIH: AR, (T2, 3T CNN-LSTM-Attention R B EZ T & RS HF R [)). BAF LR S5 M, 2025, 14(4):
919-927. DOI: 10.12677/sea.2025.144081


https://www.hanspub.org/journal/sea
https://doi.org/10.12677/sea.2025.144081
https://doi.org/10.12677/sea.2025.144081
https://www.hanspub.org/

JHIGERE, a2

Abstract

In recent years, China’s A-share market presents complex features such as “high noise, thick-tailed
distribution, and policy perturbations”, which are difficult to be characterized by traditional econ-
ometric models. Deep learning technology provides a new paradigm for financial time series fore-
casting by virtue of its powerful nonlinear modeling capability. Existing research focuses on the U.S.
stock or index level, with less research on A-share stocks and a lack of systematic model deployment
and interactive display. In this paper, we take Beijing Food Holdings (000505) as the research object,
construct a hybrid CNN-LSTM-Attention model, integrate the local feature extraction capability of
CNN, the long-term dependence modeling capability of LSTM and the dynamic weight allocation
mechanism of Attention, and propose a next-day closing price prediction framework for A-share
market. The experimental results show that the model has a high R? of 0.92 on the test set, which
significantly outperforms the traditional LSTM models, and realizes a deployable and interactive
prediction system through FastAPI and ECharts.
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Figure 1. Overall structure of the LSTM network
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Figure 2. CNN-LSTM-Attention model flowchart
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Figure 3. Stock closing price chart
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Table 1. Melting experiment results
% 1. HESEBER

R 4 B MSE R?
CNN-LSTM-Attention 0.000331 0.9200
LSTM-Attention 0.000385 0.9000
CNN-LSTM 0.000412 0.8984
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Figure 4. Stock closing price forecast chart
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Figure 5. System architecture diagram
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