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Abstract

This article is based on the theory of long short-term memory neural networks to construct a predic-
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tion model for Tencent Holdings’ stock price trend, and combines data normalization and standard-
ization methods to preprocess input features to improve the prediction accuracy of the model. Stock
price prediction, as one of the core issues in financial time series analysis, is of great significance
for investors’ decision optimization and risk management. In the empirical section, this article se-
lects historical trading data of Tencent Holdings stock from March 2005 to March 2025, and uses
Min Max normalization and zero mean normalization to eliminate dimensional differences. Using
the PyTorch framework and AdamW optimizer, a single feature (closing price) and multi feature
(opening price, highest price, lowest price, closing price, trading volume) input LSTM prediction
model is constructed. The experimental results show that the predictive performance of the multi
feature LSTM model is significantly better than that of the single feature model, and the model can
effectively capture the temporal patterns of stock prices and the nonlinear relationships between
multidimensional features. This study validates the applicability of LSTM in financial time series
prediction and further improves prediction accuracy through multidimensional feature fusion,
providing investors with a scientific quantitative analysis tool.
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Figure 1. LSTM neural network cell architecture
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Table 1. Display of Tencent holdings trading data (Partial)
= 1. BRERZZBIERRERD)

Date Open High Low Close Volume
2005/3/7 0.9 0.91 0.89 0.9 4069000
2005/3/8 0.9 0.92 0.9 0.9 3979000
2005/3/9 0.9 0.9 0.88 0.88 1498000
2005/3/10 0.88 0.92 0.87 0.91 3955000
2005/3/11 0.9 0.9 0.87 0.89 2964000
2025/3/3 483.6 497 479.8 483.2 32752020
2025/3/4 479 493 473.2 491 31124965
2025/3/5 502 509 498 505.5 35165758
2025/3/6 521 544 521 544 79683875
2025/3/7 539 547 529 533.5 46494426
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Figure 2. Tencent holdings stock price line chart
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Table 2. Standardized trading data presentation for Tencent holdings (Partial)
2. BERZZENBIER RGN

Date Open High Low Close Volume
2005/3/7 0.0000725 0.0000573 0.0000740 0.0000580 0.01174291
2005/3/8 0.0000725 0.0000717 0.0000887 0.0000580 0.011450688
2005/3/9 0.0000725 0.0000430 0.0000592 0.0000290 0.003395084
2005/3/10 0.0000435 0.0000717 0.0000444 0.0000725 0.011372762
2005/3/11 0.0000725 0.0000430 0.0000444 0.0000435 0.008155066
2025/3/3 0.6995768 0.7110936 0.7084054 0.6994490 0.104874321
2025/3/4 0.6929108 0.7053605 0.6986437 0.7107599 0.099591407
2025/3/5 0.7262412 0.7282930 0.7353241 0.7317865 0.11271153
2025/3/6 0.7537750 0.7784578 0.7693423 0.7876160 0.2572582
2025/3/7 0.7798597 0.7827576 0.7811747 0.7723898 0.149494785
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FAT I 2 RERTE AR £, iR B2 ST R SR AT 5 I Rk (K i A 41 258
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ARCHIFF R IA R 2 Python 3.10, [AHF#%E$E T Anaconda fE NFF & T B, 7 Windows #:1E R4 F#5#:
GPU ft A ) PyTorch HEZE 52 it 5L #2, PyTorch WA A 2.4, PyTorch HEZL A Bl ZHAME. 5
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TERFFESAR RN « TEOL1L 35 (optimizer) 77 T, KA T AdamW FIEXHURREGEAT AL, HALERE T
AdamW FVEARALAR % R 2

RN A ME— AR NERIE, M LSTM Mm% 7ERA S8 E Jr1h, Wi 3T 2 k92t
A E REEE 128 NMHZ I, SR E(epoch) Ny 50 1K, KiHF 20 MEEAEHE 4L —1 batch BEATI
%, Bl batch_size =20, KH AdamW FIEME MBI FIRALES, BUEIZRCRECH 0.001, 223134 0.001,
Dropout 4 0.2, SFIIZREEHIE K HBENLITEL. L MSE FEFsE B 351 5k 08 BGEAT 11 25

K3 BSR4 N ZRIE,  Ji e R RIS SRRV IR AT AR 2 BT el i, ES BRI R rp, BT
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] 248 A BRI B AR AT A R A B TR K R R AR NASE A5 380 1) T ) B R i B S AT
AL R, TS R 4 FioR, AN T A TN ECAHER, & 2RV, i,
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Figure 3. Training diagram of LSTM neural network with single-feature input
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Figure 4. Prediction diagram of LSTM neural network with single-feature input
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Figure 5. Multi-feature input LSTM neural network training diagram
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Figure 6. Multi-feature input LSTM neural network prediction diagram
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Table 3. Model prediction performance on the test set

3. EBENAE LN RE

A £ K MSE MAE R2
FURRE LSTM P25 W 2 (hrfEAL B 0.000138 0.008537 0.9715
ZHFIE LSTM #1445 (bt AL ) 0.000123 0.008134 0.9745
FURFIE LSTM #4245 (JRAAEHR) 76.288 6.3431 0.9715
ZHFE LSTM #1128 W 45 (R 4G Hi) 68.379 6.0438 0.9745

ZUFAE LSTM 7£ b5 AL B35 T 9 MSE (0.000123) %5 B 45 41 45 74 (0.000138) F4 4% 10.87%, MAE
(0.008134 vs. 0.008537)J8/>> 4.92%, R2IRTHZE 0.9745., 45 BRKH, ZYEEHENA& T 5 RS &)l LSTM
T 1L SR I TR S1HEE S, PaE O T RN ZR, ik TEERISER .

JRIEEHE T, ZUFIERERLE) MSE (68.379)5 MAE (6.0438)34 T HUAF R A (MSE = 76.288, MAE =
6.3431), R2(HIRFFFRE(0.9745)0 S LN 1R 72 5 = (AN 52 bR 5l), LSTM % A B 47 2 & ek,
F U HT 22 A JEARAELLRFAIE (138 . B

M AE, ZHFE LSTM T 45 R ay A S B SR gt el S5 5 . fldn, By v v H
WA E T A H I, AT AR IR bR 2 kLA 2 AT fid & A X e 4 o Ak, R2AE BT 0.97
RIAB T REE MRS 97% LA LA 5, 1X — K FE B R T AL Gih 7] 7 1A A

3.4. REUZLRENIEIE

DNEGHIE LSTM BORURVZ ARE T, AT 78 126 B [ 44 (60 108 8) I SR B A R L e 5, SR AR ] 1)
FERIABERAT AT, I 57 RS I0 L5 S AT 0 Ee Ay AT o St s B USRI 1 i NAFAIE, #% LSTM
PR W2 AT TN . B SEOR B R BROBZ A& o8N 128 4, IZRIER K B (epoch) BH 50 K,
batch_size ¥ 128, *KH AdamW {LALE5, WE S 34 0.0004, BELERKFRECH 0.001, Dropout HfFI N
0.2, FEXFINGRERHERATRENLITRLACEE, BAIKH MSE {E ok AT I 25 . 920600 B HET T B
TERNZ RS N BT 3 A7, 5 R0 7 F1E 8 From . @R HL S s R, B0F T 1% LSTM B RAEA A
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Figure 7. Chinashenhua prediction diagram of LSTM neural network with single-feature input
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Figure 8. Chinashenhua Multi-feature input LSTM neural network prediction diagram

8. REMLESHHEMRAN LSTM #4245 FUI =l

N, FEBCRRAE S 2 ARIE LSTM BRI R E, A BLZRFIE LSTM L& R R A, R W] LSTM
HATRGS iz Ak, RENEXT 2 4ERR BEAT @A, JF AT Z LB AR U I E 5 2

Table 4. Model prediction performance on the Chinashenhua test set

4. REVE P ELENIN SR UM A

[y MSE MAE R?
FURRE LSTM 22 (0 2% (b AL B3 0.00898 0.07462 0.9188
LA LSTM 22 R 4% (hrufEAb B 0.00220 0.03808 0.9800
FRRE LSTM 22 0 2% (JE 46 %3 2.15111 1.15452 0.9188
ZHHIE LSTM 22 R 4% (JR 4 58E) 0.52882 0.58914 0.9800

4 WORSRIREE R, 5 R AL, Z2RHE LSTM ZEARAEAL 24 T LI & L%, MSE
M 0.00898 [£ 2 0.00220, MAE M 0.07462 [%% 0.03808, R2{EHIAZ!] 0.9800. iX &ML HEEFIE( % 751 5
RS ) 4G LSTM T 13 WL e A Rl P2 i 3 (75 515 2505 5., bR A Ak 358 DU e aod 5y 1 6 4 22 S A0
o 7 BRI SO AR B, RS SR AR 8dE b, 2R LTI IR FF L 5 (MSE = 0.52882 vs. 2.15111,
MAE =0.58914 vs. 1.15452), R2{HA2E7E 0.9800, 7n4rikiH 1 HBIAL R 47 )iz fh e

4. g

AW T LSTM I 28 44 22 4E I 7 TS AL, >R FH s 1H% i (HK.0700) = A2 2 145 (2005 47 3 H
£2025 43 H), W JFAA . WA Bomih . BRI KRS B A YERHE, 8 Z-score FRifEAL AL
W ERI IR . WRAESE S MARAE(8:1:1). SLIGT H BRI (L) 5 Z AR AR, AR
128 4ERREZ BT, 1548 50 K, ibdsiE A AdamW VL 31 0.=0.001, FLEFE L=0.001), Dropout
FN 02 DBk A . GHREW, SRERAEERATNERE: Y977 1% 2 (MSE) B SRAFE A T Ff
10.87%% 0.000123, 4551 1% % (MAE) K 4.92%% 0.008134, LA LR (RYFETHE 0.9745. WFFCIESE,
LSTM @3S Zh A [ 1N ZOsHe 17O 551 1R P AR IE A 240 O¢ R AT I Aot , R AR T% 4t
MR (R RFE SR HCRE 7)o A, REASAE FAR IR SR (o B ) BoE BRIz A RE J1I0E R AT . 1A N
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