Advances in Applied Mathematics 5 %2 3EfE, 2025, 14(10), 367-378 Hans X
Published Online October 2025 in Hans. https://www.hanspub.org/journal/aam
https://doi.org/10.12677/aam.2025.1410448

3
y
<

-

ETEERME

Bedids™, X B
K S e S gu it b, R M

4% BYER 18] 5 53 et

i

B
N
Pr.

Weks . 20254F9H23H; FHER: 20254F10H17H; KA HBA: 20254F10H24H

wm B

AICIRM T —FET BB E M % (GCN) IR [R5 20 K7k, EidRl & RIZACUE 5305 R
(DTW)HBEE EEWRN FRRE, FERMERIN MM FERBES, ARMER T ERTTEER
ERIBAAE BT B RIR . ERABRENRENRERERLG R T, KITEESRERE
A RIFERBCR, SHPREFHRRBES3%U L, HoIRAELILI0%. XKL T EIAHZE M2 FE S 6
FREli AT T RIS A RS o A R4 T B SR 2.

Xiid
BRI E ML, REFIIDK, PMBRERE, ShA

Research on Time Series Classification
Based on Graph Convolutional Networks

Yiting Chen”, Qun Liu

School of Mathematics and Statistics, Minnan University of Normal, Zhangzhou Fujian

Received: September 23, 2025; accepted: October 17, 2025; published: October 24, 2025

Abstract

This paper presents a time series classification method based on Graph Convolutional Networks
(GCN). The method constructs a temporal relationship graph by integrating a hybrid metric of co-
sine similarity and Dynamic Time Warping (DTW), and enhances the feature extraction by incorpo-
rating a network feature extraction module. This effectively addresses the limitations of traditional
methods in feature representation and similarity measurement. In both simulated datasets and
real-world scenarios such as the stock price data, the proposed method demonstrates good perfor-
mance on classification metrics, with most classification accuracies stabilizing above 83%, and
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some categories approaching 90%. This validates the advantages of graph neural networks in cap-
turing the spatiotemporal dependencies of time series, providing a new technical pathway for time
series analysis.
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1. 518

B[] PP SR E NS IS RS AT IR OEHE AL, fEERREE TN KRB BT
R M I A R Tl R i S5 S B A R H 6 AN T BARIMAE A o X SRl o i A I AR K 41 S5 07
ISR G R AR, SIS 4ERRAE 23 A) L SR 23 ORI M Bl A AR . S SR S5/ B 28 2
B RBRICAT R Z I, WRIES 7ok 1 I8 Bk .

BEE ML a2 ST RIR B S SRR IR R, AR G2 T Gt AL R i (8] 7 51 3 B 73 (n ARIMA 1] 48
BT S5 AT 2 R LA AL PR A R JE 2R M 00 R AN 4R BRI 1) JR PR A« AR, VR A 5 (W1 LSTM.
GRU S)E R 8] 7 51 T A 73 AT 55 UG 1 Rk f, RIX G 5y 32 BESGVR ) 8] J 41 (R B PRk, 1 22
WS AR AT TE A R R

P4 22 X 4% [2] (Graph Neural Networks, GNNSs) () H B A i 18] 410 40 B4 7 35 B0 /1 . GNINs 3@ i K¢
Bl N A, e S of Ak [R] AN AR B R] (1) ¢ R EAT SR, X PP RE I 7S GNNs 7EALEE B & 7%
SEF IR R I B) 7 AU BE i A SRR AR 3. BlnfE S mhmisg s, BEMEAZ 2] E B DTS R
W3], &5 BN HARA S . HIpthdE . EMGET R RFEZ IR0 o 381 M i HeE 2 8] ok & K
GNNs 7] LABE 47 s 1k L 57 R AR AC FLOR 2R, AT B2 s 0000 A6 73 288 P o e 12

R JUHET, ARIMA BRI 2 B T & AT 55, A 2t it 18] 5 41 000l ) 22 300772
—.o BRI, BEAE BT RN LB S A P AN T I, e g V2 R e LR PR, R AR T B 11
PRAR o I J2 I TR 2 X 285 R B T 75 K 22 SR A A s 22 9 25 [4] (recurrent neural network, RNN) B 1
122 X 4% (convolutional neural network, CNN) K ARk 2% 31 7 st Bs Fh IR TERFE, e TR A BRI ik
P e BR IRE T, ABAAAE TR ORI S e DL K RO OC R R A

AER, A L8 LERT 8] 7 5150 T A s 7 B e, JCFHRAER M F AT . 3 AT 5.
Shahabi C [5]#2 H 7 3% T 3™ B B I 478 34 4 42 W 2% (Diffusion Convolutional Recurrent Neural Network,
DCRNN), R 5l HE 23 (M AN (B KR O0C R, 107 V58 BB AR, R 8] 5 70 E00CHE 1 i 2 R
GRIEA, BRI E T HR A . Goolaup S [6]55 11 1) 4% B 45 #H W 4% (Spatio-Temporal Graph Con-
volutional Network, STGCN), 1J [m] s e e 1y 24 i) R 1] 248 P AT @258, STGCN J@Id 5] N B AURAE, AE
B8 A BN 1) 1 270 B P ) R 00 &R TS = TN PEBE . Long G [7]%645 & T KB ARAY kB
(Graph WaveNet), AJ DUEBKIIREIC R, @iy sk B RURAE, BRI 7] 51 5 Hh i K 3 i e
R, AN e FO0M () R 1

Graf F [8)%: &t T —Fh 2k A8 4y b4k J71% (Hierarchical Variational Graph Pooling, HVGP), 1] LL%#
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212 RIS P51 RoR . it B A BB ERAE, BRSNS 18] 17 71 85080 rh (1 2 RO S5 MIRHAE, AL
e = R HERfa e . Stal R Deng [9142 H T —FhJE T 2 B iE = /10 Bl 5] 3 4% (Graph-Guided Neural Net-
work, GG-NN), A AACEEASKLNRAE (¥ 2 A8 it [A] 751 3@l 51 N2 EE 0], AR shaS THEEA F)
RS [A) 20 2 B BRCE, AN T 72 e A 2Rl A 0 T SR A 5 (1 Ak 2

X — KA FUAE B Rh 22 W0 28 S T8 8] 3 270 4 A 5 TS T =R 8 T TR, el R AE A A B v
LR, AN [F) AT A B B[] PP S AR AR A T A AR U s &R

ASCHR M T R I A A0 4y 28 RN I 1, %5 R SR BN A SE A AL AN S A B ) 25
DTW 553, TR it 18] /7 21 s A AL RE T, S it — ol T IO 88 AR A 30 5 AR T T H AR 2% )
BN, e R GCN XHRE AR AE A AR AT BRI 25 . AT F3d I A AR AR 22 I 245 A5 2t
P& I 6] 3 FU B 1 2y 2868 0, HFidid T ARLRI SR SEER 0 7y, HUSELUF 45 2R

T4
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Figure 1. Graph-based time series classification pipeline via graph convolutional networks
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2. XTI 1E
2.1. HAEER

AR EZARALEE (Cosine Similarity) [10]2& —Ff it v1 5 m) & 2 M 1 AR 2B R A7 = AN ) = A5 7 W) A
PRI WIS T AR, B AREAR x = (X, %o X ) € RT AT AN RS A . AT
IR A] 2 1R A% 5Z AR ARLRE 7T LR R A -

_ Z; X X
Xj ) - T 2 T 2 (1)
\/Zt:l Xt '\/thl Xt

BHASI A5 i [11] (Dynamic Time Warping, DTW) & — i FH -1 & 75 AN 18] 7 51 2 TR AR ALL I 1 5 v

cos_sim(X;,
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S BIAITLFFAL X = (XX, % ) FIY = (Yy, Yoo Yo ) o DTW I R R B F 42
P =(Pu Py PL) s AR (I A2 IBE B e X558 PR — AR L IOFEA, JErhA g
%0, = (i, Jo ) T3 X RIS i AT Y B j, AR SR, DTW BB A

DTW (X,Y) = min /i(xik—y,-k)z @

Hrr, p ZFrA T RERIN F A P AR 12, O 7oK DTW BE B HONAIALE, 0 fe Bk, Bk
ME, DTW AHBLEE A] LR IR A
DTW _sim(X,Y)=exp(—y-DTW (X,Y)) ®)
Horry e — R REL T 0] DTW BB A ALLRE B SEmi 5
FH T AR SR AR AL SRV (12 7 A R AR A AT RS, T DTW  ARALLRE & v T I 1) 152 41 1) ) s AR AL
W4 R AR LA AL EE RN JEy 8 DTW ARALA S #EAT INAN R, e 28 T BRI AR LU B Ay «
S; = f3-cos_sim+(1-f)-DTW _sim 4)
Horp, Sy FORBRARIMMLEE, g RERE.
2.2. PEFEEMERE
FET RGO RS, SR F BB R ShAH € 451 . BI{H threshold & 44 i I FERE R I FH >R X 73 A4
RAAFRLL ) R BESH . T8I 5N RE o, HIUE TS LS LE[O, 202 18] w] LLESHIBIE KRN, M
TS ME BT AL) 2 B R e, A 30
threshold = y+a-o (5)
Forp p RAEREIE, o RAriEZE .
A TR I R A AR RS S R RN TR, IR EAT S BI{H threshold HEAT ELAL, Az AR AR RS
A URAPUEAA S, L BI{E threshold, TZERBHAERE A froxt AL E Ay BEEN 1, R R Z A
TEL: BRWBER 0, FRRAFEL . K T7IE R ALE T E Re U8 MR HRE 1 7 A e itk 1 5 B 45, AT
SRS B AR R ) 1 51 50 RO ARALAME AT G 2R, D J 252 10 1 4 R o £ ) 2 e A4 18 B At 11 L 454
2.3. BERMEMLE
B A G 8] 3 1 73 v 22 AN [ IsF 1) 3 270 ) PR 25 TR SR IBR R ik e, SR FH Kipf AT Wellling [12]42 H 1) &
LR ZS(GCN)ITHESE, FH T2 S ZSRHIE . F R 28 | AR 3R RN iT R

1 1
H =O'(D 2AD ZH(')W(')j (6)

K A AESARE, D ORI EEAERE, HY A R R S, WY SRR
FEEGRIERET, B RHIEE I 5 FL AR AR R AT R G OR BT IR 3R 608 7 2 1L A e i
A FIURFERTFE X e R (d ARFIELE FE) e R ST o AR UL, ¥ I 2% RO RSAIE AR B A6 5 0
R, WIEPIE GCN SEHURAE i3k AU HEHL .
z® =ReLU (GCNConv(X, A)) )
2® = GeNeonv(z, A ®)

A 20 01 Z ) 5y BIFRIRG I — R R B R R AR . A T B AL, SR A X
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PR R SN, JRRTHERRZARE J) . 7EEIERIMN 2 (GCN) 5] NHHE dropout AL, AT LLA AL
M 75 LA RS YN R P R R A AR AR, AT i e A 7R 0 AR L 0 F 3 I

2.4, MLRHFESRENARIR

AT REBRIN ) B A1l h SR G SR, ABEERAT IS AU 25 (GON) ) e E il 6 17 52 5 I 4 2
VR [L3]H 2 J2 UM AE A B ) AL . FLAARIE ik DL =AM A S 9 RR A -

(1) KA RERBOZ MR L P17 AORARE AL BAR S, R T WA R R« (R
BRI R T I K BV K S B TR ) 40 1 R (FRTRRAR FE BAR T A0) o TSR 0 1R K
AR ST A BRI PE T AR, WIAEIK AR AT U [MRAT A K, (k —1)/2 %34, WA RE AL C, %y
A

E, 2E,
C = : = 9
Co(ki(k-1))/2 ki (k1) ©

(2) FErftoth o FErbC PR W 2 4 AT b — ARt FLEDOURR R, P8 0 A PO 6 e i T B R

U 7y. ER T, A5 IR T D E SR

D, =deg(i)= ZjeN(i)l (10)

A, NQ) TRl M ESES .
() =M =M= SR T, AR AT R A E R AE . =R TR
[ RN LA BT, MBT A AERE =M EE T, WHEEERFHEES AT

1 1 (ps
T =E§k AAA: =gtr(A ) (11)

Horft ARARBEIENE, tr(e) KRR
3. RS
31 EHENR

ASHIF 5K i PRI AR 4 (GCN) T S 18] J7 SR REAT 4T A0 2. B0k, MR 600 A5 s ) 5
B, FA AT O R AN 300 B IR SR A . X 8 J5 AR I 1) 17 4 KR B R B )
ARFIEAERE X, e R™¥0, REUEA MRS 0] 7 5 B AR, ARG JE S 3 R IR RFE 45
IS AR, e, NRE— DI SRAERE Sy, TEAG RN R PR SRR ACLRE I (R e b, BRER T 4% 4R
MFAE . BT S, TR T ROt B RBON = MIBERE = A S BIRIMERR, TR 0 4 510 55
Xiopo € R o FEBUHER, L, KI5 S1RSALE S R 5 100 2 30 FDRFAEAE B EAT PF B2, A B 26 RO ARFALE B
X et = CONCAL (X5, X g, ) € RO o fi T HIX —RFAEREREFe 40 Ay PyTorch sk, DUE /)y GCN B[4
NHEATYIGRRI G2 o SX P S BE LR B 1 B 18] 5 90 A B A Rete, SURRON T I 45 Z5 R A S REAIE AT AR
RIBEAE T Z A5 RRAE, 658 T35 SINRRIER L RE

TR R 2 BB 25 20 . 38— BB ARE @i HY = Re LU (Ax ﬁna,W“))%Wﬁ,ﬁﬁ“x)\i%/%, £
BB RUR S T s 3 A0 Z = log soft max(Ax ﬁna,w(z)), Horr A FR I — AR B

S BB IR R

1) A R R BB KRR A BRI E data 5138, ARSI INE labels 513 .

2) RS R, THELF S AR SZ A LR AT DTW ARBLEE , ARE 2 2 (4) A Bl & AH AL o
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WRfss, xR

3) RRATHPE, VB B, AT BIE, WITEATHR MR e RN 1, BIBEN 0, &
J IR [A1 &1 44 B adj_matrix

4) PEMUHESRFAE, AT EE RN B R G, R AK(9). (10). QL)THE A H M. RIS RECR
MR, K EAS B RHEAR NS features B

5) & BRI, NAPZEEBR, R2EH log_softmax Bk ik Hs 11 s i KR .
3.2. AIHUE

N T XTI T AT VAL, AR T A N LB £ B A VA I 1A B SR PR A . %3
P 600 AN AR AIREALLEG, RABEAKEE N 300 AN A] A5 . BdE e it v & = AR,
AN BA AR SR AR A ARAE , DA St S e i 1) F B B0 1 22 R . 9N A2 PO 00 %6 i
E3E IS RN E RS 3 AT W PR SE I, ML B R BARARIE e 1, B ik i 5 MEAAE BT AL
Elanix 2.

Table 1. Dataset features

1 BIRSEHHE

A AR M 1E W
%1 0.02 +0.005 5+05 0.5
% 2 0.1+0.01 3+03 0.3
%3 0.2+0.02 1+0.2 0.2

Original Time Series Samples

|—— Cluster 0
1 —— Cluster1
— Cluster2| A\

Vi ‘\ Wiﬁ'

. 'W
i {"a.w\hfo”'\“ﬂf"

T T T T T T T T T
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Time
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—4 4

Figure 2. Time series sample visualization
2. BHEIFFIREAR TR

33. BHKE

SR BB AR 45 (GCN) BRI BEAT T2 K0l LASETHIN R 51170 SR PR RE - BEelZ 48 28 E 0 16,
B A Rl IR RFE . 522 R E DY 0.01, ffR TR IR E 8. KT 0.5 ) Dropout < AL 1)
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BIG, IR WIE N 200 4 epoch, PASCHUBRLZE ISR B EAFE 7 2

FERRVEAL T T, A SCRAL T #ER R ANRIEFE RS AN F TR AR R VP AR . HET R (Accuracy)iZ IR bt
SRR YRR MAEABIO L], BRSO AR 73 JUERATE . £ 713 (Recall) /& A 73 AR 1k
REMI— A E AR, AR, RonBRUN RG] KR8 #6R . FL 70 K(F1-score) JU e i A HEff 5 Al
AR, R T e G R KR bR TR FERE R LATER 2 Hrass R i 4 SR A e 1, 4% 1R
Ir RAMERR 7> R B ARF L

3.4. SRS

X T REACE B G FE, ASEE R AR INAL(RA B = 0.5) ) SR K fil G I 18] Fr 410 1) Ja) 38 5 4 Jey R ALE
F I Ik 6] b SR B0 SR BIE b SR A R . SREG I AERR Ry 5 IRBENLIZAT -F3ME, 45 FAUERT T P AE AU
FE R B [RAFAE SR R ELAME . a156 2 B, AR DTW 84 (8 = 0.0) kR % 78.2%:; (MK AR 7%
ARALRE AT (B = 1.O)AER AN N 73.5%. 1] f=0.5 RS IR HERG R B 32T 28 85.1%, 1X—&5 RIGIE
TG S A . RIS S IS RN RS T 2 IR AROCEE, TR SR AL T I B
fiE.

B TP S M M B, BRE RS, A i) DR AR 25, BB K R AR B, 97 R e b o
M {E/NT 0.5 B, B TH%, S ANKEARENER, GRS HEETAEN. H4BEKRKT 0.8
B, BOETMEE, VF 2 ARRAELE R S 20, PHAS 119 sUAE 30015 Bk s, MhReFFE NI, HE 3 0]
DAEF, 4 BRMEEL 0.7 I ALY AN 5] (1) W 28 (8] ) 5 A4 S B S5k, [X 70 FE iy o X 38 BH 76 LG R BT /) 2 1) PR e
A BRI AR R, [RIRTEE G 75 40, D 20k 4% 0.7 T AR S

BT LRSI E, RITRIR T Ik B2 SRR I 0] 551 50 BT 5% L tERe . FALfE
600 MEA ERHT ISR, BMEARKEER 300, 0 N =ANAERIE. 8RR PR oy ], A
from_networkx E& %6 % PyTorch Geometric ¥ X1 % pyg_data. K MR EFER I AT SUERIE, IR bRES
TSI SARRE . BEHLILESE 0% )15 mAE AMNRER, HARME NS . WEERIEATIIZRCL SO, HAy
RPN 2 A0 A B 2 25 B un e 3 B

Table 2. Experimental results of the model
2 2. HARIRIGE R

it BE B YR % (ACC)
A DTW R Ay 0.0 78.20
A A A% 5% AR AL (RSS2 1.0 73.50
Ny ey Rt 0.5 85.10

Table 3. Accuracy and recall result data
3. EMREMB EIRERYIE

Ei=2an Pl M
HET R % (ACC) 87.50 90.62
% 1 BREER 85.00 89.00
% 2 H A% 82.50 86.70
% 3 AlRl%R 85.30 90.00

FEAR SIS, B R AR 22 A0 4 ] 32 11 31 80% LA b, HBRIZE ISR b i) R IUmE AL T- I 252K .
ZIGR B TR Z R AT Dropout IEMIKSREE, % 5REETE 2R R BENLE 7550 #h & o,
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A 25 1k TR I R B B o X5V AR RS TN SRAR LR AR, (HBUF IR T TR
FEAR W e LRz AeRe s, TS B ERE AL . Bedh, UIZREEAI SR 7 (R BE AL th
A RE PR E TAIN 5 T SRIOREAS . ZREKE, ISR SIS R 22 B H S R I
H, R EA BT Rz RE
3.4. ARHERS

N T EINER R BA RS Z MRS R, 13 3 R TAEAFRBE T =D R R Bk
BRI 2% 5 1], b 2 B BB /NN 0.6 I (RII 28 G544 B, A 18108 0.7 (R BIAE 1 2% B . 4B {E ) 0.6
I, 28I B N 4.51%:; qBI{EN 0.7 451X &% 0 5.89%. IR WT LA HY RME B, 4% 1) 35
R, ANTR] (0 0 45 18] (R 25 Rl ] J - DX 70 P ey

Figure 3. Network structure diagram under different thresholds
B 3. FEEETHIMEEEE

K 4 s T MR Ean = MR EcE . R ARMG PO EEA R SR P ROl WRFIE AR 2R
V] e mT DL T P WL 5% X SR AL A AN R 70 SR Z TR AR 3 AT 22 5 AN [R) S TR] AR 25 22 S M T AR A AR B 4 1
DX ANFRIZRA, AR TR R a2

Triangles Distribution

2000 -

1500 A

1000 -

Feature Value

:
- =

Cluster 0 Cluster 1 Cluster 2

500 +

o
L

Figure 4. Box plot of network feature distribution
4. PLEFFESD TafELkE
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5 s THRBIAE = AN B R4St fe . IX ANV IE HiRE (Confusion Matrix) & —/ 3 x 3 IR [E, H
TR AR RS . R 4T R H 922K (True Labels), 412 7~ 178 10 1) 2 51l (Predicted Labels).
AN B IO T BT R A RS R I T A . IR UG BIRE 1 2 MREARB IR FONFE 2,
IXTTBEAE T IX AN 0 2 (B AR S AR A, SRR DAIX 4y o B R T, X R RIA R
WA AR A R SR R A

200

Confusion Matrix

Pred O Pred 1 Pred 2

Figure 5. Confusion matrix visualization
5. JRIBFERERTILE

4. KBS AR

N TR A R, ASCERECT St | BRyTasii. b iR ST AT A B, Hoh i
R B ERA H T  RERIE I+ 3SR o S8 b I B A B BORIE T A7 W s W, st 1 2024
12 7 31 H# 2025 4 4 A 11 H=KKE MR e mids. BAaumar D, Bestar H g
ET AN SWARE WA << DN LE WD D NG ERE WA R L S RS

SRR I 1 Kl A b ) Ak S i AR H R BB A 9T L R SR A TR M 5 8775 K
TR, W R EEE. 2R T IREE 30 STIREE. N 1 A OR AR ARV AT AT I, 0 R K
BEAT T PALBRIRAT . B 28073 1 1980 Sk SEEE VR NS . ARSI b, R EUE ) 70% 587 9 I 2k
5, 30%{FE kL.

6 JEAR T AR T sl p e B S DX 481 2025 4F 2 H 3 4 A B B E . B AT LIS
R BT T 8] P9 5% <o S v ) vh < B e S R AR LBk, T SRR S v Y 2R B R A KA 2k
W BZEN, T D = AR S5 AT Mk b ) T IR A R L R B S . IR A I e R B T %

AT ML R A

FEFIE
550]---- 550
5.00 r/ )
4.50 ‘ .

/ / toF -

i\_ouj/‘ f P —
a00| Thigw ; "’Them%
3.50 f t
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Figure 6. Stock price trend chart from February to April 2025
6.2025 2 BE 4 BHREESE

4.1, SRREIE

FESCAUERT FUAR Sy, ANSCAE 3.1 B0 IS 2E At bkt Homikin T

1) BAETACEE . KRR ER AT bRl

2) MIEEMEEEARMARZ &L T SRRSO (AR BLRE I 2 AT R

3) PRHUBCZERFL: M ATHHERE A 32 BB S X 28 R 5

4) HIERIERRFALAE R R BRI I 8 LI SR AR R AL AR A AR PR RN 5

5) & BRI 2 SC— DR JR AR, AT INZRAN T .

WL RFESRAL T R T R Z A BOR R EEAE B o FERFIESRIGH 53, A SO A5 T 2 2%
REZH. =MBHEME R OMEERFIEER . JPRERBRIT, & 4 MK 5 2Rl 1 BRI
A 9 2 P R I S B o I 45 PR 0~ 35 I 28 R AR AR B 1) 45

Table 4. Average network feature results of stock closing prices

® 4 REWERNETHMEIHELER

FFAE JE3 BRRH =M L
Pt 15.6 0.611 66 0.538
BRI Al 18.0 0.664 108 0.621
e 14.8 0.658 71 0.511

Table 5. Average network feature results of daily stock trading volume
5. BREESHARZENTHIMEFHELSR

FRME i3 RERH =HMA JE HL
P it 135 0.649 51 0.475
97 # R 17.0 0.663 92 0.586
e 12.3 0.691 52 0.424

4.2. SKEREER
FEABE T, BAT Prigth M SR = AN RRI (B R BT SR o5 3t L i e REHEAT 117
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flio 22 6 M 7 23 SR T B ZEUS A A (1 Sz 56: 45 AR H A B s i 4 R . th#e 6 seib sl T LLE
BRIZE St 4 Jm e bR I, HORSHIE A 0.94, %N 0.70, F140H0H 0.82. BEST 2t nl i
[R5, A 0.90, (EREHEHINHACHN 0.79. HE 7 aTLLER], S HRAZEERBME. dRE%
AT FL 30 51 R BT, H7E 80% LA [, X Eesh B 5 4@ 2 AT At 5 Al 2800 (hn 27 28
PR b 7 ) T8 IR 8RR AE HR A BT, BSOS Y M DAIX 73 ax 62T o SR S0 IR) RO AE 22 S AR I, Y
A RERAE A 1% 7 B A AR5

SCRBENLAEO SR 10 I3 2RIZR,  Foor RHEN R AE 83% /i ha, & 7 Bk

R gk

05||||||||||
1 2 3 4 5 6 7 8 9 10

YIEIREL
Figure 7. Classification accuracy results after 10 repeated trainings
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Table 6. Experimental results of stock closing prices

6. REWENEINLER

25 Precision Recall F1-score
D148 0.94 0.70 0.82
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Table 7. Experimental results of daily trading volume of stocks
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B Precision Recall F1-score
REE 0.98 0.50 0.67
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Table 8. Comparison experiment
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