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Abstract

The stock price index is a thermometer of the health of a country’s economic construction. Its
changes roughly reflect the macro trend of changes in the country’s economic structure and eco-
nomic activities. Therefore, it is of great empirical significance to select appropriate empirical re-
search methods to conduct predictive analysis of stock price indexes. In recent years, forecasting
methods based on time series analysis have been widely used in various fields. The most common
model for predicting stock prices is the time series model. Therefore, this article takes the Si-
no-Great Wall Index as an example to apply the time series modeling method to the modeling and
prediction of stock price index. We choose to establish ARIMA and GARCH models for fitting and
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prediction. Experimental results show that the residual white noise test and coefficient signific-
ance test of this model are controlled within a certain range, so the model has a good fitting effect
and the predicted value is close to the actual value. Finally, we used this model to conduct stock
index Forecasts within a certain period of time in the future.
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Figure 1. Time series of opening price
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Figure 2. Autocorrelation and partial autocorrelation
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Figure 3. Close price: difference of first order
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Figure 4. Autocorrelation and partial autocorrelation
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Table 1. White noise test)
=1 REBRBFERIEESR

1.i=1 2. X-squared = 0.1105, df = 1, p-value = 0.7395
3.i=2 4. X-squared = 1.5031, df = 2, p-value = 0.4716
5.i=3 6. X-squared = 3.5689, df = 3, p-value = 0.3119
7.1=4 8. X-squared = 4.3636, df = 4, p-value = 0.359

9.i=5 10. X-squared = 4.7597, df = 5, p-value = 0.4459
11.i=6 12. X-squared = 5.1010, df = 6, p-value = 0.5309
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Figure 5. Time series prediction chart of the closing price
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Figure 6. Residual time series of ARMA model
6. ARMA 1R BV 5% 2 7 5 [

B ZE PP H B 2 0N = AMBGE S 1) FIME, WlE 3~6 B P HIRIEIEA R FESE 0 H - FHksh
(1. 2) ZhREHL, Qi 1 iZA BRI TR 2 e A A0 P I 5 KT R E KT o » FTLLZFFIA R4
JFAE ¥, BIFRZE N AN FA. 3) FEFTME, W 6 IATAT LR Wik 55 5 2 — HEs, AEEN
WEL B AR R AR . B DAIRATACHIRATE L ARIMA(QO, 1 1) AAA A e 7 22, 2 T RAEfSE
F GARCH AR H B S 77 72 H 2 e (1 AH G A5 R

3.1.3. B3I GARCH(1,1){E&

R4 GARCH BLRLEE LI, WD i e B A B (] PP B R B AT 50, R i 22 AT Bt B H 2 76
5, RIS AT AR ARCH RUR: WRFF &, MRAEAH RN S GARCH B — OB, #5L )1
GARCH HE/ . #i#e iR rHT, AR AR-GARCH BAUT JF 44 54 AT &, 454 HACEIRI1T
CATI 5 T S ok P RS A IR 1) 2 %102 57, ARIMA(O,1, 1)1, 4 ARIMA(O,1,1)# B4 7E#E ARCH %%
I, DUk AR 22 57, GARCH(1,1) B

Table 2. Conditional heteroscedasticity test
F2 FURFERUERER

13.i=1 14. X-squared = 38.427, df = 1, p-value = 5.683e-10
15.i=2 16. X-squared = 49.091, df = 2, p-value = 2.188e-11
17.i=3 18. X-squared = 57.761, df = 3, p-value = 1.768e-12
19.i=4 20. X-squared = 66.689, df = 4, p-value = 1.134e-13
21.i=5 22. X-squared = 69.546, df =5, p-value = 1.273e-13
23.i=6 24, X-squared = 69.900, df = 6, p-value = 4.288e-13
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Figure 7. Fitting and confidence interval
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Table 3. Volatility
=3 EHME

25.0.1100 26.0.1168 27.0.1228 28.0.1281 29.0.1328 30.0.1370 31.0.1407 32.0.1441 33.0.1472 34.0.1500
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Table 4. The closing price forecast for the next 10 days
= 4. ARk 10 RULEMN A& TN
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Figure 8. The fitting result of the GARCH (1,1) model
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Figure 9. Time series chart of daily trading volume
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Table 5. Stock daily trading volume sequence delay 12 self-correlation coefficient
5 BREAMXEFIIEER 12 BHEXEHK

HEIR HA %K 1 2 3 4 5 6

oy 0.999288 0.654965 0.476633 0.420983 0.346437 0.2812
HEIR HA %K 7 8 9 10 11 12

oy 0.241812 0.223217 0.18125 0.145774 0.140234 0.124476

s L&, wHHELR 6 MaR. £ 6 Q ingit B4 RExR, EEMECN 6 15 12 Wi
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Table 6. Q-test result
= 6. Q WIFITEHER

. Gt B
EJE\' =] 2
Q Gt sl Xo.os (m)
JEIR 6 853.04 12.5916
SEIR 12 11 936.02 21.0261

FRAE PP 3 (5 B AR I 5 B AR B B, FATVONIZ 9 A AR R BAE R, (i H AR R4 3 PR
BRI R AL E 81 ARGYBESRIN A% 7 51 A R 3

DOI: 10.12677/5a.2024.131013 127 Gt 5 8


https://doi.org/10.12677/sa.2024.131013

s 0

3.2.2. B3I ARQQ)HER

Table 7. Calculation results of AR (3) model
F 7. REMEXUHESERLCER

AR1 AR2 AR3 intercept
Coef 1 2 3 4
s.e 0.999288 0.654965 0.476633 0.420983
o’ 1.502e+14
AIC 14,912.58

R H RIEFERANR, ROMFRE 7 4R, TRLBAMGHYLEEEN:
& o~
1-0.593B+0.0119B° —0.14438° "

X, —18021096 = N (0,1.502x10")

BEENE N
X, = 4939582 +0.593, , —0.0119x, , +0.1443x, 55, ~ N (0,1.502x10" ),

AEIR 6 WIAIAEIR 12 WA p L% T 1, BPBEAIRBR 2 MRS A IG p (B0 1, FREZIRMEE, AN
GANE R N ABENL ] R SRS 1. 3 i, oA RE @, B Rk
3.2.3. BEHME RN
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Table 8. 18 period of forecast results
7= 8. 18 HATNEE R

T A% 1 2 3 4 5 6
TRIE 17,876,398 14,750,108 11,996,797 17,916,059 15,646,686 13,648,057

T A% 7 8 9 10 11 12
A 17,944,849 16,297,511 14,846,707 17,965,748 16,769,945 15,716,806

T % 13 14 15 16 17 18
TRIIE 17,980,919 17,112,885 16,348,412 17,991,931 17,361,825 16,806,894

T BERG 4 H TINAE 95% ) ELAR X [, FATIZUTH S AR R ) Green s AU{E, Hi Green RIS IR R 3

G, =1
G, =D 4G, 0, k>p
k=1
1FENBHER R
G, =1

G, =¢,G, = 0.5935
G, = ¢,G, +¢,G, = 0.3397
G, =¢G, 1 +9,G, , +46; 5 j=3

WG FA j >3 W AR R, HAERET SRR Green BREUE, FARYE | DB 7 2 25K
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Figure 10. Time series fitting and prediction
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Figure 12. The fitting of AR (3) model and original sequence
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