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Abstract

Taking the sales of Wuliangye as the object of research, this study discusses in depth the key factors
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affecting its sales and the empirical analysis of GRU and time series integration model, aiming at
constructing an accurate and reliable forecasting model to help the enterprise better grasp the mar-
ket dynamics and optimize its sales strategy. Firstly, multiple regression analysis is applied to sys-
tematically analyze the influencing factors of Wuliangye’s sales. Through stepwise regression screen-
ing variables to establish the equation, found that the significant variables attributable to the net
profit coefficient of 2.288 and operating net 222 profit margin coefficient of 94.192, the coefficient
of the balance sheet ratio of 0.021, reflecting the sales and the enterprise’s growth and profitability
are positively correlated with the negative correlation with the ability to pay off the debt, but also
revealed that the enterprise’s operating ability and risk-resistant ability and the above ability to
play a joint role in the above ability, that if the It also reveals that the operation ability and risk
resistance ability of the enterprise work together with the above abilities, suggesting that if the en-
terprise wants to increase sales, it should improve its own growth potential and profitability and
reduce its debts. Then the historical sales data of Wuliangye from the fourth quarter of 2008 to the
third quarter of 2023 are trained and validated. In terms of model prediction accuracy assessment,
indicators such as MAE, RMSE and MASE were used to compare with the adaptive ARIMA model and
the decision tree regression model, and it was found that the integrated model had the smallest
error indicators and the goodness of fit was as high as 0.997, which was excellent in predicting the
sales of Wuliangye.
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Figure 1. Schematic diagram of GRU
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Table 2. Results of multiple linear regression analysis
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X, 2.288 0.058 0.963 39.699 0.000*** 4.845 0906 F = 2734.202
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Figure 2. Time series plot of sales volume
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Table 3. STL + ARIMA (0, 1, 2)
% 3.STL + ARIMA (0, 1, 2)

STL + ARIMA (0, 1, 2) with drift

MA (1) MA (2) Drift

A -1.466 0.927 3.498
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K giit & 16.380 9.746 2.870
it Z: 444.5 X EAUME . —264.42
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3.2. GRU & MLEH=E

HT ARIMA HEAARERMAREAR AR LA, 2RI 2 A B FR MR B . P M2 1)
ERATLLE N ARIMA BEALR Z T T . EAEE ARIMA Al GRU SEA BRI, i 5 55 2256 B I 7 A
BRI TS VEREAT LW AT . AEVR A TV A W ReAE IR AL . [AIk, K STL + ARIMA (0, 1, 2)3fei%:#%
BRI M 2H G BB R M0 73 AT R4S, ELBR 22 7 ) b IO 0 R AR LI, X 75 A 2
HEUE AL

TEMZ AR SR R, “loss” S R BRAL, L B/ MUK BREL, PhEE 48 BEfE 27 1 dnfeT i
BRSO PO AERA VE o T AR SR IS J7 25 40 K bR B B TR v, SRR SRR B
BT SRR, HAR 20D loss fH. W EINZER KU epoch ¥ 100, LRUEBAYGBIFE 4 1IUIZR: [
i batch_size 4 32, /NP batch_size W] AFR AL B 471z 1L BE

GRU Training Loss

0.25 —— Train Loss
0.20
4w 0.15
=
0.10
0.05 A
0 20 40 60 80 100

Epoch

Figure 5. Training loss plot of GRU model
5. GRU )1k loss

B 5 &I, KIN loss {HAE epoch = 20 Z JGFFAUATE 0.02~0.04 Z W3, HEAHBIGINMES, 4
epoch = 49 I loss = 0.0231, H—PEHAEA epoch v 49 HEATINE, LUK loss /)N, WNAEALIZR R i
BRI 4 TS

Table 4. Parameter table of GRU model
% 4. GRU =B 8%

Model: “sequential”

JE(EA) LT NAN S
gru (GRU) (None, 50) 7950
22 4E (Dense) (None, 1) 51

SR H: 24,005 (93.77 KB)
AlYlgksH: 8001 (31.25 KB)
AL ERSH: 16,004 (62.52 KB)
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3.3. KREBRETNFS

WIHTHTIR, TEA)EARIMARIGRUBL AN, FEIRG J7iE A ] REA IR o X PR AR PE Pl e AN 2
SUMR AR B M . Granger [13]48H, — /MRS AP~ T 4 (O T, Bl A AR IR B %2 ALY«
AT UL R DL O LR P S FRIAE D0 AT AREAT R AR ZH 5 IR T 1 o TR A1) E 2 E
FHREE R MR LM B R . AR 1

y, =L +N, (12)
Hrp, L FoR&MarE, N FRRIELEMSE. XSS Ce N CAEEE & Hok, BERAAE
(RS 53 il o) R At A AR LR AT 0T, BE T S A &R RLHEAT T, SR Tl 45 SR a5 ikt ok, 13
g R a5

Table 5. Predicted values for the next five quarters of the sequence

=5 FIIRKRAFETNE

I} (7] LRMETI £, JELR LTI N, YA TR
2025Q3 198.6690 —28.1819 170.4871
2025Q4 266.4316 ~54.6967 211.7349
2026Q1 294.8612 108.0361 402.8973
2026Q2 212.8042 —57.7861 155.0181
2026Q3 234.2180 —68.0877 166.1303

4. FHATNIRB EE B
4.1. BiEN ARIMA 8 &

Auto. ARIMA #7212 R 3 5 i AT 7 51 o0 M ) — A~ B Sl R i e ol K. Tz R ek,
A7 TR LB B S IR I . 18 BIARR AN EEAE U0 2% 6

Table 6. Prediction results of ARIMA (1, 1, 1) (1, 1, 0) [4] component model
F* 6. ARIMA (1, 1, 1) (1, 1, 0) [4] R MER T LER

B ] 2025Q3 2025Q4 2026Q1 2026Q2 2026Q3
THME 174.6742 206.4927 375.8782 148.9845 178.1973

4.2. R E VIR K2 T

DRSS 0] 12— FH - JO0I I 1 Py B 05 5 ik o R SRERR (] VA A A I 1) o 27 00 o LA — 2 AR e
B, ASCHRBGZ I AR X 552 .

Table 7. Prediction results of decision tree regression model

7. REREYIRBTNLE R

R[] 2025Q3 2025Q4 2026Q1 2026Q2 2026Q3
THI{E 161.6849 237.8476 346.3579 160.9562 165.7546

T R T IR IR UE SR AN AR I L 2 SR, 3o F by 2 1 SRR L 2 o
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4.3. =M

iH5 STL + ARIMA (0, 1, 2) + GRU EA#% . ARIMA (1, 1, 1) (1, 1, 0) [4]4 7 LK P SR [m] ) 4 72
) MAE. RMSE. MASE P4/ 24 F500 4 it

Table 8. Prediction error metrics of various models

8. BRBFUNIREIRIT

iR MAE RMSE MASE R2
STL + ARIMA (0, 1,2) + GRU &4 2.9030 4.3690 0.1732 0.997
ARIMA (1, 1, 1) (1, 1, 0) [4] 6.2265 8.7403 0.4032 0.989
AR A 60.313 79.218 46.323 0.896

TRAE 22 8 Th A Hed 6f B =AM RLR 224545, STL + ARIMA (0, 1, 2) + GRU 448 f) MAE. RMSE
PAJ MASE 1850/, HAWA LB =L 0.997, TRINPERE Selfs 10 SR 175 22951 ARIMA B R 22 F Al
R, WAEMREERN 0.989; RFMEITRZ B, UAERER/D, 5 0.896, FFlgs Kl ¥tk sl 6, ]
DL SR TR RO e 22, A S H3EN ARIMA A AVEONEF & S2bR, H B &N R GG B a1k
PREAGE T 7y, EABRRIT S T TR UG HE 125 a3

ARIMA+GRUFTUZESR EERARIMATRISR REEWTRMESR
400
200 300
a0 _ =
B IR IR
g g g
< 200 200
=20 g g
i) 0 i)
= 3 =
{r {n fr
100 100 100
0 0 0

2010 2015 2020 2025 2010 2015 2020 2025 2010 2015 2020 2025

Figure 6. Time series plot of prediction results for various models

B 6. HERFULER
5. B4

AHEFR A R AT LI ARIMA FE R4 7, 441 22 ]9 25 B 784 U 36 T Python 15 55 R #1556 TUARIB(WLY)
A BT SS, OO AR AN ZEEEREAT T, R B2 400 1% 22 (MAE) . #3772 (RMSE) 5
SERLNT E oy LR 22 (MAPEE AR AL TN 1 BE (VP Al Fa b o JE I ) JF LB 2 Pl RIS A, B STL-
ARIMA (0, 1, 2)-GRU AR K e Re st A ERY)IER] 0.997; HIERM ARIMA AR K
Z THRFH EH(DTR) R % -« 1E 0.05 WEMKFE T, HIER ARIMA BIAAHE T STL-ARIMA #1%Y
HA GRS, (Hi% STL-ARIMA-GRU 48 SbE B 7E Bt 6 LUAR RS Hh A7) 2 B0 LR A A PR TG P S5 25 6 1k
Ao SR, PR BB BT AE TRINAT 55 o LA 00 o PR A5 P ARSI 1k
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