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Abstract

In recent years, China’s economy has continued to grow, the snack consumption market has
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developed rapidly, and consumer demand for snacks has been increasingly strong. In this context,
this study proposes a modeling strategy that integrates multiple algorithms to systematically sim-
ulate the revenue of snack shops. First, based on a questionnaire survey, 12 key indicators were
selected to construct a structural equation model, identifying three core factors influencing con-
sumer purchase intention and establishing a purchase intention evaluation system. Second, along
short-term memory network (LSTM) was used to predict store foot traffic, combined with a par-
ticle swarm optimization (PSO) algorithm to optimize model parameters, achieving Rz 0.9067 for
the training set and R2 0.9142 for the validation set. Finally, actual data from the target store were
integrated, and the Metropolis-Hastings (MH) algorithm and maximum a posteriori estimation
(MAP) method were used to simulate revenue, with the purchase intention threshold v deter-
mined through grid search, resulting in an average verification of Rz 0.88 for the model. Based on
the above results, this paper summarizes the research conclusions and explores the potential ap-
plications of the model in practical operations.
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Figure 1. Dimensionality reduction of purchase intention indicator
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Table 1. Model assumptions
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Table 3. Hypothetical paths and significance analysis of factors influencing consumer purchase intention

F3. FMHEEENIERENEZRREBESEZ SN

RigHE Estimate P Label
B EEF > WEERE -0.532 ok HI
H S WG 77— MR 0.221 0.068 H2
T SEIREE S it i 5 — T 3K = 0.379 0.011 H3

Horp, WREE 5T SO SE BN ARSI, S S . TSI 5 S R R AR R T .

@ Rtk

NT B R AN [ R 26V 2 A SR s R I BRI, FRATT 4 AR A R IR R AR AR R (]
3)e

AT RN, TR 5 SO SRR RE R A s, AR E RN — AN B A S8
WS R R 0.53 AMbrifEZE: AHELZ T, T e iSRG T T SEERSE 5 R G 0 R I E s, oy
B S AR T 0.23 A1 0.33 MniEE

DOI: 10.12677/sd.2025.1512351 210 CIESES 93


https://doi.org/10.12677/sd.2025.1512351

JEAERH, 5 AR 0

s
<

o
&

0.95

HERASES

o}

O®®
=1 @ .-.N & ¢
& & &

2
e

@ |:Q4- 0sp 088 ,. @
@ o -
m’ 0.59
® | Q12 [=—13

0.16
C g A RN
ool
D> % _

Figure 3. SEM path diagram
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Figure 4. LSTM structure schematic diagram
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Figure 5. Flowchart of particle swarm optimization algorithm
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Figure 7. Comparison of actual and projected foot traffic at the target snack store in June 2025
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Table 5. Distribution of spending power and single-purchase amount

=5 HBRNSRRHBRETNOH

BRI TR AR Z ~Gamma(4.23,0.08)

X~ Lognormal(8.05,0.392)

A 5HF(TSRRN) log(X)~ N(4 23.0 392)

ﬁ¢,zgxﬁﬁ%=m%xﬁﬁﬁ%o

4.2. HEZAIHMEL

MR N E N FERIET LGRS . ARSI P i ok B T R
AL 22 o ARy A SR i o S (RL AR L 2 6 BT«

Table 6. Frequency and frequency distribution of single snack purchase amounts
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