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ABSTRACT In rural areas, textile purchase decisions are strongly influenced by neighborhood reputation,
cultural identity, and regional aesthetics and exhibit significant social communication characteristics.
Traditional market research methods struggle to capture the dynamic evolution of preferences in rural
textile consumption scenarios, and existing social network models often lack the multidimensional
integrated modeling capabilities. This paper proposed a multidimensional modeling method that integrates
social network analysis, natural language processing and a graph neural network. On the basis of the user
behavior logs of rural e-commerce platforms, a weighted social network (3,685 nodes, 19,243 edges) was
constructed, and seven consumer groups with geographical affiliation characteristics were identified by
combining the improved Bidirectional Encoder Representations from Transformers (BERT) model and the
Louvain algorithm. The GAT model was used to integrate historical purchase and sentiment features to
achieve preference trend prediction at the community level, and the improved SIR model was introduced
to simulate the negative word-of-mouth communication mechanism by integrating node influence and
trust parameters. The experimental results show that the model constructed in this paper performs well in
terms of preference classification, community division and communication path prediction. The preference
emotion classification accuracy is 92.4%, and the modularity index is 0.43. This study provides a
theoretical basis and practical support for the modeling of rural market consumption preferences and
precise intervention strategies based on community structure.

INDEX TERMS rural textile market, social network analysis, consumer preference evolution, graph

neural network, propagation path modeling

I. INTRODUCTION
ITH the rapid development of rural e-commerce and
Wthe increasing popularity of social media, the shop-
ping behavior of rural consumers is increasingly influenced
by online interactions and word-of-mouth communication
[1-3]. Traditional market research methods struggle to cap-
ture
consumption preference patterns amidst this dynamic evo-
lution [4-6], whereas user behavior modeling based on social
networks provides a new perspective for understanding
the consumption psychology of rural groups [7,8]. In the
rural market, textiles are daily necessities and carry certain
cultural functions. Their consumption behavior shows strong
regional and community dependence. In recent years, the
rapid development of rural e-commerce has provided a new
context for research on textile consumption [9,10]. However,
in the field of rural textile consumption, there is still a
lack of systematic research on integrating user sentiment,
community structure, and information dissemination paths.
On the one hand, existing text classification models have
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insufficient semantic understanding when dealing with rural
review data with regional and colloquial characteristics
[9,10]; on the other hand, most social network analyses
ignore the impact of geographical proximity and the trust
chain structure on consumer preferences [11,12]. In recent
years, social network analysis technology has been widely
used in consumer behavior modeling [13-15], but it still
has certain defects. Sattar et al. [16] proposed a scalable
distributed Louvain algorithm to improve the efficiency of
community detection in large-scale graphs. Wang et al. [17]
applied the improved Louvain algorithm in the division
of healthcare service areas and verified its effectiveness in
spatially constrained scenarios. Rostami et al. [18] evaluated
the applicability of the Louvain algorithm in the medical
field through a systematic review. In addition, pretrained lan-
guage models such as Bidirectional Encoder Representations
from Transformers (BERT) show good generalization ability
in sentiment analysis tasks, but their computational cost is
high, and they are prone to overfitting on small datasets.
Mao et al. [19] conducted an empirical study on the bias of
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the BERT model and noted its limitations in prompt-based
sentiment analysis. Kit et al. [20] explored the application
of the BERT model without fine-tuning to reduce resource
consumption. Deepa et al. [21] evaluated the performance
of the BERT model in specific sentiment analysis tasks,
whereas models such as the Graph Neural Networks (GNNs)
and Graph Attention Networks (GATs) performed well in
predicting node-level preference trends but still had limi-
tations. Zhao et al. [22] proposed a method for predicting
agricultural product consumption behavior on the basis of
GNN:gs, but did not fully optimize it by combining the trust
chain structure and time decay effect in rural scenarios. Jain
et al. [23] used GNNs to simulate the information diffusion
mechanism, providing a reference for propagation path
modeling, but did not consider differences in user influence
and changes in trust, limiting its application effect in word-
of-mouth control. Chen et al. [24] expanded the application
boundaries of deep learning models in sentiment analysis,
especially in fine-grained sentiment recognition. However,
GNNs have not yet been combined with social network
structures, making it challenging to capture the interactive
impact between users. Razaque et al. [25] reported that the
SIR (Susceptible-Infected-Recovered) model needs to

address more complex dependencies when simulating
social network communication, resulting in reduced com-
putational efficiency.

This paper proposes a multidimensional modeling method
that integrates social network analysis, natural language
processing, and GNNs, aiming to reveal the evolution of
rural textile consumer preferences and their manifestations
in localized communication paths. The research focuses
on two core issues that are closely related to precision
marketing and policy guidance in rural markets [26-28]:
consumer group identification and information dissemina-
tion simulation. First, an undirected weighted social network
graph is constructed on the basis of user behavior logs,
and an improved Louvain algorithm is used to identify
consumer groups with geographical affiliation. Second, an
improved BERT model is used to extract sentiment polarity
from comment texts and merge it with purchase behavior
to generate community-level preference scores. A GAT
model was subsequently constructed to predict the future
preference trends of each community in the future, and
the improved SIR (Susceptible-Infected-Recovered) model
was subsequently introduced to simulate the information
propagation path. The key node intervention experiment was
conducted by combining node influence and user trust. The
experiments indicate that the proposed method is superior
to the mainstream model in terms of preference classifica-
tion, trend prediction and propagation path modeling. The
research results provide a new technical path for modeling
consumption preferences in rural markets and provide a the-
oretical basis and practical support for formulating precise
intervention strategies on the basis of community structure.
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Il. ALGORITHM DESIGN

SOCIAL NETWORK CONSTRUCTION

To reveal the interactive relationship between rural textile
consumers and support subsequent preference identification
and propagation path modeling, this study constructed an
undirected weighted social network based on the rural textile
consumer behavior log. To ensure compliance with user
privacy regulations, this study adhered to the requirements
of China’s Personal Information Protection Law and the Eu-
ropean Union’s General Data Protection Regulation (GDPR)
by implementing rigorous deidentification procedures on
the original user behavior logs. Direct identifiers such as
full names, mobile phone numbers, and ID numbers were
anonymized through one-way hash encryption to prevent
traceability. Sensitive fields unrelated to geographic loca-
tions, including home addresses and IP addresses, were
systematically removed to further protect user identity. In
addition, textual interaction data underwent entity disam-
biguation processing to eliminate Personally Identifiable
Information (PII), such as specific personal names, shop
names,

and other identifiable entities mentioned in user com-
ments. A multilevel data access authorization framework
was also established to restrict access to deidentified datasets
exclusively to core research personnel. These measures
effectively severed direct identification links within the
original data while preserving sufficient behavioral features
critical for subsequent modeling and analysis. The deiden-
tification process maintained data utility for social network
construction, sentiment analysis, and graph neural network-
based preference modeling, ensuring both regulatory com-
pliance and analytical validity. The experimental data come
from anonymized user logs provided by a large e-commerce
platform, which contains the purchases, comments, likes,
and forwards of 3,685 users (covering 12 administrative
villages). The fields include user ID, product category
(textiles are divided into three categories: cotton, synthetic
fiber, and handmade fabrics), comment text, rating stars,
interaction objects and timestamps.

First, the original behavior data are cleaned and prepro-
cessed to remove outliers and duplicate records, and each
interactive behavior is mapped to a specific rural textile
consumer pair (u;, ;). The edge weight w;; between rural
textile consumers is defined as the product of the interaction
frequency between the two during the observation period
(set to nearly 90 days) and the time decay factor, and the
formula is as follows:

T
fij (t)
Wi = — 1)
* ; log(to —t+ 1)

In formula (1), f;;(t) represents the number of interac-
tions between users u; and u; on day t, to is the current
date, and the log function is used to control the time decay
effect to ensure that recent interactions have a higher weight.
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Each rural textile consumer is regarded as a node v € V'
in the graph. If there is at least one effective interaction
between two rural textile consumers, an undirected edge
e;; € I is established, and the edge weight is calculated
via formula (1). The final generated graph is denoted as
G = (V,E,W), where W is the adjacency matrix, which
represents the relationship strength between nodes. The
social network architecture of rural textile consumers is
shown in Figure 1.

Figure 1 shows the spatial distribution of nodes corre-
sponding to the original administrative villages with 12 la-
beled groups. After optimization via the Louvain algorithm,
7 consumer communities (C1-C7) are identified as the final
clusters. The geographic distribution of these communities
demonstrates cross-administrative village aggregation char-
acteristics.

SENTIMENT ANALYSIS MODULE BASED ON THE BERT
MODEL

This study uses Natural Language Processing (NLP) with a
BERT-based sentiment analysis module to evaluate rural tex-
tile consumer reviews on e-commerce platforms. The data
consisted of 3,542 valid reviews, covering categories such as
cotton, synthetic fiber, and handmade fabrics. After the data
were split into training (2,479), validation (708), and test
sets (355), the samples were stratified by user activity and
community to ensure balanced representation. Sentiment
evaluation is a three-class problem, namely, positive, neutral,
and negative, on the basis of manual annotation and an
automated scoring system, with ratings >4 as "positive,"
3 as "neutral," and <2 as

"negative."

The BERT model captures contextual semantic informa-
tion through a bidirectional transformer encoder structure.
Suppose the input text sequence is z = (x1,Z2,...,27),
where T' represents the sequence length and x; represents
the tth token. After the BERT model embeds it, the follow-
ing can be obtained:

WO = Wz, + W,ps (2)

In formula (2), W, € R4V jis the word vector matrix,
V' is the vocabulary size, W, < RI*L s the position
encoding matrix, L is the maximum sequence length, and d
is the embedding dimension. Then, the semantic features are
extracted layer by layer through the multilayer transformer
encoder.

The model training uses the cross-entropy loss function
as the optimization target:

N
L== yilog(@) 3)
=1

N is the batch size, y; is the true label, and 7; is the model
prediction probability.

To verify the effectiveness of this module, the pro-
posed BERT model was compared with mainstream text-
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classification models [29,30], such as TextCNN (Text Con-
volutional Neural Network), BiLSTM (Bidirectional Long
Short-Term Memory), XGBoost+TF-IDF (Extreme Gradient
Boosting + Term Frequency-Inverse Document Frequency)
and Support Vector Machine (SVM) + Word2Vec. All the
models were trained and tested via the same preprocessing
process. For model evaluation, commonly used core indica-
tors such as accuracy, precision, recall, F1 score (F1) and
AUC value (AUC-ROC) were selected for analysis, and their
calculation formulas were as follows:

TP+TN
Acc = 4
CTTPYTN+FP+FN’ “)

TP
bre = p 7P )

TP
RecjiTP—&—FN’ (6)

Pre - Rec
Fl=2.—" """ 7
Pre + Rec’ )
1 C

AUCmuni = & Z; AUC,. (8)

To further explore the preference characteristics of user
comments, this study combines the TF-IDF algorithm to
extract keywords from all comment texts. Specifically, first,
the frequency of each word in all the documents is counted,
and its IDF value is calculated. The formula is as follows:

—beay) ©
{d"e D:ted}

t represents a word, d represents a document, and N
represents the total number of documents. On the basis of
the TF-IDF score sorting, the top 50 keywords are extracted
as high-frequency preferred words, and they are counted
separately by sentiment category to form three types of
vocabulary sets: positive/neutral/negative.

TF-IDF(t,d) = TF(t,d) x log (

LOUVAIN ALGORITHM IDENTIFIES CONSUMER
GROUPS
To identify user groups with similar interaction patterns and
consumption preferences from the social network structure,
this study uses the Louvain algorithm to perform multilevel
clustering on the undirected weighted graph G = (V, E, W)
constructed in Section 2.1. The graph contains 3,685 nodes
(users) and an edge weight matrix calculated based on
behavioral data to reflect the interaction intensity between
users. The overall architecture of the Louvain algorithm is
shown in

The Louvain algorithm maximizes modularity through
iterative local optimization. The specific steps are as follows:
First, each node is iteratively moved to the community
of one of its neighbors. The corresponding modularity
gain (AQ) is then calculated. If AQ>0, the community
affiliation of the node is updated; then, the nodes in the same
community are merged into supernodes, a new weighted
graph is constructed, and the above process is repeated until
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FIGURE 1. Rural textile consumer social network architecture
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FIGURE 2. Overall architecture of the Louvain algorithm

the modularity cannot be further improved. After each node
movement, the change in modularity can be expressed as:
W
AQ = % > wij — oinles) - 25 i (10)
J
In formula (10), oi,(c;) represents the total edge weight
within the current community ¢;, and > ; Wij represents the
total connection strength of node 3.

Owing to the significant differences in the interaction
frequency between users in the original data, some highly
active users may dominate the community assignments,
resulting in an excessive local aggregation effect, affecting
the stability and interpretability of the overall community
detection.

To address the issue of community partitioning dominated
by highly active users, this study proposes a relative density-
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based edge weight normalization method. Specifically, the
raw edge weights w;; are normalized through the following

formulation:
iljprmalized _ L (11)

Zke/\/(i) Wik
In formula (11), A (¢) denotes the adjacent node set of
node ¢. This approach transforms each edge weight into
the relative interaction intensity between node ¢ and its
neighbor j, thereby mitigating the disproportionate influence
of absolute weight differences on community partitioning.
After normalization, the sum of adjacent edge weights for all
nodes equals 1, effectively balancing perturbations caused

by locally dominant high-activity users.

To comprehensively evaluate the quality and consistency
of the Louvain algorithm’s segmentation results in rural
consumer social networks, this paper uses the following five
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core evaluation indicators: modularity (), normalized mutual
information (NMI), adjusted Rand index (ARI), purity, and
the homogeneity score. The calculation formulas are as
follows:

1 kik;

Q=5- ; {w,;j - Qmj} d(ci, ¢j) (12)
In formula (12), w;; represents the edge weight between
nodes ¢ and j; c; represents the community to which the
node belongs; and J(c;, cj) is the Kronecker function, which
takes a value of 1 when ¢; = ¢; and 0 otherwise. The value
range of this indicator is usually [—0.5,1]. The larger the
value is, the clearer the community structure and the tighter
the internal connection.

MI(X,Y)
H(X)H(Y)

In formula (13), MI(X,Y) is the mutual information,
which reflects the correlation between two clustering results;
H(X) and H(Y) are the information entropies of the
clustering results X and Y, respectively.

Zij (nzj) B [Zz (az)
a; b a;

%[Zz (2) +Zj (21)] - [21 (2) Z; (2)]/(()4)
In formula (14), n;; represents the number of samples that
belong to both the ith class in clustering result X and
the jth class in clustering result Y; a; and b; are the
numbers of samples of the corresponding classes; and n
is the total number of samples. The ARI value range is
[—1, 1]. The closer the value is to 1, the more consistent the
two clustering results are.

NMI(X,Y) = (13)

> () (’5)

ARI =

1 X
Purity = - ; max |Cx N Ly (15)
In formula (15), C) represents the kth community, L,
represents the [th true category, n is the total number of
samples, and K is the total number of communities. The
closer the indicator value is to 1, the purer the community
classification is.

H(C|L)
H(C)

H(C|L) is the conditional entropy of the community distri-
bution given the true category, and H(C) is the entropy of
the community itself. The homogeneity score ranges from
[0,1], and the higher the value is, the more consistent the
community division is with the true category distribution.

During the experiment, the results of the improved Lou-
vain algorithm in this paper were compared with those of the
following three mainstream community detection algorithms
: the Label Propagation Algorithm (LPA), Infomap, and
spectral clustering+K-means. The performance comparison
of each detection algorithm is shown in Table 1.

As shown in Table 1, the Louvain algorithm maximizes
modularity without requiring preset community numbers. It

h=1— (16)
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has medium time complexity and high stability and is ideal
for undirected weighted graphs. The LPA algorithm is the
fastest but has low stability because of its random label
propagation. Infomap, based on information compression, is
better for directed graphs or flow data but is less effective
for undirected weighted graphs. Spectral clustering with K-
means offers high stability but requires predefined com-
munity numbers and has high computational complexity,
limiting its adaptability to large-scale rural social networks.

PREDICTING PREFERENCE TRENDS VIA THE GAT
MODEL

To model the preference evolution of rural textile consumer
groups under the social network structure, this study con-
structed a preference trend prediction model for community
nodes based

on GAT. The model uses the seven user communities
identified by the Louvain algorithm as the basic prediction
unit and uses their historical behavior and social relationship
information to predict the changes in the preference intensity
of each community for a specific textile category in the
future.

The input of this model consists of three parts: the first
part is the node feature matrix X € RNV*d where N = 7
represents the number of communities, and d = 5 represents
the feature dimensions extracted from each community,
including the average purchase frequency, positive comment
ratio, negative comment ratio, interactive activity index, and
TF-IDF keyword similarity score of the community users
in the past three months; the second part is the adjacency
matrix A € {0,1}¥*¥_ which represents the connection
relationship between communities. If there is at least one
highly interactive user pair between two communities, they
are considered adjacent. The third part is the target variable
Y € RY, which represents the preference score of the
community for a certain type of textile (such as cotton cloth)
in the next stage (such as the next month). The value range
is [0, 1] and is calculated by weighted sentiment polarity and
purchase volume:

) ZjeCi Sj

h .
= o F(—a) purchase; a7

max(purchase)

C; is the set of users in the i-th community, Sj is the
sentiment score of user j (normalized to [0,1]), purchasei
is the total purchase volume in the community, and « is the
sentiment weight coefficient, which is used to balance the
contribution of sentiment polarity and purchasing behavior
in preference modeling. The adjustment process begins by
setting an initial value of 0.5, indicating equal influence
of sentiment and behavior. Next, the purchase volume data
are standardized to eliminate differences in scale. Finally,
grid search optimization is conducted through fivefold cross-
validation, evaluating the model performance under different
« values to select the optimal parameter that ensures a
balanced integration of sentiment and behavioral features.
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TABLE 1. Performance comparison of different detection algorithms

Detection Method Optimization Objective

Requires Predefined Community Count

Time Complexity ~ Result Stability ~ Suitable Network Types

Louvain Modularity maximization No

LPA Label propagation mecha- No
nism

Infomap Minimize description code No
length

Spectral Clustering+K-means ~ Graph Laplacian matrix de- Yes

composition

Medium High Undirected weighted graph
Low Low Undirected/Directed graph

Medium Moderate Directed graph, flow data
High High Undirected graph

The model employs a standard two-layer GAT structure,
in which each layer incorporates multihead attention mech-
anisms. The first layer uses 4 attention heads to encode
node features into 64-dimensional representations, whereas
the second layer aggregates information through 1 attention
head to output a I-dimensional preference score, thereby
completing the final prediction task. The activation function
uses the ELU function, and the last layer does not perform
nonlinear transformation and directly outputs the predicted
value. The loss function is defined as the Mean Square Error
(MSE):

LN
L= N;(yi—ﬂi)Q (18)

y; is the true preference score, and ¥; is the model prediction
value.

IMPROVED SIR PROPAGATION PATH MODELING
To simulate the spread of negative word-of-mouth in a
social network, this study extends the classic SIR model by
incorporating node influence and user trust parameters. The
model defines three node states: susceptible (S), infected
(D (.e., spreading negative information), and recovered (R).
The modified state transition equations are as follows:
Infected State Equation:
%:ﬂ'sﬁ(”i)"zl Oij - S L =L (19)
JEN(i)

In formula (19), ¢(v;) represents the influence weight of
node v;, normalized on the basis of eigenvector centrality.
N (i) is the set of neighbors of node i. 6;; is the trust
parameter between nodes ¢ and j, which is calculated as
follows:

Oij = o <>‘1 L.

max(w)

+ A2 - cos(s;, sj)> (20)

In formula (20), o(-) is the sigmoid function. A; and A,
are weight parameters such that A\; + Ay = 1. w;; is the
historical interaction frequency between nodes 7 and j, and
max(w) is the maximum interaction frequency. cos(s;, s;)
is the cosine similarity between the sentiments of nodes
and j.
Recovered State Equation:
dR;
dt
In formula (21), y is the recovery rate.

T 1)
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The topological propagation efficiency measures the ef-
fectiveness of the information spread, which is defined as
the ratio of the final infected node proportion to the average
path length:

el
La

In formula (22), I, is the total number of infected nodes at
the end of the simulation, N is the total number of nodes in
the network. L¢ is the average path length of the network.

The initial infection sources are chosen from the top 5%
of nodes with the highest influence, i.e., ¢ vi >0.72 . The
propagation rate is S = 0.65 , and the recovery rate is 7y =
0.25 , optimized through grid search.

x 100% (22)

lll. EXPERIMENTS AND VERIFICATION

EXPERIMENTAL DESIGN

To verify the effectiveness of the constructed model in
the rural textile consumption scenario, the experiment was
based on real user behavior data and focused on preference
identification, community division, trend prediction, spatial
correlation analysis, and information dissemination coverage
evaluation. All the experiments used a unified dataset and
standardized processes to ensure the repeatability of the
results and the reliability of the conclusions. The dataset
of the rural textile consumer social network is shown in
Table 2.

As shown in Table 2, the social network comprises
3,685 user nodes across 12 villages and 19,243 undirected
weighted edges based on interactions such as likes, com-
ments, and purchases. On average, each user interacts with
5.2 others. The network has a weighted clustering coefficient
of 0.35, indicating some local clustering, and an average
path length of 3.8, reflecting "small-world" characteristics.
The top 5% node influence centrality threshold is set at
0.72, providing a basis for identifying key communication
nodes and enabling targeted intervention to control negative
word-of-mouth spread.

EVALUATION OF CONSUMER PREFERENCE
CLASSIFICATION ACCURACY

The BERT model constructed in this paper is com-
pared with the TextCNN, BiLSTM, XGBoost+TF-IDF, and
SVM+Word2Vec models. All the models were trained on
a 7:2:1 train/validation/test split, employing stratified sam-
pling and temporal consistency principles to ensure data
distribution alignment across partitions. After the model
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TABLE 2. The dataset of the rural textile consumer social network

Metric

Description

Total Number of Users (Nodes)
Total Number of Edges
Average Degree

Weighted Clustering Coefficient

Average Path Length

Rural e-commerce platform users across 12 administrative villages with geo-
graphic labels

Undirected weighted edges based on likes, comments, shares, and purchase
behaviors

Average number of interactions per user, reflecting rural users’ social activity
level

Measures local cohesion of interactions; higher values indicate stronger commu-
nity ties

Average shortest path between any two users, demonstrating ‘“‘small-world”
characteristics

Proportion of Largest Connected Component (LCC Size %) 82.60% Proportion of nodes in the largest connected subgraph, indicating strong overall
network connectivity
Node Influence Centrality Threshold (Top 5%) >0.72 Threshold for high-influence nodes (normalized) used as initial infection sources

in the improved SIR model

training is complete, the accuracy, F1, precision, recall,
and AUC-ROC of each category are calculated to evaluate
the semantic understanding and classification capabilities of
each model for texts with regional and colloquial character-
istics. The results are shown in Table 3.

The performance comparison in Table 3 shows that the
BERT model outperforms the other models in rural textile
review sentiment classification, achieving 92.4% accuracy,
92.2% F1, 93.0% precision, 91.5% recall, and 96.2% AUC-
ROC. Traditional models such as SVM+Word2Vec lag be-
hind, with an accuracy of 80.1%, F1 of 79.9%, and AUC-
ROC of 87.8%. Deep learning models such as TextCNN
and BIiLSTM also perform better than traditional models
do but still fall short of BERT. The TextCNN achieves an
accuracy of 84.6%, and the accuracy of the BiLSTM is
86.7%. BERT’s superior performance in terms of all metrics
highlights its stronger ability to capture complex semantics
and regional characteristics in rural reviews, making it more
robust and adaptable for tasks such as consumer group
identification and communication path analysis.

COMMUNITY SEGMENTATION CONSISTENCY
EVALUATION

Figure 3 compares the performances of the Louvain, LPA,
Infomap, and spectral clustering+K-means algorithms in
segmenting the rural textile consumer social network. The
horizontal axis shows evaluation metrics: modularity Q
(intracommunity compactness), NMI and ARI (consistency
with ground-truth labels), and purity and homogeneity score
(matching between community classification and true cat-
egories). The vertical axis represents the score for each
metric.

As shown in Figure 3, the Louvain algorithm outperforms
the other three algorithms across all five metrics. For ex-
ample, it scores 0.43 in Modularity Q, higher than LPA
(0.39), Infomap (0.41), and Spectral Clustering+K-means
(0.37), indicating better community structure clarity. The
Louvain algorithm also leads in NMI (0.58), ARI (0.51),
purity (0.76), and homogeneity (0.69), outperforming the
others in each category. These results demonstrate that
the Louvain algorithm more accurately identifies consumer
groups with geographic ties in undirected weighted social
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networks, offering high stability and interpretability.

PREFERENCE TREND PREDICTION ERROR
EVALUATION

Figure 4 shows the performance comparison of the proposed
GAT model with mainstream regression models such as
the XGBoost regressor and linear regression in the task
of predicting rural textile consumption preference trends.
The evaluation indicators include the MAE, RMSE, R2, and
Spearman rank correlation.

As shown in Figure 4, the GAT model outperformed the
XGBoost regressor and linear regression in terms of all the
metrics. It achieves an MAE of 0.09, which is lower than
those of XGBoost (0.13) and linear regression (0.17), and
an RMSE of 0.13, which is better than those of XGBoost
(0.18) and linear regression (0.23). The GAT model also
scored 0.92 for R?, surpassing XGBoost (0.86) and linear
regression (0.81), and achieved a Spearman rank correlation
of 0.89, which was higher than that of XGBoost (0.81) and
linear regression (0.76). These results highlight the GAT
model’s superior adaptability and accuracy, making it well
suited for modeling consumption preferences and analyzing
propagation pathways in rural textile markets.

SPATIAL CORRELATION ANALYSIS OF THE
PREFERENCE EVOLUTION TREND

On the basis of 7 cross-administrative village consumer
groups (C1-C7) generated via the Louvain algorithm, this
experiment quantitatively analyzed the spatiotemporal evo-
lution of their textile consumption preferences.

To reveal the spatial correlation and dynamic evolution
trend of rural consumer preferences, this paper analyzes the
spatial preference evolution of different communities (C1
to C7) in multiple time stages (T1 to TS). The results are
shown in Figure 5, where the horizontal axis represents the
time stage and the vertical axis represents the community
name; the color depth in the figure reflects the preference
score, and the preference score represents the preference
intensity of different communities for spatial selection.

As shown in Figure 5, the preference score of the C3
community is always the highest, reaching 0.91 at TS5, indi-
cating that the consumption willingness of this community
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TABLE 3. Performance comparison of each model in the rural textile review sentiment classification task

Model Name Accuracy (%) F1 (%) Precision (%) Recall (%) AUC-ROC (%)
BERT 924 922 93.0 91.5 96.2
TextCNN 84.6 84.2 85.1 83.3 91.0
BiLSTM 86.7 86.3 87.2 85.5 92.1
XGBoost + TF-IDF 82.3 82.0 83.0 81.0 89.4
SVM-+Word2Vec 80.1 79.9 80.8 79.0 87.8

0.6 b

Modularity Q NMI ARI Purity Homogeneity\nScore

FIGURE 3. Consistency evaluation results of the community division of each algorithm
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FIGURE 4. Evaluation results of the preference trend prediction error of each model. (a) MAE and RMSE evaluation results of each
model; (b) R? and Spearman’s evaluation results of each model.
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FIGURE 5. Spatial correlation analysis results of textile consumption preferences in various communities (administrative villages)
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has grown fastest. The score of the C4 community is the
lowest, at only 0.50 at T1, and it has not exceeded 0.58
throughout the entire observation period, indicating that its
overall acceptance is low. The remaining communities, such
as C1, C5 and C7, showed a medium to high preference level
and a steady upward trend, indicating that the consumption
preferences of these communities gradually increased over
time and that the dissemination path increased. Overall,
the results of Figure 5 reveal the spatiotemporal evolution
of consumption preferences and provide a visual basis
for precision marketing interventions based on community
structure.

IV. CONCLUSION

This paper proposes a method for modeling rural textile con-
sumption preferences by integrating social network analysis,
natural language processing, and GNNs. A weighted social
network (3,685 nodes, 19,243 edges) was constructed on
the basis of rural e-commerce user behavior logs, and seven
geographically related consumer groups were identified via
the improved Louvain algorithm. The BERT model was
used for sentiment feature extraction, the GAT model was
used for trend prediction, and the improved SIR model was
used to simulate negative word-of-mouth communication.
The experimental results show that the proposed method
performs well in terms of preference sentiment classifi-
cation (accuracy = 92.4%) and modularity (modularity Q
= 0.43). However, this study has two limitations: limited
data coverage (12 villages) and insufficient multimodal data
fusion. Future research can focus on dynamic preference
modeling, personalized intervention strategies, agricultural
e-commerce applications, and the integration of multimodal
data sources, including text, images, and physiological sig-
nals.
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