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Abstract: Amidst the swift advancement of internet technology, live broadcast
e-commerce has emerged as a pivotal driver for rural economic growth.
However, the issue of low sales efficiency is becoming increasingly
conspicuous, necessitating the development of effective solutions. Against this
backdrop, this study investigates strategies to enhance the sales efficiency of
rural e-commerce within the live broadcast context, with a focus on devising an
intelligent analysis model to address the sales challenges. By precisely
analysing the vast amounts of multi-source data generated during live
broadcasts, the model employs data mining, machine learning, and deep
learning algorithms for in-depth association analysis and feature extraction.
Experimental results demonstrate that compared with outstanding deep learning
models, the REISE model has reduced errors by approximately 25.60% and
22.31% in MAE metrics, 49.46% and 46.77% in MSE metrics, and 30.12% and
29.27% in RMSE metrics, respectively.
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1 Introduction

In the late 1960s, Thomas, a famous economist, first proposed the concept of
e-commerce. At that time, the interpretation of e-commerce was to complete the process
of product sales based on advanced information technology, including product design,
production and support. With the continuous development of big data, VR, 5G
communication and other internet technologies, as well as the popularity of mobile
terminals, webcast has risen in the internet field in recent years, showing a trend of
breaking through, rapidly penetrating into many fields such as politics, economy, culture,
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and involving different industries (Wang et al., 2022). Since 2003, the live broadcast of
video games has been broadcast on TV, although at that time, the live broadcast was
mostly used as a means of real-time traffic communication, and the content and theme of
the live broadcast were relatively single. Since then, from 2010 to 2015, live broadcasting
has entered the stage of savings and development, and a large number of live
broadcasting apps have been launched one after another. Until 2016, the Taobao live
studio was born, and the live broadcast function was launched quickly. So far, the first
year of live webcast has been ushered in. Hundreds of live webcast products have sprung
up, and the number of users watching live webcast has continued to grow (Xin et al.,
2023). Since its birth, the live broadcasting industry has been actively seeking diversified
development, constantly combining with other content, involving many fields, including
games, education and so on, forming the concept of ‘live broadcasting+’. In the past two
years, it has risen in an all-round way, bursting out huge economic potential. With its
brand-new mode, live broadcasting with goods has led to the emergence of a new
marketing mode and communication mode. Some scholars believe that this is a kind of
choice behaviour, that is, farmers consider whether to adopt e-commerce platform for
promotion according to their own and family conditions and combined with agricultural
products.

In modern society, the meteoric rise of e-commerce has greatly benefited people by
offering convenience and opening up new avenues for increasing income. Regarding the
development of e-commerce in rural areas, scholars hold diverse views but generally
acknowledge its crucial role in advancing the e-commerce industry. The rise of rural
e-commerce sales provides an effective solution to the challenges of long-distance quality
inspection and pricing of agricultural products. When consumers need to purchase
agricultural products from a long distance, the quality of agricultural products cannot be
tested on site, and various market prices cannot be compared. Due to the limited time and
resources of buyers, they are unable to visit each farm. Folorunso et al. (2006)
highlighted the importance of employing agricultural e-commerce to facilitate suitable
business activities between farmers and buyers in the online arena. Moreover, through
agricultural e-commerce platforms, consumers are able to gain access to more favourable
pricing options. Pramanik et al. (2017) proposed that information and communication
technology (ICT) has an important impact on rural development, aiming to study the role
and contribution of ICT in promoting rural economic development, social progress and
narrowing the digital divide between urban and rural areas in developing countries.
Through in-depth analysis of ICT application status and typical cases in rural areas of
different developing countries, this study reveals the development opportunities,
challenges and constraints of ICT in rural education, health care, agriculture,
entrepreneurship and other fields, such as inadequate infrastructure, lack of digital skills
and imperfect policy support. Rural e-commerce sales pay a low cost and realise the
connection between a large number of production enterprises and a large number of
consumer groups. It not only enables agricultural products to enter the city, but also
enables industrial products to flow into the countryside, which not only enables farmers
to earn money, but also allows farmers to save money. Taking China as the research
object, Kshetri (2018) pointed out that the governments of less developed countries must
pay attention to the development of rural e-commerce sales, because rural e-commerce
sales can bring employment opportunities and optimise rural people’s livelihood.
Ruiz-Garcia et al. (2010) analysed the real-time logistics problems and route planning of
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online trading products in rural areas, and proposed using information network system to
improve the efficiency of rural e-commerce. Ruch and Sackmann (2012) found that most
of the decline in orders for online platforms is due to the risk of deception brought to
people during payment. Sellers of online platforms should pay attention to this problem.
Canavari et al. (2010) mentioned that consumers’ perceived risks of products can cause
complications in agricultural product e-commerce development. To ensure smooth online
sales of agricultural products, it is essential to address this issue. Sun and Zhang (2006)
proposed that there are moderating factors in the process of user’s technology acceptance,
aiming to study how these moderating factors affect user’s technology acceptance
behaviour. Through empirical research, this paper reveals the impact mechanism of
moderating factors on user’s technology acceptance in different situations, such as the
impact of individual characteristics, task characteristics and environmental characteristics
on technology acceptance. Davis (1989) argued that perceived usefulness and ease of use
are crucial in determining users’ acceptance of information technology. He aimed to
examine how these elements connect to users’ acceptance behaviours. Zhou (2022)
analysed the innovative approach to poverty alleviation through agricultural e-commerce
live streaming. He looked at its benefits, obstacles, and practical implementation, aiming
to discover how e-commerce live streaming can aid the economic growth of
impoverished rural regions. Luo et al. (2021) examined the effect of persuasive language
style on the sale of products in live-streaming within social e-commerce. Through
empirical research, they revealed how different language styles affect consumers’
purchase behaviour, providing a theoretical basis for improving the effect of live
broadcast delivery. Wang et al. (2023) analysed the influencing factors of sustainable
supply chain development for agricultural and food products in cross-border e-commerce
live-streaming. They concentrated on the cross-border e-commerce live-streaming
environment and studied the key influencing factors of each segment of the supply chain.
The goal was to establish an efficient and stable cross-border e-commerce supply chain
for agricultural goods. Using Wenchuan County as a case study, Liang and Cheng (2024)
explored how e-commerce fosters agricultural innovation and entrepreneurship in a
platform economy. They demonstrated that e-commerce can invigorate agricultural
innovation, advance entrepreneurial efforts, and stimulate rural economic growth and
farmers’ income through diverse approaches. Li and Gan (2025) explored China’s rural
e-commerce sustainability from multiple dimensions. They looked at how economic,
social, and environmental factors affect rural e-commerce growth. The goal was to create
a scientific evaluation system and improvement path for rural e-commerce sustainability.
Live e-commerce, with its instant interaction and live presentation, has become a new
channel for agricultural product sales. However, accurately grasping consumer demand
and optimising product presentation and sales strategies remain pressing issues. Thus,
designing an intelligent analysis model is crucial for enhancing the sales efficiency of
rural e-commerce in live broadcasting. The model will comprehensively consider the
multi-dimensional data in the live broadcast process, such as audience interaction,
product display and anchor sales scripts, and use advanced data analysis technology to
provide real-time decision support for rural e-commerce live broadcast. Specifically, by
analysing the real-time feedback of the audience, the model accurately grasped the needs
of consumers and provided data support for the optimisation of product display and sales
strategy. At the same time, the model will also analyse the sales script of the anchor to
help the anchor improve sales skills and enhance the interaction effect with the audience.
The model also aims to boost agricultural product sales and support the sustainable
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growth of rural e-commerce in the live-streaming era. It achieves this by forecasting sales
trends to inform product selection, improving audience conversion and average spending.
Additionally, the model optimises inventory to cut overstock costs and provides
momentum for rural e-commerce development. Although specific quantitative metrics are
not provided in this study, the REISE model contributes to inventory cost reduction
through accurate sales trend forecasting and optimised inventory planning, effectively
addressing overstock issues.
The main innovations and contributions of this work include:

1 This paper creatively constructs a multi-dimensional data analysis model, which
comprehensively considers multi-source data such as audience interaction, product
display and anchor sales scripts, and deeply mines consumer demand and behaviour
characteristics through machine learning algorithm. Compared with the traditional
single dimension data analysis, this model can more accurately describe consumer
behaviour patterns, provide data support for optimising product display strategies
and adjusting sales scripts, and effectively improve the live broadcast sales
efficiency and conversion rate.

2 Aiming at the problem that the live broadcast sales strategy is difficult to adjust in
real-time, this paper proposes a dynamic optimisation mechanism based on real-time
feedback. By monitoring the interaction behaviour and emotional changes of the
audience, the mechanism can quickly capture the changes of consumer preferences,
and adjust the product recommendation and promotion strategies in real-time. For
example, when the audience shows high attention to the specific selling points of a
certain agricultural product, it can immediately strengthen the publicity and launch
relevant discounts to stimulate the desire to buy and reduce the loss of sales
opportunities.

3 This study introduces a deep learning based predictive approach to enhance
agricultural product stock control. It leverages live-streaming sales data and market
patterns to forecast agricultural product sales. This helps rural e-commerce
businesses plan their stock better and cut overstock costs. Also, when combined with
logistics data, this approach can optimise supply chain management, boost the
circulation efficiency of agricultural products, guarantee their timely supply, meet
consumer needs, and strengthen the competitiveness of rural e-commerce in the
live-streaming setting.

2 Relevant technologies

2.1 GBDT gradient lifting tree

Ensemble learning refers to the combination and integration of several base learners to
achieve better prediction results than a single learner (Zhang and Jung, 2020). The idea of
boosting algorithm of ensemble learning is to promote the base learning machine with
poor prediction effect to a strong learning machine step by step through a certain learning
mechanism, which is a serial learning method. The boosting algorithm first trains the
dataset to get a weak learner, and calculates the training error at the same time. In the
next round of learning, it increases the weight of the sample with large training error, so
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that the learner pays more attention to the learning of this part of the sample. It iterates
continuously in the case of changing the sample weight in each round, and the error
becomes smaller and smaller. Finally, it fuses all the learners to get more accurate
prediction results. The representative algorithm of boosting is GBDT algorithm and
various improved algorithms based on GBDT algorithm. GBDT is an ensemble algorithm
based on boosting principles. It typically employs classification and regression tree
decision trees as base classifiers, training them through iterative refinement of residuals
(Du et al., 2024). Ultimately, these classifiers are combined, with each assigned a weight,
to create a robust and powerful classifier. The #" base learner in GBDT targets the
residual from the ¢ — 1st learner, creating interdependence among trees. GBDT’s
objective function is its loss function, with optimisation aiming to minimise this loss.
Gradient descent shows the loss decreases fastest when moving against its gradient.
Unlike AdaBoost, which adjusts sample weights based on classification accuracy, GBDT
maintains uniform sample weights. For each GBDT tree, fitting the negative gradient
achieves the steepest loss function decline (Zhang et al., 2019).

Assume that the training set sample is D = {(xi1, y1), (x2, y2), ..., (Xm, Ym)}, Where ¢, [,
and f(x) denote the model’s maximum iterations, loss function, and final output strong
learner, respectively. The GBDT algorithm steps are as follows:

Initially, the weak classifier is setup, with ¢ denoting the classifier’s output value. In
the context of mean square loss, ¢ corresponds to the sample dataset’s average value:

folx)=argmin " L(y,0) (1)

where L(y, fix)) signifies the GBDT algorithm’s loss function. For each iteration ¢ = 1 to
T:
Calculate the negative gradient for each sample i = 1 to M:

of (x;) F@)=fia ()

Fit the dataset {(x;, r»)} (i = 1, 2, ..., m) using a decision tree to obtain the #" tree.
Assume this tree has j leaf nodes, with the jt leaf node set denoted as R, j =1, 2, ..., J).
Determine the optimal fitting values for all leaf nodes ;:

Cyj :argminzxieszL(yi’ ﬁ*l (xi)+c) (3)

(@)

The optimal fitting value of the jt leaf node is ¢y. If the loss function is quadratic loss,
then ¢ is the average of all samples at the j* leaf node.
Get ¢;; update strong learner:

ft(x):ft_l(x)-i-Zj:lc,jl(xeR,j) “)

The function /(x € Rj) equals 1 if the sample is in set Ry; otherwise, it equals 0. This
helps form the final strong learner model.

SO = fo+ D 3 el (xeRy) ®)



An intelligent analysis model 111

2.2 SHAP feature selection

Feature selection aims to identify features closely tied to prediction outcomes, isolating
key influencing factors. It removes less impactful, redundant features to achieve
dimensionality reduction. Effective feature selection enhances model speed, simplifies
complexity, and boosts generalisation and prediction performance. SHAP, a game
theory-based method, explains any model’s output by assessing feature marginal effects
(Wang et al., 2024). Using Shapley values, it clarifies individual sample contributions to
predictions, differing from overall dataset importance analyses.

SHAP assesses feature importance by calculating each feature’s Shapley value for
predictions. The Shapley value of a feature is the difference between the original set’s
contribution and the contribution after adding new features (Le et al., 2022). To calculate
the Shapley value of feature D, given an existing feature set s and its contribution Vs),
the Shapley value of D is determined as follows:

b =v(SV{D}) - v(S) (6)

The simplest model explanation is the model itself. For instance, in a linear model, the
coefficient of each feature serves as its weight, making it easy to comprehend. However,
complex models like ensemble models and neural networks require simpler interpretive
models for approximation. SHAP offers a model agnostic interpretive approach using
additive feature attribution methods, defined as a linear function of binary variables.

g)=h+>." ¢z ()

in this context, g represents the interpretation model. M is the collection of features. ¢
stands for the average predicted value based on the input data. ¢ is the Shapley value for
the i feature, which is binary (0 or 1) to indicate the feature’s presence or absence. The
model’s core goal is to compute these Shapley values. Per equation (6), this involves the
feature set and all combinations of other features. The Shapley value is derived from the
weighted sum of contributions across these combinations, reflecting each feature’s
prediction impact.

¢ = z M(val(Su{xj})—val(S)) )

|
Sc{xt e Xp }/AXG } p:

in this equation, S denotes a subset of features utilised in the model. x represents the
vector of eigenvalues for the sample being interpreted. p indicates the total number of
features. val(S) is the model’s output value given the feature combination S. (p)! signifies
the number of combinations possible with p features. When a feature j is fixed, the
remaining combinations are represented by (p — 1)!/(|S])! species. SHAP feature selection
method has a solid theoretical basis and solves the problem of feature multi-collinearity.
When calculating the Shapley value, it not only considers the influence of a single
variable, but also considers the possible synergy between variables (Gramegna and
Giudici, 2022).
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2.3 Graph neural network

Graph neural network (GNN) aims to capture the complex association and structural
characteristics between nodes in graph structure data (Scarselli et al., 2008). GNN
typically employs a directed graph G = (V, E) for data representation. In this structure, V'
symbolises the collection of nodes, while E denotes the set of edges. Each node v; € V
encapsulates node attributes within its eigenvector. After multi-layer representation
learning, GNN can capture the neighbourhood information of different ranges, and apply
the node representation to specific graph tasks. GNN learns the node representation
through the message passing mechanism between nodes (Wu et al., 2020). This process
can be formulated as follows:

ah = Aggregate({hy*l) ‘ue N(V)}) ©)

where a! is the aggregate neighbour information of the target node v at the [ layer;

W™D represents the feature representation of neighbour node u at layer / — 1; N(v) is the
neighbour node set of target node v; the Aggregate(.) function is an operation to
aggregate the information of neighbour nodes. Common methods include summation or
average. Through message passing, the node feature representations are updated:

h" = Update(h{™, o) (10)

Graph convolution network (GCN) learns the relationship between nodes through
multi-level convolution operation, transmits neighbour node information, and updates its
own node representation accordingly (Bhatti et al., 2023). The node representation of
layer / is defined as follows:

1 1
HO = a(b‘iﬁﬁ‘m04>w<l>) (11)

where A= A+1 denotes the adjacency matrix with self-loops added; D represents the
degree matrix associated with A; WO is the weight matrix for layer /; and o(.) stands for
the activation function, such as ReLU or Sigmoid. Through this formula, each layer
realises the normalisation and linear transformation of neighbour information, and
gradually learns to a higher level of node representation.

Graph attention network (GAT) introduces attention mechanism on the basis of GNN,
so that different nodes can pay different attention to their neighbours. By dynamically
calculating the weight between the target node and its neighbour nodes, the weighted
neighbour information is integrated into the target node representation to achieve more
accurate information transmission (Vrahatis et al., 2024). The calculation formula
represented by GAT node is as follows:

WO = 0'( > amW%’”j (12)

ueN(v)

where a,, is the weight between node v and its neighbour node u calculated through the
attention mechanism, and the mathematical expression is as follows:
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) exp(LeakyReLU (V7 [W Ok, || W ®h,])) 13
> exp(LeakyReLU (V7 [ O, || 701 ]))

keN(v)

vu

where V is the learnable weight vector and ‘||’ represents the connection operation of the
matrix. Through this mechanism, gat can dynamically adjust the attention weight
according to the relationship between nodes, so as to more effectively combine the
neighbour information in the node representation.

Seasonal-trend decomposition using loess (STL) algorithm is a technology for time
series decomposition, which decomposes the original time series data Y; into three main
components: periodic component S;, trend component 7; and residual component Rt.
therefore, the original data of each time point 7 can be expressed as:

Y, =S, +T, +R, (14)

This decomposition method helps to reveal the intrinsic dynamics of time series data,
including periodic changes, long-term trends, and irregular fluctuations. The uniqueness
of the STL algorithm lies in its dual layered loop structure, consisting of an outer loop
and an inner loop. The outer loop is mainly responsible for enhancing the robustness of
the algorithm, reducing the impact of residuals on the decomposition results, and
ensuring the stability of the decomposition. The inner loop is responsible for executing
specific decomposition steps. The STL algorithm decomposes original time series data ¥
into periodic component S, trend component 7" and residual component R after several
rounds of inner loop iteration. The residual component is calculated by R=Y - S - T.
This decomposition method reveals the basic characteristics of time series, including
periodic patterns, long-term trend changes, and random fluctuations, which are of great
significance for time series analysis and prediction.

3 Model design and implementation

3.1 Definition of network traffic issues

The successful live streaming of rural e-commerce relies on precise guidance and
efficient conversion of network traffic. In depth analysis of the transmission rules and
node characteristics of network traffic is the key to optimising the live streaming effect
(Nam et al., 2021). The spatial topology of network traffic nodes is defined as an
undirected graph G = (V, E, A). The spatial topology of each time node in the
spatiotemporal structure of network traffic data is defined as graph G, where ¥ represents
the set of all network nodes in the topology, V' = {vi, vs, ..., v}, Among them, |V] = N
represents that the number of nodes in the topology graph is N, E represents the set of
edges connected by nodes in graph G, in the field of network flow, it represents the
connectivity between network nodes, and A € RV is the matrix of connected nodes in
network topology graph G. Each node in topology G will receive N time series data at a
fixed time, forming a feature vector of length N. The traffic values between all nodes
obtained at this time form an N — N time dimension traffic matrix (Chen et al., 2020).
This graph-structured representation of network traffic is directly integrated into the
REISE model’s GNN module, where it enables the capture of complex spatiotemporal
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dependencies and connectivity patterns essential for analysing live-streaming traffic
dynamics.

Assuming there are N router nodes in the network, the N x N traffic matrix is
represented as TM. The actual measured traffic matrix sequence is TMy(¢ € [1, T]), where
T is the total measurement time period. Using historical data (TM,«, TM, k1, ..., TM: 1)
(k € [1, 1]), the predicted TM, is obtained:

o T, ... T,
i, T, ... T4

TM; _ 2,1 2,2 2.n (15)
T T oo T

among them, TM, is a two-dimensional array representing the traffic matrix TM of the ¢
time interval. From the above equation, it can be seen that each term of the 7M, matrix is

defined as T}/, T} representing the traffic from the source node i to the destination node j

at time ¢.

The topology information of the network can be represented by graph G, where A
represents the adjacency matrix of the network routing nodes at a certain moment, A
includes all node information and link information of the network routing, and the degree
matrix of the topology nodes is D, which has spatial characteristics. The adjacency matrix
contains node information of the network topology and information about the edges
between nodes. The traffic of the network over time ¢ is represented as TM(¢). The
prediction problem of network traffic can be expressed as:

TM(t+ f)=P(A,TM (t-1), TM (¢t =2), ..., TM(t — h)) (16)

among them, P represents the traffic prediction model, / represents the historical flow
interval time that needs to be analysed to predict future flows, and frefers to the interval
time that needs to be predicted for future flows. Moreover, the traffic of a certain node at
a certain time will have a certain impact on the traffic values of nodes that have a
correlation with this node in the future. Therefore, network traffic has spatiotemporal
correlation, and prediction models need to be able to fully and comprehensively obtain
the spatiotemporal characteristics of network traffic. Since TM is a two-dimensional
matrix, it can be treated as a greyscale image. Thus, the TM prediction issue can be
turned into a time-series prediction problem for greyscale image sequences, enabling
direct prediction of the overall flow matrix.

3.2 Intelligent analysis model design

The intelligent analysis model REISE designed in this study aims to improve the sales
efficiency of rural e-commerce in live streaming environments. It integrates advanced
technologies such as gradient boosting tree (GBDT), SHAP feature selection, and GNN,
and deeply analyses the transmission rules and node characteristics of network traffic.
This model starts from multidimensional data of rural e-commerce live streaming,
including audience interaction behaviour, product display effects, anchor sales language,
network traffic node topology structure, etc. Through a hierarchical and modular
architecture, it achieves accurate identification, quantitative analysis, and real-time
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optimisation of sales efficiency influencing factors and sales strategies. The specific
model structure is shown in Figure 1.

Figure 1 REISE model framework diagram (see online version for colours)
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The data collection module of the model extensively collects various types of data during
rural e-commerce live streaming, and the network traffic monitoring tool obtains
real-time spatial topology data of network traffic nodes, laying a data foundation for
subsequent analysis. The data pre-processing stage performs cleaning, normalisation,
feature engineering, and other operations on the collected multi-source heterogeneous
data, removes noisy data and outliers, unifies data formats and dimensions, extracts
preliminary feature vectors to meet the requirements of model input. The pre-processed
data is first input into the GBDT module. GBDT, as a powerful GBDT algorithm, can
effectively handle nonlinear data relationships and capture complex patterns in data
through iterative construction and weighted combination of decision trees. In this model,
GBDT is responsible for preliminary learning and analysis of multidimensional data from
rural e-commerce live streaming, and identifying key features and factors that affect sales
efficiency. In addition, GBDT can analyse the preliminary characteristics of network
traffic nodes and screen out node features that have a significant impact on traffic
transmission efficiency and stability. By optimising the loss function through gradient
descent algorithm, the GBDT model continuously adjusts the parameters and weights of
the decision tree to improve the accuracy and generalisation ability of prediction,
providing high-quality feature representation for subsequent feature selection and deep
learning modules.

The feature data processed by the GBDT module is further input into the SHAP
feature selection module. The SHAP method adopts a game-theoretic approach to
quantify the marginal contribution of each feature to model predictions by computing its
Shapley value. This mechanism not only identifies the most predictive features but also
minimises the influence of redundant or irrelevant variables, thereby reducing noise and
enhancing model interpretability. By emphasising features that significantly impact sales
efficiency — such as audience engagement levels, product exposure duration, and anchor
speech patterns — the SHAP module ensures that only the most relevant and influential
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attributes are retained for subsequent processing. In the model, the SHAP module
interprets and refines the importance of the features output by GBDT, accurately
identifying the subset of features that have the most impact on improving sales efficiency.
At the same time, the SHAP module can also explain which node connection
relationships and traffic transmission indicators play a key role in the smoothness and
stability of the live streaming process in the characteristics of network traffic nodes. By
filtering and assigning weights to these key features, the SHAP feature selection module
provides more focused and efficient feature inputs for subsequent GNN modules,
improving the overall performance and interpretability of the model. After completing
feature selection, the selected feature data is fed into the GNN module. The GNN module
further enhances the model’s capability to model nonlinear and spatially-dependent
structures by propagating information between connected nodes in the graph. Through
message passing and feature aggregation within the network topology, GNN captures
high-order dependencies and nonlinear influence patterns among network traffic nodes,
which are critical for understanding viewer access patterns, interaction hotspots, and
real-time traffic dynamics in live e-commerce scenarios. The GNN module fully
considers the spatial topology structure of network traffic nodes and the complex
relationships between nodes in rural e-commerce live streaming. Define network traffic
nodes as nodes in the graph, and represent the connection relationships between nodes as
edges to construct graph structured data that reflects the transmission patterns and node
characteristics of network trafficc. GNN can capture high-order neighbourhood
information and global topology characteristics between nodes through message passing
and node state updates in the graph. In the model, the GNN module combines the graph
structure data of network traffic nodes with the business characteristics of rural e-
commerce live streaming, deeply analyses the propagation path and aggregation mode of
network traffic in the network, and how these traffic characteristics affect the viewing
experience, interactive effect, and final sales efficiency of live streaming. At the same
time, it can also discover optimised transmission paths of network traffic between
different nodes, providing guidance for improving the smoothness and stability of live
streaming. In addition, the GNN module can also model the social network relationships
in rural e-commerce live streaming, analyse the interactive communication patterns
between viewers and the influence of opinion leaders, and further explore potential sales
opportunities and marketing strategies. The real-time feedback and strategy optimisation
module of the model is the core link to improve the efficiency of live streaming sales.
This module continuously processes live multi-source data streams — including audience
interactions (e.g., comments, clicks, and dwell time), real-time sales conversions, and
network traffic metrics — to detect shifts in consumer interest and engagement. Based on
these inputs, the system dynamically refines sales tactics, prioritises high-response
products, and personalises recommendation sequences. Simultaneously, it optimises
video stream parameters and content delivery paths according to network node topology
and traffic conditions, ensuring smooth playback and enhanced viewing experiences.
Furthermore, inventory and promotion strategies are adjusted in sync with sales velocity
and stock levels, enabling agile and efficient operations. Through close collaboration
with previous modules, it achieves dynamic adjustment and optimisation of sales
strategies. At the same time, based on the transmission rules and node characteristics of
network traffic, optimise the encoding parameters and transmission paths of live
streaming videos to ensure that viewers can watch live streams smoothly, enhance their
viewing experience and purchase intention. In addition, the real-time feedback module
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can adjust promotional strategies and product recommendation sequences in real-time
based on sales conversion and inventory levels, achieving precise marketing and efficient
inventory turnover. Through real-time monitoring and strategy optimisation of the live
streaming process, this module can maximise the sales efficiency and economic benefits
of rural e-commerce live streaming.

4 Experimental results and analyses

To assess REISE’s effectiveness in enhancing rural e-commerce sales efficiency in
live-streaming settings, we compared it with various classic time series prediction
models. By comparing the performance of REISE with these models in predicting
agricultural product sales trends, optimising inventory management, and adjusting sales
strategies in real-time, the aim is to verify the accuracy and robustness of REISE in
handling complex dynamic data in live streaming e-commerce.

1 Recurrent neural network (RNN): It is a traditional neural network model commonly
used for processing sequential data, but it faces the challenge of capturing long-term
dependencies when dealing with long sequences.

2 Gated reacurrent unit (GRU): A variant of RNN that improves the way information
is transmitted by updating and resetting gates, effectively solving the gradient
problem of RNN when processing long sequences.

3 LSTM and ConvLSTM: Widely used in the field of time series prediction, LSTM
focuses on capturing long-term dependencies, while ConvLSTM incorporates
convolutional structures and is suitable for processing data with spatial structures.

4 PredRNN: Designed ST-LSTM spatiotemporal units that can simultaneously handle
spatial and temporal changes in a unified storage space and transfer states between
different layers.

5 Informer and FEDformer: Both are attention based models and are state-of-the-art
models in the field of time series prediction in recent years.

Table 1 Comparison results of performance evaluation between different baseline models and
REISE model
Models MAE MSE RMSE Fitting state
RNN 4.80 36.89 6.07 Under-fitting
GRU 1.21 2.69 1.64 Fitting
LSTM 1.25 2.77 1.66 Fitting
ConvLSTM 1.06 2.06 1.43 Fitting
PredRNN 0.95 1.61 1.27 Fitting
Informer 0.87 1.42 1.19 Fitting
FEDformer 0.88 1.33 1.15 Fitting
REISE 0.93 1.34 1.16 Fitting

The selection of these comparative models covers different categories from traditional
statistical methods to modern deep learning techniques, providing a comprehensive and
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representative benchmark for the performance evaluation of REISE. The specific
experimental results are shown in Table 1.

Figure 2 Comparison of model performance experimental results (see online version for colours)
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From the experimental results, it can be seen that the REISE model performs well in
terms of prediction accuracy, with MAE, MSE, and RMSE reaching 0.93, 1.34, and 1.16,
respectively. Comparative analysis demonstrates REISE’s superior predictive
performance with significantly reduced error rates across all metrics when benchmarked
against conventional sequential models including RNN, GRU, and LSTM. Compared
with traditional RNN models, REISE reduces errors by nearly 76.46% in MAE
indicators, about 63.86% in MSE indicators, and about 67.48% in RMSE indicators. This
indicates that the REISE model can more accurately predict sales trends when processing
complex live streaming e-commerce data, providing a more reliable basis for inventory
management and sales strategy optimisation. Compared with outstanding deep learning
models such as LSTM and GRU in recent years, the REISE model has reduced errors by
approximately 25.60% and 22.31% in MAE metrics, 49.46% and 46.77% in MSE
metrics, and 30.12% and 29.27% in RMSE metrics, respectively. This further
demonstrates the advantages of the REISE model in capturing complex patterns and
nonlinear relationships in live streaming e-commerce data. In addition, the REISE model
has shown strong competitiveness compared to the attention based Informer and
FEDformer models. Although slightly higher than the Informer model in MAE
indicators, it is comparable to the Informer model in MSE indicators and only 0.03 higher
than the Informer model in RMSE indicators. In terms of fitting state, the REISE model
performs more stably without overfitting or underfitting. This indicates that the REISE
model has better generalisation ability and stability while maintaining high prediction
accuracy. The selection of these comparative models covers different categories from
traditional statistical methods to modern deep learning techniques, providing a
comprehensive and representative benchmark for the performance evaluation of REISE.
In summary, the REISE model outperforms other comparative models in terms of
prediction accuracy, generalisation ability, and stability, verifying its effectiveness and
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superiority in improving rural e-commerce sales efficiency in live streaming
environments.

Meanwhile, in order to verify the contribution of each key component in the REISE
model to overall performance, this study designed ablation experiments. The ablation
experiment evaluates the impact of each module on model performance by gradually
removing key modules from the model to obtain R GBDT, R_SHAP, and R_GNN. The
experimental dataset selected live sales data from a rural e-commerce platform in the past
year, including multi-dimensional information such as audience interaction, product
display, anchor language, and network traffic. Divide the dataset into training and testing
sets in a 7:3 ratio to ensure consistency in data distribution during the training and testing
process of the model. The outcomes of the ablation experiment are presented in Table 2.

Table 2 Comparison of ablation experiment results
Models MAE RMSE R-squared
REISE 1.85 2.63 0.89
R_GBDT 243 3.41 0.78
R_SHAP 2.15 3.07 0.82
R_GNN 2.28 3.24 0.80

Figure 3 Comparison chart of ablation experiment results (see online version for colours)
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From Table 2, it can be seen that the complete REISE model performs the best in
prediction accuracy, with the lowest MAE and RMSE, and the highest R2. After
removing the GBDT module, the model’s MAE and RMSE rose considerably. This
shows GBDT is key for capturing nonlinear relationships and enhancing the model’s
predictive power. Similarly, after removing the SHAP feature selection module, the
model performance also decreased, indicating that SHAP feature selection can effectively
filter out the key features that have the greatest impact on sales efficiency, improving the
model’s focus and efficiency. After removing the GNN module, the model cannot fully
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utilise the topology information of network traffic nodes, resulting in a decrease in
prediction accuracy. This validates the key value of the GNN module in processing
network traffic data and capturing complex relationships between nodes. Through
ablation experiments, we clearly see that each key component in the REISE model makes
an indispensable contribution to overall performance, further demonstrating the
rationality and effectiveness of the model design.

In summary, the experimental evaluation demonstrates the clear advantages of the
REISE model in enhancing sales efficiency prediction within rural e-commerce
live-streaming contexts. By integrating multi-algorithm capabilities — including gradient
boosting, interpretable feature selection, and graph-based learning — the model achieves a
significant reduction in prediction errors across key metrics such as MAE, MSE, and
RMSE. These improvements confirm its ability to handle complex, nonlinear
relationships and dynamic data patterns inherent in live-streaming environments.
Furthermore, the model exhibits strong generalisation and stability, avoiding common
pitfalls such as overfitting or underfitting. Compared to both classical and state-of-the-art
baseline models, REISE not only delivers higher accuracy but also provides a more
robust and interpretable framework for real-time decision support, ultimately contributing
to more effective sales strategy optimisation and inventory management in rural
e-commerce.

5 Conclusions

This paper focuses on the core issue of how to improve the sales efficiency of rural
e-commerce in the live broadcast environment, and proposes an innovative intelligent
analysis model. The model integrates multi-source data such as audience interaction,
product display effects and anchor sales scripts, and uses advanced machine learning
algorithms for in-depth analysis, so as to accurately grasp the needs and behaviour
characteristics of consumers and provide a solid basis for optimising sales strategies. The
innovation of this paper is to propose a multi-dimensional data analysis model, which can
comprehensively and accurately describe the potential needs and behavioural preferences
of consumers. This model not only considers the real-time interaction trajectory of the
audience, but also pays attention to the multi-dimensional effect of product display and
the personalised sales script of the anchor. Through in-depth learning technology, the
model can analyse and predict the live broadcast sales data and market trends, and
provide forward-looking sales forecasts for rural e-commerce. This forecasting ability
can help enterprises reasonably plan inventory, optimise supply chain management,
reduce inventory costs, and ensure timely supply of agricultural products to meet the
needs of consumers. This paper also presents a real-time feedback-based dynamic
optimisation mechanism. It adjusts sales strategies in line with audience emotion and
preference shifts, improving sales efficiency and conversion rates. Overall, this study
offers a novel approach to enhancing rural e-commerce sales in live-streaming settings.
The intelligent analysis model helps rural e-commerce better understand market trends,
optimise sales tactics, and boost operational efficiency. The study is theoretically
significant and provides practical guidance for rural e-commerce, promoting its
sustainable live-streaming development.
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