RESEARCH PAPER

An Optimized TIART Model with Bidirectional GRU for Accurate Rural E-
Commerce Priority Factor Forecasting

Dr.N.Penchalaiah,M.Tech,Ph.D!, Ch.Leelavaishnavi?

! Professor Department of CSE Audisankara College of Engineering and Technology, Gudur,India
’M.Tech Student, Department of CSE Audisankara College of Engineering and Technology, Gudur, India

ABSTRACT

Lack of digital infrastructure, logistics, digital skills and confidence in online money transfer is a challenge to e-commerce
development in the rural areas. The policies and initiatives that touch on the rural digital divide must be informed by
priorities. This paper incorporates the Bidirectional Gated Recurrent Unit and a version of Tri-Stage Integrated Attention
Residual Transformer (TIART) to find the priorities of rural e-commerce. Dynamic Feature Scaling/Adaptive Relevance
Framework: A balanced Synthetic Distribution A balanced synthetic distribution can be offered by an adaptive feature
relevance framework that generates redundant features and encourages interpretability to address data imbalance, noise,
and outliers. GRU layer makes certain that prediction and representation in the contextual feature learning of the bi-
directional are increased using the layer of bi directional. TIART + BiGRU model has reduced MSE, MAE, and RMSE as
well as increased R2 0.9977 in the dataset Germany Bavaria Rural E-Commerce. The Flask based web application forecasts
the real time priorities along the policymaking. Its findings indicate that the extension is valid, expandable, and accurate in
terms of estimating how far the development of rural e-commerce can go and whether it is possible to start the data-driven
programs that will lead to the increased digital inclusion of the rural population
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INTRODUCTION
The e-commerce of rural areas is a requirement in the equity
economic development as it is characterized by the

technological and social interventions which target the rural
environment.

possibility to increase the household income, diminish the
costs of transactions, and create other markets. The
mentioned findings can be substantiated with recent
empirical research indicating that the development of the
infrastructure of the e-commerce renders markets more
convenient to reach and less reliant on traditional
intermediaries in rural and underprivileged communities
[1]. The digital platforms are useful in the value chain and
sustainability in the rural economies, since they allow
producer to consumer connectivity in rural economies.

It is also the fact that, there are systems in which the rural
e-commerce is preferred, even though it may be superior.
The farmers in the rural areas do not have access to the
internet, marketing machinery, online knowledge and
digital devices. The initial pandemic-related research
indicates that rural and urban companies respond online to
the pandemic differently, hence the need to have digital
infrastructure and readiness [2]. These disparities need both

In developing and expanding economies, there are no
logistical networks, policy support, and digital payments
available in remote and rural places. The e-commerce can
accelerate the development of the rural economy but this
should be coupled with concerted efforts in digital
infrastructural, logistical, and enabling institutional
investments [3]. This is revealed in the BRICS research. It
is therefore by a juxtaposition between resource distribution
and policy mediation that digital platform can replace the
role of supporting the rural economies by engaging primary,
secondary and tertiary business [4].

Rural e-commerce that will provide better transparency and
trust is also the cause of infrastructure problems. The fraud
and online e-commerce has ruined customer confidence in
the streaming and in e-commerce, particularly in the rural
region which relies on technology extensively [5]. The
issues of trust that are posed by rural e-commerce require
solutions, and they must be worked out with the help of the
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data-based procedures, and regulatory frameworks that may
consider and prioritize the rural e-commerce nature.

The challenges posed by these problems indicate that more
advanced prediction algorithms are required in order to
identify the factors, which influence the formation of rural
e-commerce. The stakeholders and the legislators can use
these models to help the rural economic development,
logistics, and bridging the digital divide programs.
Literature Survey

The ant colony algorithm of rural e-commerce logistics of
the Xuzhou City that specializes in fruit and vegetable
products was studied with the help of the third-party
distribution model. The problem of third-party distribution
model is examined through the creation of a model. With
the assistance of ant colony, MATLAB solves the shortest
path and cost. The model is assessed against a number of
conditions and the issues of cost and efficiency discussed.
Lastly, the urban and rural setting can access the third-party
distribution systems. This improves the distribution
performance and lowers the logistics cost. In the rural areas,
e-business is encouraged in the country [6].

The lack of differentiation in competition, failure to update
digitally and single marketing plan would hamper rural e-
commerce and revitalization. Rural e-commerce should be
concentrated on digital growth in a way that they can revive
the rural and general wealth. According to 1387
questionnaires, the study estimates the willingness of rural
e-commerce to go digital in Zhejiang and the effects of the
same through the planned behavior theory and structural
equation modelling. The second and the most important
predictor of the willingness to upgrade is the subjective
norm and the third is the attitude towards behavior. This
could be affected by the ratio of online sales/ online revenue
that encourages rural e-merchants to improve their online
platforms [7].

Critical quality indicators are to be tracked and discovered
in order to improve the traceability, transparency, cold chain
logistics sustainability and safety of the table grapes. In
order to identify the cold chain logistics quality indicators,
the paper utilized the application of a Wireless Sensor
Network (WSN) to trace the real-time changes in
temperatures and correlate the data. Three experiments
were used to evaluate them. Firmness and moisture loss at
the critical temperature were observed in Experiment I to be
the most significant parameters since the experiment was
carried out using 0 C to 30 C. The Pearson correlation
coefficient of the largest values with sensory rating was
larger than 0.9. According to sensory testing, the stiffness
and moisture loss at the maximum temperatures in

Experiment II were found to be Pearson correlated with a
value of above 0.9. The third experiment revealed that a
firmness-based evaluation model was superior in predicting
the shelf life relative to the moisture loss rate-based model
and Arrhenius kinetic equation was a suitable method in
predicting the quality of table grape. The customers will
have access to the real-time tracking and monitoring of the
cold chain logistics quality features to provide the most
appropriate table grapes [8].

E-commerce helps to increase business internationally. In
this reading, e-business, e-marketing and e-commerce are
outlined. Although the most usual application of e-
commerce is the business-to-consumer transactions, it can
also be used to portray customer affiliations. The e-
commerce needs the internet tools and technology that also
has its pros and cons. E-commerce is also part of this e-
markets, e-platforms and globalization research. In the
quest to generate homogenous populations of e-buyers, the
authors conclude by stating the sales, marketing, and
customer services KPIs that require implementation by e-
sellers to develop their e-commerce strategy and age
segmentation needs [9].

The market players will be able to track the decentralized
digital transactions with the assistance of blockchain
technology (BT). Due to the decentralization and strength
of blockchain, information is safe and confidential. ML
applies big data in order to come up with precise insights.
Because machine learning is sensitive to the confidentiality
of the data, data combination, and reliability, blockchain
technology and machine learning has emerged a unique,
innovative, and trendy research topic. Machine learning
(BT-ML) and blockchain technology have been applied in
other applications to promote integration and privacy and
assist decision-makers to obtain information on data. The
review of the studies on BT-ML pairing in the Internet of
Things, e-commerce, healthcare, and smart transportation is
presented in the paper. The essay covers the strengths and
weaknesses of combining blockchain and machine learning.
We examine both the merits and demerits of the current BT-
ML integration strategies. The future and present research
of BT-ML scholars is illuminated in this paper [10].

Existing System

The majority of the research paradigms of e-commerce in
rural areas are analytical and statistical that investigate
customer engagement, platform communication and
interaction in the online world. Surveys and use of rule
based models is used to study user behavior, trust and
technology adoption. This can be explained by the inability
of the methods to collect high-dimensionality and multi-
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factor rural e-commerce data and dynamic changing digital
ecosystems because they have fixed evaluation strategies
and manual interpretation of features [11]. They can avail
user perception data and user engagement.

The available solutions assess e-commerce and rural digital
solutions on the basis of machine learning and deep learning
and forecast and automate. Internet-based trading systems
and smart agriculture are used to identify patterns of
platform-based and sensor-driven data with the help of
neural-inspired computer models and data analytics. In
rural e-commerce, the data are sparse, unbalanced, and
noisy, which means that the models are not as resistant to
such data [12]. Therefore, the current approaches are not
flexible, scalable besides the capability of predicting the
priority factors particularly in rural areas where limited data
will be utilized.

Proposed System

In order to counter such limitations of country e-commerce
study, a Bidirectional Gated Recurrent Unit (BiGRU) and
an enhanced Tri-Stage Integrated Attention Residual
Transformer (TTART) model is capable of providing correct
predictions of priority characteristics. According to the
study, online commerce, with the inclusion of multifactor,
is emulated by data-driven and deep learning systems in
which non-linear relationship as well as context association
cannot be determined through conventional analytical
methods [9]. Bidirectional sequence modeling, attention,
and residual learning will be applied to the formation of the
rural e-commerce in order to enhance the precision and
flexibility of the prediction.

This approach takes into account the information about the
rural e-commerce with the information about the household
income, trust, logistical efficiency, knowledge of Internet
transactions, and Internet connection. Dynamic Feature
Scaling Transformation also balances the feature
distributions and removes outliers before training the
model. To fill the gap in the knowledge and imbalanced
state of affairs in the country, ASDB offers representative
synthetic samples in an attempt to achieve a higher level of
generalization [8].

The redundant and unneeded features are eliminated at the
expense of the most important ones with the assistance of
Adaptive Feature Relevance Framework (AFRF).
Optimisation of features is more interpretive and minimises
the cost of processing. TIART architecture constructs
attention layers on the basis of paying attention to key
variables to compute this new feature set, residual
connections to learn deep feature as well as transformer
blocks to further learn feature interaction. To have a

superior contextual learning, a bidirectional GRU layer gets
rid of forward and backward features and amplifies
representations.

The proposed method is better than machine learning
baselines and makes use of the regression measures such as
R2 score, MSE, MAE and RMSE. The trained framework
is fetched in the form of a Flask web app to predict
stakeholder and policymaker preferences on an on-demand
basis. The suggested strategy will offer the long-term
planning of the digital inclusion and informative, scalable,
and effective rural e-commerce on the latest designs of deep
learning and its physical application [10].

Related Work

In the last decade, scholars have conducted a survey on the
increase of rural e-commerce and its impact on the rural
income, market accessibility, and digital inclusion. The
former two performed the statistical analysis and
econometric models to examine the nexus between the
income level of the rural households and the e-commerce
adoption. Irrespective of the macro-level output of such
strategies, they failed to imitate the nonlinear behavioral,
infrastructural, and socioeconomic networks to foster e-
commerce in the rural region [1], [3]. The classic statistical
methods of forecasting and detection of meaningful traits
failed as the rural digital ecosystems got even more
intricate.

In order to address such obstacles, scholars are conducting
scientific studies on the rural e-commerce web pages using
data and machine learning processes. Action modeling of
the survey-based action modeling and regression-based
forecasting [2], [7] was used to model the rural digital
givenness and logistics performance and adoption
willingness. Such models performed better than statistical
models as a prediction using manually constructed and
balanced data sets. The information on rural e-commerce is
delicate and sparse, uneven and noisy to the extent of
making it difficult to generalize the conventional machine
learning models.

In the present analysis, the increased e-commerce
conditionalities are described with references to deep
learning and strong Al. Through the help of the hybrid
modeling schemes, based on the combination of the multi-
stage and temporal learning in the digital commerce and
industrial development, it is possible to achieve the best
predictions [19]. Although machine learning prediction
models require massive amounts of data and preparation, it
outperforms other methods, and has been applied to
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comprehend how small and medium-size business
enterprises are adopting e-commerce [17]. The strategies
are not as efficient in the rural regions where there is no
information and quality.

The survey confirmed that online trade is starting to be
linked with customer experience, confidence and openness.
In rural e-commerce site, the problem of trust is also
considerable because it was considered in the online
interaction and online fraud [5]. Most of the modern deep
learning models can process high-dimensional data in the
rural e-commerce systems, yet they cannot handle
contextual learning systems, feature prioritization and
imbalance. Attention system architectures built on
transformers and bidirectional learning must work and scale
well as a priority factor projection of importance in the rural
e-commerce design.

Methodology

The progressive, predictive, and information-based solution
preempts the rural e-commerce development goals. It is an
unbalanced, sparse rural data, which is of high dimension to
locate and predict meaningful values in this combination of
variables including family income, internet penetration,
logistics performance, and the trust in online transactions.
TIART and BiGRU enhance learning properties, contextual
dependency modeling and forecasting.

A. Data Collection and Priority Factor Identification

The Bavaria Rural E-Commerce data set in Germany
includes socioeconomic, behavioral and infrastructure
designs that influence the adoption of online commerce in
rural settings. During rural operation, there are not many
transactions and a wide array of data sources, which reduces
the possibility of representative sampling. The elements of
priority have to be identified to reduce the dimensionality
and focus on the problems concerning rural e-commerce. To
draw the design digital policies and the rural market, it is
required to determine the salient adoption characteristics
[17].

B. Data Preprocessing and Feature Engineering

Data integrity and learning credibility are provided via
preprocessing. Outliers and extreme values are eliminated
from rural economic data by using Dynamic Feature
Scaling Transformation (DFST). In order to maintain
feature connections, missing and inconsistent entries are
handled. Multi-factor socioeconomic systems that take
infrastructure, wealth, and trust into account must be used
to preprocess the results of digital commerce [8]. Step

modifies data for deep learning while preserving the
characteristics of rural e-commerce.

C. Data Balancing and Feature Selection

The Adaptive Synthetic Distribution Balancing (ASDB)
uses synthetic data points to create representative data
points to enhance model generalization and address class
imbalance and underrepresentation on rural samples. The
important ones are retained in an adaptive feature relevancy
model, whilst unnecessary ones are removed. Rural data
volumes need to be simplified to contain little useful
information so that characteristics of relevance are
enhanced and the costs of computing are minimized [19].

D. Priority Factor Prediction Using TIART Model

TIART architecture provides easy forecasting. Transformer
blocks maintain discrete feature distribution, improvement
of communication of features and dynamic attention on
rural e-commerce aspects. Transformer-based learning is
superior to regression and rule-based systems in the case of
long-range nonlinearity and dependence in rural digital
commerce systems [10]. TIART models are
computationally robust predictors of priority factors.

E. Bidirectional GRU-Based Model Extension

Since the GRU layer of the TIART model is bidirectional,
it makes use of contextual learning and forecasting
precision. BiGRU is able to generate high-quality
contextualized representations with the trade-off of forward
and backward feature processing sequences. Bidirectional
filtering is also effective in improving prediction in a non-
unidirectional feature interdependency in complex rural
settings where noise and missing data occurs [17].

F. Model Evaluation and Deployment

The R2 score, MSE, MAE, and RMSE measures of the
proposed technique are used to measure the level of
accuracy of prediction and error repair. The measure of
performance efficacy is possible by comparing baseline
models like XGBoost. Lastly, a Web application trained
with a TIART + BiGRU model will enable stakeholders and
policymakers to make predictions of priority factors in real
time using a Flask-based Web application. The end-to-end
solution will have a robust deep learning and usability to
support data-driven planning of rural e-commerce and the
sustainability of digital inclusion.

System Architecture
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This advanced, scalable, end-to-end system architecture
aids in anticipating the development goals for rural e-
commerce. Data pre-treatment, feature optimization, deep
learning predictions, and live implementation are all
handled by a single pipeline. The architecture has strong
prediction accuracy and can be scaled to high-dimensional,
sparse, and unbalanced rural data.

The input layer receives data on rural e-commerce,
including household income, internet penetration, logistical
performance, awareness, and trust in online

purchases. In this raw data, Dynamic Feature Scaling
Transformation (DFST) minimizes outliers and extreme
values while balancing feature distributions. Gaps and
inconsistencies are addressed concurrently to preserve data
integrity. This gets the data ready for effective deep
learning.

Data balance and optimization are added to post-
preprocessing features. The ASDB transforms low-density
data from rural areas and class imbalances into
representative synthetic samples. After determining the
significance of each feature, the Adaptive feature
Significance Framework (AFRF) removes weak or
unnecessary qualities. Utilizing dimensionality to enhance
interpretability, maximizing rural e-commerce priority
preserves their greatest attributes, and
computational costs.

reducing

The Tri-Stage Integrated Attention Residual Transformer is
used to improve the retrieval of a key prediction. To focus
the model in the beginning, the attention layers dynamically
weight the most important infrastructure and
socioeconomic aspects. In the second step, the residual link
stabilizes deep feature transmission and prevents layer
information degradation. In the third step, transformation
blocks wuse dimensional mixing and cross-feature
interaction learning to find nonlinear connections between
rural e-commerce variables.

To enhance context representation, TIART incorporates a
Bidirectional GRU (BiGRU) layer. The plugin provides
bidirectional contextual learning by calculating feature
order. In order to improve priority factor prediction, reduce
noise sensitivity, and provide quality features, the BIGRU
filters input in both directions.

In order to project the output layer continuous priority
factor, regression measures like as R2, MSE, MAE, and
RMSE are used. A trained TIART + BiGRU model is
realized using Flask. Policymakers and stakeholders can
input test data and receive real-time priority factor
predictions through this deployment layer. To scale,
stabilize, and forecast, the architecture makes advantage of
robust deep learning and rural e-commerce decision-
making.
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Fig 1: System Architecture

Experimental Results

The hypothesis test proved the practicality of TITART model
and TIART + BiGRU in forecasting priority factors of rural
e-commerce. The tests were run using the Germany Bavaria
Rural E-Commerce dataset and were coded in Python and
run in Jupyter Notebook and developed in Flask. The initial
set comprised of 2,489 samples and 19 features. In order to
obtain balanced samples, Adaptive Synthetic Distribution
Balancing (ASDB) was applied to the data to expand them
to 3,733. The Adaptive Feature Relevance Framework
(AFRF) feature selection algorithm that adapts the feature
space to the most relevant properties of the features of the
feature space increased the stability and efficiency of the
learning process.

To compare the performance of prediction the proposed
models were compared with an already existing XGBoost
regression model in terms of the common evaluation

measures of R2, MAE, MSE, and RMSE. R2 score of the
XGBoost model was approximately 0.93 which meant that
there was a reasonable prediction capacity. Big
discrepancies in the worth of the anticipated and factual
priorities, however, can suggest that the intricate connection
features among the features are not being depicted
adequately. The TIART model proposed also significantly
enhanced performance with massive decreases in MAE,
MSE, and RMSE accompanied by an R2 of close to 0.98.
This advancement demonstrates that feature interaction
models that are based on transformers, residual learning,
and attention are effective.

More increase followed with integration of TIART and
bidirectional GRU. TIART + BiGRU extension displayed
the highest overall performance, having an R2 value of 0.99
and the lowest values of all the measures of evaluation. The
model has increased accuracy and consistency of priorities
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factors in prediction and it relies on bidirectional learning
that takes into account backwards and forward contextual
dependencies. Compared to the default TIART architecture,
the enhanced model had a smaller value of loss and less
training and validation loss analysis rate.

There is an improvement in the proposed and extended
models as demonstrated by the metric analysis reports and

demonstrated lower fluctuation in the actual and
approximate priority factors. Lastly, when the test was run
using the Flask web interface in real time, it was confirmed
that the user could successfully upload the test data and
receive the correct rural e-commerce priority estimates
within a short period of time. TIART + BiGRU structure of
rural e-commerce predicting priority factors is a realistic,

comparison performance graphs besides the numerical scalable, and strong architecture, as experimentally

evaluation as opposed to the baseline method. The lower  demonstrated.

values of MAE, MSE and RMSE of the extension model

Comparative Performance
Model MAE MSE RMSE R? Score
Existing 1 575 0.307 0.554 0.935
XGBoost ' ' ' '
Proposed
TIART 0.158 0.07 0.265 0.985
Extension
TIART + | 0.057 0.011 0.107 0.998
BiGRU

From the table, it can be observed that:

Traditional gradient boosting models such as XGBoost are
capable of predicting intermediate priority factors having an
R2 of 0.935 and bigger prediction errors (MAE = 0.272,
RMSE 0.554). Although XGBoost has the capability to
model nonlinear relationships, it does not have the ability to
model the many-dimensional, nonlinear relationships that
might exist between behavioral, infrastructure, and
socioeconomic variables utilized in rural e-commerce data.
The proposed model of TIART has a superior outcome than
the existing strategy since the model has a higher R2 value
(0.985), and the values of errors (MAE = 0.158, RMSE =
0.265). It demonstrates that the architecture with the
transformer approach, residual learning, and attention can
better approximate the interdependence of features of the
cross-feature and priority of the significant rural e-
commerce features.

The TIART + BiGRU model is most effective in terms of
the coefficient (0.998) and comparably low prediction
errors (MAE = 0.057, RMSE = 0.107). The model can
produce high quality features in both directions as well as
minimize the influence of noise, outliers, as the contextual
learning is bidirectional to the Bidirectional GRU layer.

The findings show that transformer based architecture using
the bidirectional sequence modeling is more predictive in
terms of the priorities of the rural e-commerce compared to
the traditional machine learning models. The proposed and
extended frameworks are more predictive and are robust, as
well as scalable, with high-dimensional, sparse and skewed
rural data.

Accordingly, the experimental results demonstrate that the
TIART + BiGRU framework outperforms current methods
in terms of prediction accuracy, robustness, and usefulness
for policy planning and data-driven rural e-commerce
development.

Evaluation Metrics

It is an extremely developed and highly scaled end-to-end
system architecture that helps to pre-empt the development
objectives of the rural e-commerce. All the pipelines are
used in deep learning forecast, pre-treatment of data,
optimization of features, and implementation that takes
place in real-time. The predictive power of the architecture
is high and can be inferred to the high dimensional, sparse
and asymmetric data of the rural areas.

The data of rural e-commerce, household income, internet
penetration, logistical performance, awareness, and trust in
internet purchases are what is entered in the input layer data.
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Dynamic Feature Scaling Transformation (DFST) is used to
transform this raw data to reduce outliers and extreme
values and to spread out features. Any gaps and discrepancy
are contrasted and resolved simultaneously to provide data
integrity. This preconditions the successful deep learning of
the data.

Post-preprocessing features are supplemented with the data
balance and optimization. The ASDB brings low-density
data in the rural areas and the discrepancies within the
classes to representative synthetic sample. Once the
relevance of each of the features is determined, the weak or
unnecessary features are removed with the help of Adaptive
feature Significance Framework (AFRF).
computational costs will be minimized with the help of
dimensionality to increase priority of rural e-commerce,

Minimal

and their best properties will be preserved.

Tri-Stage Integrated Attention Residual Transformer is
employed to enhance the recovery of an important
prediction. The concentration layers are used in the model
to focus the attention on the former and the weight on the
most significant infrastructure and socioeconomic variables
is calculated dynamically. The second is stabilizing the
residual connection which enhances deep feature
transmission, and also eliminates information deterioration
by the layer. The third step involves transformation blocks,
that involve the dimensional mixing and cross feature
interaction learning to acquire nonlinear relationships
among the variable of rural e-commerce.

TIART uses Bidirectional GRU (BiGRU) layer to provide
greater contextualization. The learning that is offered by the
aid of the contextual learning is a bidirectional one and it is
calculated taking into account the order of the features. To
enhance the aspect of prediction of priorities, sensitivity to
noise, and quality feature, BIGRU applies the input in both

in the output layer. Trained TIART + BiGRU model is
acquired through the help of Flask. The layer of this
deployment is used to assist the policymakers and the
stakeholders to input the test data and obtain the real-time
predictions of the priority factors. The architecture
leveraging power of deep learning to scale, stabilize, and
predict rural e-commerce decisions.

Accuracy: Evaluate actual benefits and drawbacks to assess
test dependability. Then comes mathematics.:

(TN + TP)

Accuracy = T

Precision: Accuracy in classification or positive instances
is measured by precision. Accuracy is determined by

applying the following:
Pre cision — TP
recision = (TP + FP)
Recall: The ratio of accurately predicted positive

observations to total positives shows how successfully a
machine learning model detects all classes.

TP

Recall = ————
CAE =N+ TP)

FI-Score: An accurate machine learning model has a high
F1 score. Integrating recall and precision improves model
correctness. Accuracy measures how often a model predicts
a dataset correctly.

(Recall - Precision)

F1=2-
directions. (Recall + Precision)
Regression and as measures, MSE, MAE, and RMSE are
taken in an attempt to predict the continuous priority factor
Evaluation Metrics for E-Commerce Development Models

Model MAE MSE RMSE R? Score
Existing =1 )72 0.307 0.554 0.935
XGBoost ' ' ' '
Proposed

1 . 2 .
TIART 0.158 0.07 0.265 0.985
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Extension
TIART + | 0.057 0.011 0.107 0.998
BiGRU

Rural E-Commerce Intelligence ashboal View Data reproce Irain Model  View Graph

R2Score

Extension TIART + BIGRU

Fig 2 Metrics Analysis Graph
This figure illustrates the comparative performance of Existing XGBoost, Proposed TIART, and Extension TIART +
BiGRU models using MAE, MSE, RMSE, and R? score. The extension model achieves the lowest error values and the
highest R? score, indicating superior prediction accuracy and robustness.

Rural E-Commerce Intelligence f

& Priority Factors Prediction

| Prediction Results

Fig3 Priority Factors Prediction Interface
This figure shows the web-based priority factor prediction  Future work
module, where users upload test data and obtain real-time

rural e-commerce priority score forecasts. The interface  In the context of the further research, the TIART + BiGRU
demonstrates the practical deployment and usability of the  strategy will be taken into account to generalize this
proposed TIART + BiGRU model. approach on the data related to cross-country and multi-

IJDDT, Volume 16 Issue 19s, 2026
Page: 532



An Optimized TIART Model with Bidirectional GRU for Accurate Rural E-Commerce Priority Factor Forecasting

region rural e-commerce to make the method more
universal in socioeconomic and infrastructure contexts.
Priority factor forecasting can be enhanced using the
contextual factors such as local laws, governmental
programs and cultural influences. The model will be made
transparent with the help of Transparent Artificial
Intelligence (XAI), and assist the policymakers in
comprehending how the outcomes of every aspect are
conditioned.

Dynamic and adaptive priority forecasting involves real-
time inclusion of logistical monitoring, mobile transaction
records, and on-line service platform. The mobile and
lightweight edge models can be maximized, through further
studies, in the resource-constrained and remote areas. The
system is able to adjust to the rural e-commerce trends by
using continuous and reinforcement learning to realize the
long-term performance and applicability.

Conclusion

Tri-Stage Integrated Attention Residual Transformer
(TIART) and a Bidirectional GRU were used in the present
paper to assess the determinants of growth in e-commerce
rural. The proposed solution solves the problems of high-
dimensionality rural datasets and data imbalance noise and
the presence of nonlinear interactions between features. The
correct predictions of the learning and priorities factors can
be made with the assistance of dynamic feature scaling and
adaptive synthetic data balance, and feature relevance
optimization.

TIART + BiGRU model has better score in all the
evaluation metrics, including R2 score, MAE and MSE in
addition to RMSE. Application of the model to provide real-
time decision support is shown using the web applications
implemented using a flask. The data-driven countryside e-
commerce planning paradigm population is the right one,
scalable, and policy-sensitive one that improves the digital
inclusion and the rural economy..
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