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Abstract

The rapid expansion of digital commerce platforms has intensified the demand for scalable and intelligent recommendation
systems capable of adapting to dynamic user behavior. Traditional approaches based on conventional machine learning (ML) and
basic collaborative filtering (CF) often exhibit limitations in capturing sequential interaction patterns, handling sparse, large-scale
data, and adapting to temporal variations in user preferences. To address these challenges, develop a scalable data-driven model
that enhances recommendation accuracy through advanced deep learning (DL) mechanisms. The novelty lies in integrating
temporal attention with a gated recurrent architecture and optimizing its performance using a bio-inspired optimization strategy.
The E-Commerce User Behavior Dataset consists of 12,000 records, containing user interaction events such as views, cart
additions, and purchases. Preprocessing includes data cleaning and duplicate removal to ensure temporal consistency and data
quality. Feature extraction is achieved through behavioral and sequential pattern representation using an autoencoder (AE) to
learn latent user features, capturing user preferences and interaction dynamics. The proposed model employs Temporal Attention
-based Gated Recurrent Unit integrated with the Giant Trevally Optimizer (TAGRU-GTO) to sequential user interactions and
emphasizes significant behavioral transitions. The TAGRU component models temporal dependencies while the attention
mechanism prioritizes influential events, and the optimization strategy fine-tunes hyperparameters to improve convergence
efficiency. The model achieves a validation accuracy of 98.7%, a test accuracy of 98.6%, and a test RMSE of 0.74. Implementation
is conducted using Python-based DL methods. Experimental outcomes demonstrate improved recommendation accuracy,
scalability, and robustness compared to baseline methods.

Keywords— E-commerce Recommendation System, Data-Driven methods, Temporal Attention, GRU, Metaheuristic
Optimization, Scalable Intelligence.

1. Introduction
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In connection with the extensive use of interaction data of users, data-driven approaches make it possible to
ensure scalability of intelligence in relation to e-commerce, which helps increase forecasting efficiency and the
decision-making process [1]. Scalability in regard to prediction and modeling of user behavior becomes
possible due to the use of big behavioral data, deep learning models, and representations thereof [2]. In order
to address challenges associated with sparsity, temporality, and dynamics in user behavior that can be
encountered in digital commerce, it is essential to develop appropriate data-driven solutions [3]. Innovations
in IoT, cloud computing, and edge computing can ensure better results in data analysis and intelligent
personalization [4]. Several problems exist with ML techniques and traditional collaborative filtering (CF), such
as high time complexity and poor generalization properties [5]. Despite the scalability of foundation models
due to pre-training and adaptation processes, several issues arise from computational cost, interpretability, and
domain-specific requirements [6]. Conventional click-through rate prediction algorithms, namely Logistic
Regression, simple recurrent neural networks, and collaborative filtering, ignore time dependency, time lags in
collecting data, and the changing nature of users' interests, hence their poor predictive ability [7]. Traditional
CE, MF, and DL techniques have faced various shortcomings, including lack of dense and implicit data [8]. These
techniques fail to consider hidden characteristics of users as well as higher-order feature interactions.
Additionally, they lack dynamic analysis of user behavior in online environments.

Research Aim: To develop a scalable and effective recommendation system capable of accurately forecasting
user preferences by employing a TAGRU to model user behavior as sequences. When it comes to capturing
temporal relationships and dynamics in user behavior, this technique is very effective. Additionally, the model's
parameters have been optimized using the GTO technique, which draws inspiration from biological phenomena.
The issues about data sparsity and other challenges have therefore been resolved. TAGRU-GTO optimizes
sequential recommendation accuracy using an attention and optimization strategy.

Research Organization: Section 1 introduces the need for scalable recommendation systems in modern e-
commerce environments. Section 2 reviews existing research on recommendation algorithms, deep learning
methods, and optimization techniques. Section 3 describes the proposed TAGRU-GTO model that includes data
pre-processing, feature extraction and model construction. Section 4 describes the experimental setup and
evaluation process used to assess performance. Section 5 reports and analyzes the results obtained from testing
the proposed algorithm, highlighting its effectiveness and improvements over baseline methods

2. Related Works

The research papers conducted recently with the use of Al concerning cloud computing, data engineering,
sustainability, agricultural technology, and e-commerce have been listed in Table 1. Herein, the objectives,
methods used, achievements, and limitations encountered within these research papers have been highlighted.

Table 1: Summary of Al-Driven Research Methodologies and Outcomes

Ref | Objective Method Result Limitations
Analyze the evolution of Al Main path analysis and science [dentified key themes Lac.ks e.mplrlcal .
[9] . . , and recommender validation and real-time
knowledge in e-commerce mapping techniques : . . .
systems' dominance system implementation
Model social temporal Multi-behavioral Unified Social E- Imprc.)ved.a.ccuracy Increaseq model
. o . .| explainability, and complexity and
[10] | behavioral dynamics in commerce (MUSE) integrates multi- . - - .
: . computational efficiency | scalability evaluation
recommendations graph attention temporal networks . .
achieved are limited
Analyze factors influencing . . . P.erc.e}ved value. Limited sample diversity
; Free simulation experiment across significantly drives
[11] | continued e-commerce . and real-world
three platform types continued usage L
platform usage : . validation
intention
Model dynamic long short- Hierarchical attention with unified Improved accuracy over Higher cqmplex1ty and
[12] . state-of-the-art baseline computational cost
term preferences sequential framework . o
models during training
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Improve dynamic

Multi-Level Hierarchical Attention

Enhanced performance

Computational
complexity and real-

[13] | recommendation using RL Mechanism Deep Reinforcement validated on three public .
o time deployment were
personalization (MHDR) and transformer layers datasets
not analyzed
. . . Improved accuracy and Evaluation lacks
Address sparsity cold startin | Combine K-means++ Spectral . .
[14] . . . ; robustness over scalability analysis
recommendations Clustering with a hybrid GRU model .
benchmark methods across diverse datasets
Limited datasets,
Enhance session GRU attention integrates short and Improved Recall@20 generalization, and
[15] | recommendations using across MovieLens, Steam, o
k long-term preferences and Amazon datasets scalability have not been
dynamic latent context extensively evaluated
CF, MF, Reinforcement Learnin . . . .
Improve e-commerce (RL) § Higher conversion, [t Depends on historical
[16] | personalization and ’ retention, and reduced data, limited real-time

operational efficiency

Natural Language Processing (NLP),
Al

error rates

adaptation

2.1 Research Gap: High computational costs, lack of scalability for real-time usage, and requirement for
additional information are the shortcomings of existing methods, including SGNN [11] and MHDR [13]. These
limitations prevent the adaptation of the methods in changing electronic commerce scenarios. To overcome
these limitations, the proposed approach of TAGRU-GTO resolves these limitations, through adaptive learning,
unified cloud integration, and robust data preprocessing techniques.

3. Methodology

Figure 1 shows the TAGRU-GTO for e-commerce applications. The system includes the process of data
preprocessing, feature extraction, and temporal learning by using an attention-based GRU. The system also
optimizes the parameters using the GTO algorithm. Evaluation metrics show that the accuracy is enhanced and
the prediction errors are minimized.

Dataset Layer Data Preprocessing Layer Feature Extraction Layer

E-Commerce User Behavior Dataset

— —_—

Data Cleaning Duplicate Removal Auto encoders

/ | ‘ TAGRU-GTO INTEGRATION ‘ * }

Temporal Attention-based Gated Recurrent Unit (TAGRU)

\

Giant Trevally Optimizer (GTO)
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Figure 1: TAGRU-GTO-Based E-Commerce Recommendation Framework Architecture

3.1 Data Collection

The E-Commerce User Behavior Dataset consists of 12,000 user interactions on an e-commerce site that contain
multiple categories of information. Product viewing, product search, Wishlist addition, cart addition, purchase,
browsing time, traffic sources, devices, product category, cost, discounts, ratings, and other user engagements
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are included. In this session-based case, each sample contains only one interaction from a specific user towards
the item. In the current case, the dataset can be utilized for understanding users’ behaviors and purchasing
patterns by category. In order to construct an intelligent recommendation model, a set of realistic samples was
chosen, and time-aware technique divides data into 80% for training and 20% for testing.
Kaggle: https://www.kaggle.com/datasets/colabsss/e-commerce-user-behavior-dataset
3.2 Data Preprocessing
Preprocessing includes data cleaning and duplicate removal to ensure data consistency, eliminate redundancy,
and improve overall data quality for analysis.

¢ Data Cleaning for Quality Assurance
Data cleaning procedure to provide high-quality input data suitable for scalable use in recommendation
systems. The procedures include choosing data sets, merging datasets, identifying mistakes, eliminating
duplicates, and guaranteeing the precision of the information gathered. Any missing data is filled in using
statistical or predictive techniques. The data must then be transformed for analyzed.

¢ Duplicate Removal for Data Consistency
By identifying and eliminating duplicate cases, such as duplicate user interactions, duplicate transactions, or
duplicate features, the removal of duplication is a crucial preprocessing approach that guarantees the high
quality of the data collection. When training models, this method helps to prevent bias, eliminate redundancies,
and encourage consistency. Record linking, hashing, and exact matching are some of the methods used to
eliminate duplication.
3.3 Feature Extraction using autoencoders
An unsupervised DL model called AE maps the input into a low-dimensional latent space and then reconstructs
it back to the original input in an effort to learn the compressed version of the input. This model was used
because it was very appropriate for data-driven intelligent systems and could extract significant characteristics
from complex data sets with little noise and redundancy.
zZ= O-(Wencoderx + bencoder) (1)
In Equation (1), z is a latent vector that represents significant data, o is the activation function that makes
learning complex patterns possible, W,,coder ANd bencoder 1S the weight matrix used to determine the
significance of features during encoding,
x input feature vector that represents the unprocessed system data, b, .04 Bias vector for adjusting the output
of feature transformation, We,,coqerX + Dencoder input is mapped linearly into latent space.
X = 0(WaecoaerZ + baecoder) (2)
Equation (2) represents X output recreated to be close to the input, Wy, ,q4erZ is the linear transformation
decoding latent representation into feature space, WyecoderZ + Paecoder 1S the linear transformation to help
reconstruct the data from latent space.
L, %) =llx =% I3 (3)
In Equation (3), L(x, X) is the reconstruction loss function that quantifies the discrepancy between inputs and
outputs, || x — X || calculating the separation between the input and its reconstruction. x is the system dataset's
first input data vector, ¥ and x are the autoencoder network's output data vector. The squared Euclidean
distance between the input and output vectors is represented by || x — £ ||3
3.4 Temporal Attention -based Gated Recurrent Unit integrated with the Giant Trevally Optimizer
(TAGRU-GTO)
An approach involving the design of a hybrid DL network called TAGRU-GTO is recommended for exact time
series prediction. This process is capable of identifying long-term dependencies within the datasets and can
learn from the sequential information through TAGRU. To ensure that the network focuses on the critical
information contained in the sequences, TA is employed to assign weights to each time instance.
Hyperparameters like learning rate and hidden units are optimized using GTO, which helps the network achieve
better convergence.
3.4.1 TAGRU Model for sequence modeling and prediction tasks
The TAGRU model integrates GRU with an attention mechanism to capture sequential dependencies and
highlight important temporal variations in user behavior. By assigning higher weights to significant time steps,
it focuses on relevant interactions while reducing the influence of less important information, thereby
improving prediction accuracy.

¢ GRU for modeling sequential and time-dependent data
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The artificial neural network architecture known as the GRU is designed for modeling time-series or sequential
data through a data-driven approach. By using a gate that allows information flow between past inputs and new
inputs, it is designed to identify temporal relationships from the input data.
ze = oW, - [he—q, x¢]) (4)
In Equation (4), z; gate that regulates the information flow in a time step, ¢ is the sigmoid function that
produces gate values between 0 and, W, is the weights that acquire the ability to calculate update gate settings,
t current time step in sequential data processing or temporal modeling, h;_;, x; combines the current input
with the prior hidden state, h;_; is the previous time step's hidden state, x; is the current time step input. W -
[h¢_1, x¢] is the linear transformation generating update gate signal for GRU computation.
1t = oW - [heoq, X¢]) (5)
Where r is the reset gate for GRU architecture memory filter control, r; is the reset gate to regulate the use of
past data, W is the weight matrix for reset gate parameter learning, W, - [h;_4, x;] is the calculating the reset
gate signal using linear transformation are presented in Equation (5).
he =1 = z)* hyy + 2, % he (6)
In Equation (6), h; is the temporal memory update-containing hidden state, z; is the gate that regulates the
impact of both new and existing states,1 — z; an inverse gate that regulates the impact of past experiences,
h,_, an ancient hidden state that contains historical sequence information, A, is the potential hidden state for
the computation of new temporal features, (1 — z;) * h,_, is the word that influences historical memory, z; *
h, is the phrase for adding fresh data to the existing state.
e Temporal Attention Mechanism for time series prediction models

The principle of adaptive weighting of previous user actions is applied in temporal attention models within the
methods of sequential recommendation for emphasizing activities that would be useful in forecasting future
behavior. Temporal attention is concentrated on the transitions of behavior that take place at different times,
with appropriate weights assigned based on previous actions.

¥ = softmax(tanh(W,S{)) (7)
Equation (7), The attention vector for user u at time t is the computed. A} is the Attention weight vector
indicating the importance of each past action of the user, Softmax normalization of scores into probability
distributions, tanh squashes values between -1 and +1 to capture intricate temporal dynamics, W, is the
learnable weight matrix projecting hidden states to attention scores. S is the sequence of hidden states
generated by the GRU encoder, capturing latent patterns in user interactions.
3.4.2 Giant Trevally Optimizer (GTO) for hyperparameter tuning
Meta-heuristic for hyperparameter optimization for an ML recommendation system that is inspired by nature
is known as the GTO. It involves three main stages that simulate the hunting behavior of giant trevally fish. They
include the exploration stage, choosing area stage based on the mean value and the optimal position in the
population, and lastly, the attacking stage, in which the process of exploitation behavior is simulated.
X(t +1) = BestP X R + ((Maximum — Minimum) X R + Minimum) X Levy(Dim) (8)
In Equation (8), X is the vector of solutions to update in each step of the optimization process, (t + 1) is the
current iteration number, representing the step in the optimization process, BestP location of the best solution
obtained when searching the search space, R is a randomly generated number which controls the stochastic
movement of the search space, Maximum is the maximum limit which sets the maximum limit to the search
space, the minimum limit which fixes the Minimum limit of the search space, Levy the large moves in the search
space made using the Lévy Flight distribution, Dim dimension of the problem defining the solution vector.

Algorithm 1: TAGRU-GTO for Advanced Time-Series Prediction Model

1. Input:
a. System dataset D(time-series signals and features)
b. Training epochs E
c¢. GTO population size P
2. Output:
a. Predicted values ¥
b. Trained TAGRU-GTO model M
3. Begin
4. Load and Preprocess Data
a. Load datasetD
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b. Normalize features using standard scaling
5. Feature Extraction (Autoencoder)
a. Train autoencoder to extract latent features F
b. Encoder: z = a(Wx + b)
c. Decoder: £ = a(Wz + b)
d. Reconstructionloss: L =] x — £ ||?
6. TAGRU Model with Temporal Attention
a. Initialize GRU and attention parameters
b. For each epoch and feature vector in F:
i. Update GRU hidden states: h; = f(h;_q, x;)
ii. Compute Temporal Attention: A; = softmax(tanh(WS,))
iii. Predict output Yand compute loss: L =|| Y — ¥ ||?
iv. Update TAGRU parameters
7. GTO Hyperparameter Optimization
a. Generate candidate hyperparameters
b. Evaluate fitness for each candidate
c. Update population using: X(t + 1) = BestP + R + Levy
d. Repeatuntil convergence
8. Final Training and Prediction
a. Train TAGRU with optimized hyperparameters on full feature set F
b. Generate predictions Yusing trained model
9. Return: Predicted values Yand trained model M
End

The stages of data preprocessed by normalization, feature extraction by using an autoencoder, sequential
modeling using Temporal Attention based GRU, and optimization using GTO for improved predictions are all
included in the suggested TAGRU-GTO model. Before being transformed into valuable latent features, raw data
is preprocessed and standardized. GRU and attention approaches can be used to obtain temporal relations and
important time steps using these latent features. Finally, optimization is carried out to increase the model's
accuracy. The overall methodology is summarized in Algorithm 1.

4. Result and Discussion

With effective user behavior simulation through GRU-based sequence learning and time attention techniques,
the proposed TAGRU-GTO based recommendation model improves the efficiency of sequential
recommendation systems compared to classic methods such as collaborative filtering and matrix factorization.
The training process and hyperparameter tuning are done with an efficient GTO. The model is implemented in
Python on the Windows platform. Training Accuracy (%): The percentage showing the accuracy of the
prediction for the user preferences based on the training dataset. Validation Accuracy (%): The ability of the
algorithm to perform effectively when exposed to unseen validation samples during the training process. Test
Accuracy (%): Prediction performance on the unseen test data consisting of interactions by e-commerce users.
Training RMSE: Shows the level of error when predicting the preference using the training dataset. Root Mean
Square Error (RMSE): Validation RMSE: It shows errors made during the prediction of validation samples
ensuring that the model is stable and does not overfit. Test RMSE: This is an estimate of error made in the final
predictions of test data; low RMSE indicates high accuracy.

Data feature exploration: Figure 2 demonstrates user transition activities within the platform. Figure 2(a):
The transition pattern from action taken initially to the resulting outcome. Product View makes the largest
percentage contribution (*42%), followed by Search Click (*31%), Add to Cart (*18%), Purchase (6%), and
Add to Wishlist (*3%). The majority of the activities lead to the View result (x65%), followed by Add to Cart
(#22%), Purchase (*8%), and Ignore (*5%). Daily average session length from Figure 2(b) in the year 2024
ranges between 1900 seconds and 3500 seconds, with an average of about 2750 seconds, showing that user
interaction is consistent and steady throughout the period of observation.
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Performance evaluation using the Existing dataset: The proposed TAGRU-GTO was trained on the public
datasets from e-commerce sites such as the Amazon Product Review Dataset, Instacart Market Basket Dataset,
and Retail Rocket Recommender System Dataset [16], the model outperforms all competing models in terms of
performance metrics. This model obtains a 96.7% testing accuracy, which shows a good capability of the model
to generalize results are presented in Table 2 and Figure 3. The model possesses 97.2% training accuracy, the
lowest training RMSE score of 0.94, which suggests an excellent performance for training.

Table 2: Performance Comparison of Models Using Accuracy and RMSE

;{Ei::;;ng’ Xiztlracy Training | Test Validation Xilcl:::;(;n

Method (%) (%) RMSE RMSE | RMSE (%)
Collaborative Filtering (CF) [16] 81.5 78.8 1.40 1.46 1.43 79.5
Matrix Factorization (MF) [16] 84.0 80.9 1.25 1.29 1.27 82.0
Fle;]‘forceme“t Learning (RL) 85.0 81.4 1.27 131|129 82.8
Neural Collaborative Filtering

(NCF) [16] 86.8 83.8 1.15 1.20 1.18 84.0
HRL-CMF [16] 95.9 95.6 1.02 1.07 1.05 95.7
TAGRU-GTO [proposed] 96.9 96.7 0.94 0.93 0.96 97.2
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Performance evaluation using the E-Commerce User Behavior Dataset: Both the proposed and existing
methods were trained on the E-Commerce user behavior dataset. The TAGRU-GTO model has the maximum test
accuracy (98.4%) along with the training (0.77) and validation (0.75) RMSE measures, as shown in Table 3. The
proposed model shows superiority to other baselines in terms of generalization and prediction accuracy.

Table 3: Performance Comparison of Models Using Proposed Dataset

Training Validation | Test . .
Training | Validation | Test

Method Accuracy Accuracy Accuracy RMSE RMSE RMSE

(%) (%) (%)
Collaborative Filtering (CF) 88.6 86.9 85.8 1.28 1.31 1.27
Matrix Factorization (MF) 91.2 89.4 88.3 1.12 1.15 1.11
Reinforcement Learning (RL) 92.5 90.8 89.7 1.10 1.13 1.09
Neural Collaborative Filtering (NCF) | 94.3 92.6 91.8 1.02 1.05 1.01
HRL-CMF 97.8 97.4 97.1 0.88 0.91 0.87
TAGRU-GTO [Proposed] 98.4 98.7 98.6 0.77 0.75 0.74

Discussion: The existing methodologies [16] are computationally expensive and can't be applied for real-time
applications. They have poor generalization capabilities as well. The use of these approaches in the highly
volatile domain of e-commerce is hampered by these drawbacks. The TAGRU-GTO approach enhances its ability
to provide present recommendations using an effective strategy to overcome these problems.

5. Conclusion

The TAGRU-GTO model that has been proposed improves the efficiency of recommendation systems by
combining TA along with an optimizer for GRU using the GTO. The model successfully manages to learn user
sequences and focus on important user interactions, which results in better predictions. Experimental results
indicate that it shows well performance with respect to validation accuracy at 98.7%, test accuracy at 98.6%,
and test RMSE at 0.74, proving itself as better than traditional approaches like ML and collaborative filtering
approaches for recommendation systems in a large-scale e-commerce context. However, some limitations have
also been pointed out for this research work. It depends solely upon the use of one dataset from the e-commerce
domain. In addition, the model incurs a high computational cost during the optimization process. Moreover,
some issues may also be faced in scaling it in large-scale and real-time application scenarios. Future directions
will include real-time adaptive learning, multimodal user interaction modeling, and transformer-based models.
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