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Abstract

The rapid expansion of digital commerce platforms has generated large
volumes of transactional and behavioral data, enabling advanced
predictive analytics in retail environments. Sales prediction is a key
application that supports demand forecasting, inventory optimization,
and supply chain efficiency. Accurate forecasting helps businesses
reduce operational costs, prevent stock shortages, and improve
customer satisfaction. Traditional models such as autoregressive
integrated moving average (ARIMA) and regression techniques have
been widely used; however, they often fail to capture nonlinear patterns
and complex relationships in modern e-commerce datasets. Recent
advancements in machine learning and deep learning have significantly
improved forecasting performance. Techniques such as random forests,
support vector machines, convolutional neural networks (CNN), and
long short-term memory (LSTM) networks effectively model large-scale
and temporal data. Hybrid CNN-LSTM architectures further enhance
prediction accuracy by combining spatial and temporal feature
extraction. Additionally, Siamese neural networks enable learning from
heterogeneous data sources by capturing relationships between
products, customers, and transactions. Optimization methods like the
Giant Trevally Optimizer (GTO) improve model convergence and
parameter tuning. This review analyzes recent studies and highlights
hybrid frameworks for scalable, accurate sales prediction systems.

Introduction

One of the most critical applications of this data

The rapid growth of internet technologies and
digital infrastructure has significantly
transformed the global retail industry, leading to
the emergence of large-scale e-commerce
platforms such as Amazon, Alibaba, Flipkart, and
eBay. These platforms generate massive volumes
of data, including customer interactions,
browsing patterns, transactions, and logistics
activities. Such data enables businesses to adopt
data-driven strategies for improving operational
efficiency and understanding consumer behavior.
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is sales prediction or demand forecasting, which
supports inventory management, supply chain
optimization, and targeted marketing. Accurate
forecasting helps organizations maintain optimal
stock levels, reduce costs, and enhance customer
satisfaction in competitive markets.

Traditional forecasting methods, including
ARIMA, exponential smoothing, and regression
models, are simple and efficient but limited in
handling nonlinear and dynamic patterns in real-
world data. To overcome these limitations,
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machine learning techniques such as decision
trees, support vector machines, random forests,
and gradient boosting have been introduced,

convolutional neural networks and recurrent
neural networks, particularly long short-term
memory networks, are effective in extracting
spatial and temporal features from sales data,
enabling better modeling of seasonal trends and
consumer behavior.
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offering improved accuracy by capturing
complex relationships. However, as data
complexity increases, deep learning models have
gained prominence.  Architectures  like
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Figure 1: Architecture of E-Commerce Sales Prediction Using Triple Pseudo-Siamese Network and GTO

Recent advancements highlight the effectiveness
of hybrid deep learning models, such as CNN-
LSTM architectures, which combine feature
extraction and temporal analysis to improve
forecasting performance. Additionally, Siamese
neural networks have emerged as a promising
approach for addressing challenges like limited
data availability by learning similarity
relationships between products. Their advanced
extension, the triple pseudo-Siamese
architecture, processes multiple data sources
simultaneously, including product attributes,
customer behavior, and historical sales data, to
generate comprehensive feature representations.
This integration allows for improved prediction
accuracy by capturing relationships across
heterogeneous datasets.

Optimization techniques further enhance the
performance of deep learning models.
Traditional methods like gradient descent may
lead to suboptimal solutions, prompting the use
of metaheuristic algorithms such as genetic
algorithms, particle swarm optimization, and

whale optimization. The Giant Trevally
Optimizer, inspired by cooperative hunting
behavior, improves parameter tuning by

balancing exploration and exploitation. Despite
these advancements, challenges such as data
heterogeneity, scalability, and rapidly changing
consumer  behavior  persist.  Therefore,
integrating advanced neural architectures with
intelligent optimization methods offers a
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promising direction for developing robust and
scalable e-commerce forecasting systems.

Literature Review

Recent research in e-commerce forecasting has
increasingly focused on the application of
machine learning and deep learning techniques
to  improve  prediction accuracy and
computational efficiency.

Alam and Shakil (2020) investigated the use of
machine learning algorithms for predicting
product demand in e-commerce platforms. Their
study evaluated several algorithms including
decision trees, support vector machines, and
random forests. The results showed that
ensemble learning techniques such as random
forests  significantly improved prediction
accuracy compared with individual machine
learning models. The authors concluded that
feature engineering and data preprocessing play
critical roles in improving forecasting
performance.

Sun et al. (2020) explored the use of deep neural
networks for large-scale retail demand
forecasting. Their research proposed a multilayer
neural network architecture capable of learning
complex relationships  between  product
attributes and sales patterns. The model
demonstrated improved predictive performance
compared with traditional statistical forecasting
techniques.

Zhang et al. (2020) proposed a hybrid CNN-LSTM
architecture for sales prediction in online retail
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systems. The CNN component was responsible
for extracting spatial features from structured
datasets, while the LSTM network captured
temporal dependencies within historical sales
data. Experimental results indicated that the
hybrid model significantly improved forecasting
accuracy compared with standalone CNN or
LSTM models.

Craparotta et al. (2020) introduced a Siamese
neural network framework for predicting sales of
new fashion products. The study demonstrated
that Siamese architectures could learn similarity
relationships between new products and existing
products with known sales patterns. This
approach was particularly useful for addressing
the cold-start problem in retail forecasting.

Chen et al. (2021) applied gradient boosting
algorithms to demand forecasting in e-commerce
platforms. Their research showed that gradient
boosting models achieved high prediction
accuracy by combining multiple decision trees
and reducing prediction errors.

Huang and Chen (2021) proposed a hybrid CNN-
GRU architecture for e-commerce demand
prediction. The study demonstrated that
convolutional layers effectively extracted
meaningful features from input data while GRU
networks captured temporal dependencies.
Gupta et al. (2022) developed an attention-based
recurrent neural network model for retail sales
forecasting. By assigning dynamic weights to
different time steps in historical data, the model
was able to identify important events such as
promotional campaigns and seasonal demand
peaks.

Liu and Zhang (2022) proposed an LSTM-based
forecasting framework for analyzing long-term

Comparative Table

sales patterns in e-commerce datasets. The
results showed that the LSTM model significantly
reduced forecasting errors compared with
traditional time-series models.

Eglite and Birzniece (2022) conducted a
systematic literature review examining deep
learning techniques for retail forecasting. Their
study highlighted that hybrid architectures
combining CNN and recurrent networks provide
superior forecasting performance.

Mansur et al. (2023) examined hybrid neural
network architectures for retail demand
forecasting. Their results demonstrated that
combining CNN and LSTM networks improved
forecasting accuracy for complex retail datasets.
Patel and Mehta (2023) introduced a
transformer-based  forecasting  framework
capable of capturing long-range dependencies in
sales data without relying on recurrent
architectures.

Ali et al. (2023) proposed a bidirectional LSTM
model for retail forecasting, enabling the model
to capture both forward and backward temporal

dependencies.
Singh et al. (2023) explored the use of
metaheuristic optimization algorithms to

optimize neural network parameters. Their study
demonstrated that optimized neural networks
significantly improved prediction accuracy
compared with conventional models.

Overall, the literature indicates that integrating
deep learning architectures, heterogeneous
datasets, and metaheuristic optimization
algorithms represents a promising direction for
developing advanced forecasting systems in e-
commerce environments.

Author | Method / | Data Key Advantage | Limitation | Performanc | Relevance
& Year Model Type Contributio S e Insight to
n Proposed
Model
Eglite & | Deep Secondar | Comprehen | Identifies Limited Shows DL > | Supports
Birzniec | Learning |y sive trends & | real-time traditional | need for
e Review datasets | analysis of | hybrid validation | models advanced
(2022) DL models | models hybrid
for  retail models
forecasting
Joseph | CNN- Time- Combines High High Improved Basis for
et al. | BILSTM series + | spatial & | accuracyin | computati | accuracy vs | hybrid
(2022) | Hybrid structure | temporal demand onal cost LSTM architectu
d learning prediction re design
Ahmad | Deep Intermitt | Focus on | Handles Requires Better than | Justifies
ov Neural ent irregular sparse large statistical need for
(2023) | Network demand | demand demand training models optimizati
data forecasting data on

69




A Survey of Methods and Architectures for E-Commerce Systems for Sales Prediction Using Triple Pseudo-Siamese

Network with Giant Trevally Optimizer

Mansur | CNN- Sales + | Integrated | Captures Model High Core
et al. | LSTM temporal | feature complex complexity | prediction inspiratio
(2023) | Hybrid data extraction + | patterns accuracy n for
sequence hybrid
modeling learning
Craparo | Siamese Product | Solves cold- | Learns Limited Effective Foundatio
tta et al. | Neural + sales | start similarity scalability | for new | n for
(2020) | Network similarit | problem between products pseudo-
y products Siamese
model
Chen et | Gradient Structure | Ensemble Robust & | Limited High Baseline
al. Boosting d tabular | learning for | less deep accuracy on | ML
(2021) data forecasting | overfitting | feature structured | comparis
learning data on
Huang CNN-GRU | Sequenti | Combines Efficient Moderate Improved Alternativ
& Chen | Hybrid al + | CNN & GRU | temporal complexity | vs e hybrid
(2021) structure | advantages | modeling standalone | approach
d models
Gupta Attention- | Time- Dynamic Captures Requires Improved Supports
et al. | based series weighting important | tuning interpretab | attention-
(2022) | RNN data of features | time steps | attention ility based
extension
Liu & | LSTM Time- Long-term | Strong Cannot Lower Baseline
Zhang Model series dependenc | temporal capture error vs | DL model
(2022) y modeling | learning spatial ARIMA
features
Patel & | Transform | Sequenti | Captures Parallel High High Advanced
Mehta er Model al + | long-range | processing | resource accuracy in | architectu
(2023) large- dependenci requireme | large data re
scale es nt comparis
on
Ali et al. | Bi-LSTM Time- Forward + | Better Increased Improved Temporal
(2023) series backward temporal computati | forecasting | modeling
learning understan | on enhancem
ding ent
Singh et | Metaheuri | Model Optimizes Avoids Computati | Improves Supports
al. stic paramet | neural local onal accuracy GTO
(2023) | Optimizati | ers networks minima overhead significantl | integratio
on y n
Sun et | Deep Large- Multi-layer | Handles Data- Better than | Foundatio
al. Neural scale feature complex intensive ML models | n for deep
(2020) | Network retail learning patterns learning
data
Sharma | Ensemble | Structure | Combines Robust Limited Better than | Benchmar
et al. | ML d data multiple prediction | deep single k
(2022) models insights models comparis
on
Rahman | CNN- Hybrid Combines Captures High High Advanced
& Transform | deep CNN + | global complexity | accuracy hybrid
Ahmed | er learning | Transforme | dependenc inspiratio
(2023) r ies n
Analysis massive volumes of data—such as transactional

The comparative analysis of e-commerce sales
prediction techniques reveals a clear evolution
from traditional statistical models to advanced
machine learning and deep learning frameworks.
With the rapid growth of online retail platforms,
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records, customer behavior, product attributes,
and marketing interactions—have become
available. These datasets are highly complex,
involving nonlinear relationships, temporal
dependencies, and multiple data types.
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Traditional methods like ARIMA, exponential
smoothing, and regression were initially popular
due to their simplicity and efficiency, but their
reliance on linear assumptions and stationary
data limits their effectiveness in dynamic e-
commerce environments influenced by factors
such as promotions, seasonality, and customer
preferences.

Machine learning models, including random
forests, support vector machines, and gradient
boosting algorithms, have significantly improved
forecasting accuracy by capturing complex data
patterns. Ensemble techniques further enhance
robustness by combining multiple models.
However, the increasing scale and complexity of
data have led to the adoption of deep learning
approaches. Architectures such as convolutional
neural networks (CNN), recurrent neural
networks (RNN), and long short-term memory
(LSTM) networks enable automatic feature
extraction and effective modeling of temporal
patterns. Hybrid models like CNN-LSTM combine
spatial and sequential learning capabilities,
outperforming standalone models in many
forecasting scenarios.

Recent research emphasizes the integration of
heterogeneous datasets, including product
metadata, customer interactions, and multimedia
content, to improve prediction performance.
Siamese neural networks have emerged as an
effective solution for learning relationships
between different data inputs, particularly in
addressing the cold-start problem for new
products. The triple pseudo-Siamese architecture
extends this concept by processing multiple data
sources simultaneously, generating unified
representations that enhance forecasting
accuracy in complex environments.

In addition, optimization techniques play a
critical role in improving deep learning
performance. Metaheuristic algorithms such as
genetic  algorithms and particle swarm
optimization help overcome limitations of
traditional training methods. The Giant Trevally
Optimizer, inspired by natural hunting strategies,
has shown promise in enhancing parameter
tuning and convergence. Despite advancements,
challenges such as high computational
requirements, data dependency, and changing
market dynamics persist. Future research should
focus on hybrid models integrating deep
learning, heterogeneous data, and intelligent
optimization to develop scalable and accurate
forecasting systems for modern e-commerce
platforms.

Discussion
The rapid advancement of artificial intelligence
and data analytics has significantly transformed
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forecasting approaches in e-commerce systems.
Online retail platforms generate vast amounts of
data, including customer behavior, purchase
history, product information, and marketing
performance. Effectively analyzing this data is
essential for improving demand forecasting and
supply chain efficiency. Traditional statistical
methods have gradually been replaced by
advanced predictive analytics techniques that
can handle large-scale and complex datasets.
This shift reflects the growing need for models
that can capture nonlinear relationships and
adapt to dynamic consumer behavior in
competitive digital marketplaces.

Machine learning techniques such as random
forests, support vector machines, and gradient
boosting have gained popularity due to their
strong predictive capabilities. These models
outperform traditional approaches by capturing
complex patterns in data. However, they often
rely on manual feature engineering and may
struggle with unstructured data sources. To
overcome these limitations, deep learning
models have been introduced. Architectures such
as convolutional neural networks and recurrent
neural networks can automatically learn
hierarchical representations. Convolutional
networks are effective in extracting spatial
features, while recurrent models, particularly
long short-term memory networks, are well-
suited for capturing temporal dependencies in
sales data.

Hybrid deep learning models further enhance
forecasting performance by combining multiple
architectures. Models like CNN-LSTM integrate
spatial and temporal analysis, enabling more
accurate demand predictions. Additionally, the
use of heterogeneous datasets has become an
important trend. Modern systems incorporate
structured data, textual information, and
behavioral logs to improve forecasting accuracy.
Siamese neural networks and their extensions,
such as triple pseudo-Siamese architectures, are
particularly effective in processing multiple data
sources  simultaneously and addressing
challenges like the cold-start problem.
Optimization techniques also play a vital role in
improving model performance. Metaheuristic
algorithms such as genetic algorithms and
particle swarm optimization help overcome
limitations of traditional training methods. The
Giant Trevally Optimizer is a recent approach
that enhances parameter tuning and convergence
efficiency.  Despite  these advancements,
challenges such as high computational cost, data
integration complexity, and rapidly changing
consumer behavior remain. Future research
should focus on developing scalable, efficient,
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and adaptive models for real-world e-commerce
forecasting applications.

Conclusion

Accurate demand forecasting is essential for
efficient decision-making in e-commerce, where
consumer demand changes rapidly due to
pricing, promotions, seasonality, and shifting
preferences. This survey reviewed recent
progress in sales prediction systems, with
emphasis on machine learning, deep learning,
Siamese network frameworks, and optimization
methods. The findings show a clear shift from
traditional statistical forecasting toward machine
learning and neural network-based approaches,
as these methods handle nonlinear relationships
and complex retail datasets more effectively.
Models such as random forests, support vector
machines, and gradient boosting perform well in
forecasting tasks, while deep learning
architectures like CNN and LSTM improve
prediction accuracy by learning hierarchical
spatial and temporal patterns directly from data.
Hybrid CNN-LSTM models have shown especially
strong results because they combine feature
extraction with sequence modeling.

Recent studies also highlight the value of Siamese
and triple pseudo-Siamese networks for
analyzing heterogeneous data and addressing the
cold-start problem in retail forecasting. These
models can integrate product attributes,
customer behavior, and historical sales into a
unified predictive framework. In addition,
optimization algorithms such as the Giant
Trevally Optimizer help improve model training
by enhancing parameter tuning and convergence.
Despite these advances, challenges remain,
including high computational cost, scalability
issues, and the fast-changing nature of consumer
behavior. Future research should focus on
scalable hybrid architectures that combine deep
learning, heterogeneous data integration, and
intelligent optimization to improve forecasting
accuracy in dynamic e-commerce environments.
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