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Abstract

In the rapidly evolving landscape of retail e-commerce, characterized by volatile consumer behavior,
diverse product assortments, and fluctuating market conditions, demand forecasting has emerged as a
critical strategic capability. Accurate demand forecasting not only underpins effective inventory
management and delivery planning but also serves as a cornerstone for optimizing supply chain
responsiveness, minimizing stockouts and overstock situations, and enhancing customer satisfaction. As
e-commerce platforms increasingly embrace data-driven operations, the role of predictive analytics in
shaping demand planning strategies has gained unprecedented prominence. This systematic review
presents a comprehensive synthesis of 72 peer-reviewed academic articles, industry reports, and
empirical case studies published between 2010 and 2024. The objective is to evaluate the breadth, depth,
and evolution of demand forecasting methodologies specifically applied within the context of retail e-
commerce. The selected studies were rigorously screened and categorized based on methodological
foundations, technological sophistication, and practical applications. Four major categories of forecasting
models are examined: (1) traditional statistical approaches, such as AutoRegressive Integrated Moving
Average (ARIMA), Seasonal ARIMA (SARIMA), and exponential smoothing models; (2) machine
learning techniques, including decision trees, random forests, support vector regression, and ensemble
methods; (3) hybrid frameworks that integrate statistical modeling with machine learning or deep
learning components; and (4) advanced deep learning architectures, particularly Long Short-Term
Memory (LSTM) networks, Gated Recurrent Units (GRUs), Convolutional Neural Networks (CNNs),
and transformer-based models. The findings reveal distinct performance advantages across model
categories. Traditional statistical models demonstrate continued relevance in scenarios marked by stable
demand patterns, short forecasting horizons, and limited data complexity. However, their limitations
become evident when applied to highly nonlinear, sparse, or volatile datasets. In contrast, machine
learning models offer enhanced adaptability and accuracy, especially in handling high-dimensional data
environments with diverse product lines and unpredictable promotional impacts. Deep learning models
further advance this capability by capturing complex temporal dynamics, long-range dependencies, and
multivariate input streams. These models are particularly effective for SKU-level forecasting, where
product-specific demand patterns fluctuate frequently and require real-time recalibration. Many
reviewed studies adopted modular architectures that allow domain-specific tuning and facilitate
deployment within enterprise resource planning (ERP) and inventory management systems.
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INTRODUCTION

Demand forecasting refers to the process of estimating future customer demand for a product or
service based on historical data, market trends, and analytical modeling (Konstantopoulos et al.,
2022). It is a cornerstone of strategic and operational planning across numerous industries,
particularly in supply chain management, where it informs production, inventory, logistics, and
marketing decisions (Lara-Benitez et al., 2020). In retail e-commerce —defined as the buying and
selling of goods and services via digital platforms—demand forecasting assumes even greater
importance due to the volatile, data-intensive, and globally interconnected nature of online
marketplaces (Lara-Benitez et al., 2020). Unlike traditional retail, e-commerce operates in an
environment characterized by high transaction volumes, real-time data generation, and rapidly
changing consumer preferences, which together necessitate highly adaptive forecasting techniques
(Li & Xu, 2025). These foundational definitions set the stage for understanding how advanced
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border e-retailers, demand forecasting
directly impacts customs coordination, warehouse distribution, and last-mile delivery —making it
a pivotal component of global logistics optimization. Furthermore, in emerging markets with
rapidly digitizing populations, robust forecasting mechanisms help overcome infrastructural
inefficiencies and consumer demand unpredictability. Hence, the international scope and
dependency on efficient supply chain mechanisms heighten the strategic value of demand
forecasting in retail e-commerce. According to (Li & Wang, 2020), in retail e-commerce, where
inventory turnover cycles are much shorter and more fragmented than in traditional brick-and-
mortar settings, forecasting accuracy becomes a critical determinant of financial performance.
Studies have demonstrated that firms utilizing advanced predictive models in inventory planning
exhibit superior order fulfillment rates, reduced operational costs, and improved customer retention
(Liechti et al., 2021; Madanchian, 2024; Mosavi et al., 2020). The complexity of e-commerce
logistics —driven by SKU proliferation, dynamic pricing, and multiple fulfillment centers —further
demands nuanced and adaptive forecasting approaches. In this context, demand forecasting
functions not merely as a planning tool but as a strategic asset that enhances inventory resilience.
Delivery planning in e-commerce requires accurate forecasting to ensure products are shipped
efficiently and customers receive their orders on time. With the rise of same-day and next-day
delivery expectations, especially in urban markets, logistics systems are under increasing pressure
to respond dynamically to demand fluctuations. Effective demand forecasting supports route
optimization, resource allocation, and capacity planning, all of which are essential to reduce
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delivery costs and enhance service quality (Madanchian, 2024). Moreover, the integration of
forecasting with real-time tracking and IoT-enabled logistics has enabled e-commerce platforms to
dynamically adjust routes and delivery schedules, significantly improving delivery accuracy .
Forecasting accuracy correlates strongly with logistics agility, particularly in unpredictable markets.
Thus, forecasting is not merely a backend process; it is central to customer experience and brand
reputation in the highly competitive landscape of retail e-commerce .

Historically, demand forecasting Figure 2: Classical Time Series Methods for Retail Demand
relied on classical statistical Forecasting

techniques such as moving
averages, exponential smoothing, ) .
and autoregressive models. While Time Series
effective in stable and linear Decomposition

environments, these techniques Seasonal‘
often fall short in handling the Exponeqtlal
Smoothing

nonlinear, high-dimensional, and
rapidly evolving data

A 4
environments of e-commerce. Autoregressive
Consequently, a shift toward Integrated Moving
machine learning (ML) and deep Avarage (ARIMA)

learning (DL) techniques has
emerged, with algorithms such as random forests, gradient boosting, support vector machines, and
recurrent neural networks gaining prominence in retail demand prediction (Mosavi et al., 2020).
Hybrid models, combining statistical and ML components, have also demonstrated superior
performance in accuracy and adaptability (Pei & Dong, 2025). As big data analytics becomes central
to digital commerce, these models leverage structured and unstructured data ranging from
clickstream patterns to sentiment analysis to enhance forecasting precision. The rise of Al-driven
models marks a paradigm shift in how demand forecasting is conceptualized and operationalized
in retail.

Retail e-commerce presents unique challenges that complicate demand forecasting, including high
product turnover, seasonality, promotional effects, and external shocks such as pandemics or
geopolitical disruptions. The availability of massive but often noisy data requires sophisticated
preprocessing and feature engineering to ensure model robustness. Additionally, the omnichannel
nature of modern e-commerce —integrating websites, apps, and third-party platforms—creates
complex demand signals that traditional models cannot easily capture. Cross-device and cross-
border customer journeys further complicate demand patterns, necessitating models that can
synthesize diverse data sources and temporal structures (Ashton & Prybutok, 2020). Moreover, the
integration of external variables —such as weather, economic indicators, and social media trends —
adds further complexity, demanding models that are not only accurate but also interpretable and
scalable. These challenges make retail e-commerce both a fertile ground and a stress test for modern
demand forecasting technologies. Although the academic and industry interest in forecasting for
retail e-commerce has surged in recent years, there remains a lack of comprehensive synthesis
regarding the effectiveness, application context, and comparative performance of various
forecasting models. Existing literature often focuses narrowly on specific methods or industry case
studies without offering a holistic view of the evolving methodological landscape. The primary
objective of this systematic review is to critically evaluate and synthesize the diverse forecasting
models employed in the context of retail e-commerce, with a specific focus on their contributions to
inventory accuracy and delivery efficiency. The review aims to classify the methodologies into
coherent categories namely traditional statistical approaches, machine learning algorithms, hybrid
models, and deep learning architectures and assess their relative effectiveness based on empirical
results, use case applicability, and implementation complexity. It also seeks to explore how the
integration of various data sources, including transactional, behavioral, and environmental data,
affects the predictive capabilities of these models. In doing so, the review intends to identify
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performance trends, methodological strengths and weaknesses, and critical factors influencing
forecasting success. The study is driven by the need for a consolidated knowledge base that
supports decision-makers in selecting, adapting, and deploying forecasting models that align with
their organizational goals and technological infrastructure. In essence, the review serves as a bridge
between theoretical innovation and practical application, facilitating informed, data-driven
strategies in e-commerce operations.
LITERATURE REVIEW
The domain of demand forecasting in retail e-commerce has undergone a significant transformation
over the past two decades, driven by the rise of digital commerce, the explosion of data availability,
and advancements in computational capabilities. This literature review seeks to provide a
comprehensive synthesis of academic and applied research that explores various forecasting
techniques specifically tailored to the e-commerce context. Unlike traditional retail environments,
e-commerce platforms demand real-time, high-frequency, and scalable forecasting solutions due to
their complex and dynamic nature, including rapid SKU changes, volatile consumer behavior, and
multi-channel operations. While numerous models have been proposed and applied across contexts
from classical statistical methods to machine learning and deep learning frameworks there remains
a pressing need to evaluate their comparative performance, contextual suitability, and underlying
assumptions.
Foundations of Demand Forecasting in Retail E-Commerce
Demand forecasting in the context of supply chain and inventory management refers to the process
of predicting future consumer demand for products or services based on historical data, market
dynamics, and statistical or computational models. This process is pivotal in aligning supply-side
decisions with customer expectations, reducing uncertainty, and optimizing operational efficiency
(Agrawal & Singh, 2019). In e-commerce, the role of demand forecasting becomes even more
pronounced due to the high velocity of transactions, variability in consumer preferences, and near-
real-time decision-making requirements (Agrawal et al., 2015). The digital retail environment is
characterized by shorter lead times, expansive SKU portfolios, and increased reliance on data
analytics, necessitating sophisticated forecasting mechanisms.
According to Ahmed et al. (2016), the integration of demand forecasting with inventory
management systems significantly reduces excess stock and minimizes service-level risks. In
aligning procurement with marketing, thus driving supply chain responsiveness. Moreover, the
operational significance extends to workforce planning, pricing, and warehousing, where demand
signals determine daily tactical decisions. In global e-commerce operations, accurate demand
forecasting underpins inventory redistribution, cross-border logistics, and supplier collaboration,
contributing directly to customer satisfaction and profitability. Furthermore, with the advent of big
data, cloud computing, and Al, forecasting has evolved from a reactive tool into a predictive and
prescriptive system capable of shaping strategy. Organizations that invest in forecasting
infrastructure often achieve higher fulfillment rates and improved agility in volatile markets. The
convergence of technology, analytics, and operational planning positions demand forecasting as a
mission-critical capability in modern retail e-commerce ecosystems. While demand forecasting is
essential in both e-commerce and traditional retail settings, the structural and operational
distinctions between the two significantly influence forecasting strategies and model selection.
Traditional retail typically relies on aggregated, periodic sales data and exhibits relatively stable
demand cycles influenced by brick-and-mortar factors such as foot traffic and in-store promotions
(Bandara et al., 2019). In contrast, e-commerce demand is driven by highly granular, high-frequency
data, including clickstream behavior, cart abandonment rates, digital marketing responses, and
external digital signals like social media sentiment (Bandara et al., 2019).
One of the primary distinctions lies in the omnichannel nature of e-commerce, where forecasting
must accommodate multiple consumer touchpoints —mobile apps, websites, marketplaces —each
contributing unique demand signals. The challenge of modeling cross-platform behaviors, such as
consumers researching on mobile and purchasing via desktop, which introduces temporal and
behavioral complexities. Traditional models such as moving averages or ARIMA often fall short in
4
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capturing such multi-source dynamics, necessitating more adaptive methods like machine learning
or deep learning models (Zhu et al., 2018). Another critical distinction is promotional impact and
volatility. E-commerce demand is highly sensitive to flash sales, influencer campaigns, and dynamic
pricing strategies, which create non-linear, hard-to-predict spikes. Unlike in physical retail where
demand patterns are seasonally anchored, online demand is increasingly driven by algorithmic
marketing and consumer-generated content global disruptions (e.g.,, COVID-19) have a more
immediate and dramatic effect on online retail demand than on traditional retail due to digital
virality and instant consumption.

As such, forecasting in e-commerce necessitates faster update cycles, model retraining, and broader
data integration—elements less pronounced in traditional contexts. These distinctions have
prompted scholars and practitioners alike to develop specialized forecasting frameworks tailored
to the real-time, data-rich, and multi-modal nature of digital commerce.

Forecast evaluation metrics are essential for assessing the performance and reliability of demand
forecasting models, particularly within the high-stakes environment of e-commerce operations.
Among the most widely adopted are Mean Absolute Error (MAE), Root Mean Squared Error
(RMSE), and Mean Absolute Percentage Error (MAPE), each offering unique advantages and
sensitivity to forecasting errors (Madanchian, 2024). MAE provides an average magnitude of errors
without considering direction, making it suitable for understanding general forecast accuracy.
RMSE, in contrast, penalizes larger
errors more heavily, making it a
preferred choice when minimizing

Figure 3: Major Techniques Used in Demand Forecasting
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(MSE) have been proposed in recent
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In machine learning contexts,

additional evaluation criteria such as R? (coefficient of determination), Precision, and cumulative
distribution functions of error rates are also employed (Lin & Hui, 1997). These allow for granular
assessments, particularly when forecasting demand across customer segments or regions.
Moreover, real-time e-commerce platforms often require model performance to be benchmarked in
live environments, where latency, interpretability, and adaptability are also evaluated (Zhang,
2019). Ultimately, the choice of evaluation metric must align with business priorities —whether it be
minimizing stockouts, optimizing fulfillment costs, or improving forecast stability across volatile
product categories. Adopt multifaceted evaluation frameworks tend to derive more actionable
insights from their forecasting efforts, leading to more informed and robust operational strategies.
Demand forecasting plays a pivotal role in synchronizing inventory control and delivery planning,
particularly in e-commerce settings where the fulfillment chain is highly dynamic and
decentralized. Accurate forecasts enable retailers to maintain optimal stock levels, reducing both
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overstock and stockout risks, while aligning replenishment schedules with predicted demand
patterns. (Ketzenberg et al., 2020) underscore how predictive analytics reduce lead times and
improve inventory turnover, which is critical in environments with rapid SKU proliferation.
In terms of inventory planning, forecasting directly informs procurement cycles, warehouse
slotting, and safety stock calculations. Companies employing machine learning-based forecasts
report inventory cost reductions of up to 25% due to improved demand-supply alignment.
Furthermore, the use of hybrid forecasting models—such as ARIMA-LSTM or random forest
ensembles —has been shown to outperform traditional models in complex demand scenarios,
especially during promotional campaigns and seasonal peaks. Delivery synchronization is equally
impacted by demand forecasts, especially in systems offering same-day or next-day delivery.
Shaharudin et al. (2015) highlight that logistics performance is highly sensitive to forecast accuracy,
particularly in last-mile delivery contexts. Accurate forecasts aid in route planning, vehicle
allocation, and distribution center coordination, reducing operational bottlenecks and improving
delivery reliability. Moreover, forecasting supports dynamic slotting for delivery windows,
enhancing the customer experience while minimizing underutilized routes (Akter & Wamba, 2016).
The interconnectedness between demand forecasting, inventory management, and logistics
demonstrates the strategic  Figure 4: Foundational Models in Time Series Demand Forecasting
importance of forecasting beyond
mere sales prediction. It serves as :
the nexus ofpoperational alignment -:_J.nderst?:lndlng ARIMA
» | Time Series Data
enabling e-commerce businesses to
function efficiently despite high p-

levels of complexity and 0 02 @ @ ‘ :
uncertainty. The body of literature o
affirms that the synchronization '
enabled by accurate forecasting is
not a .luxury, but a necessity in ARIMA
achieving competitiveness and
customer satisfaction in the digital
retail era.

Traditional Statistical Models
Time series forecasting models, particularly ARIMA (AutoRegressive Integrated Moving Average),
SARIMA (Seasonal ARIMA), and Holt-Winters, have long been foundational tools in demand
forecasting due to their interpretability and effectiveness in capturing linear patterns in historical
data. ARIMA, as described by Asdecker and Karl (2018), incorporates autoregression, differencing,
and moving averages to model non-stationary time series data. When extended to account for
seasonality, SARIMA becomes especially useful for modeling demand cycles such as weekly or
monthly purchasing trends. Holt-Winters exponential smoothing, including both additive and
multiplicative forms, provides an intuitive approach to modeling trends and seasonality,
particularly for short to medium-term forecasts. Numerous studies have applied these models in
retail and e-commerce environments. ARIMA and exponential smoothing methods across multiple
industries and concluded that exponential smoothing methods often perform better for stable, low-
noise data (Santoro et al., 2019). Similarly, Holt-Winters to retail sales data and reported consistent
forecast accuracy across seasonal demand cycles. In the context of e-commerce, where data volume
and temporal granularity are high, ARIMA and SARIMA are often employed in combination with
seasonal decomposition and preprocessing techniques to improve stability. Despite their reliance
on historical patterns, these models are still widely used in practice, especially for product lines with
stable demand and limited external shocks. The practical appeal of these models due to their lower
computational requirements and ease of deployment. Additionally, the viability of ARIMA in

forecasting apparel sales with moderate accuracy when seasonality and trend components are well-
defined.

Holt-Winters

Exponential
Smoothing
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However, these classical models assume linearity and stationarity, which limits their adaptability
in volatile and nonlinear settings typical of modern e-commerce. While useful for benchmarking
and understanding demand baselines, their forecasting performance tends to deteriorate when
faced with sudden promotions, stockouts, or consumer behavior shifts, as noted by Goltsos et al.,
(2018). Nevertheless, ARIMA, SARIMA, and Holt-Winters remain essential components in the
forecasting toolbox, particularly for businesses seeking transparency and computational efficiency.
Exponential smoothing methods represent one of the most widely adopted traditional forecasting
techniques, particularly suited for short-term demand forecasting where trends and seasonality can
be incrementally adjusted over time. These models assign exponentially decreasing weights to past
observations, giving more importance to recent data while smoothing out historical noise. Among
the most commonly applied variants are Simple Exponential Smoothing (SES), Holt’s Linear
Method (for trend), and Holt-Winters (for trend and seasonality), which are valued for their
simplicity and adaptability in forecasting scenarios with structured time components (Zhang et al.,
2023). Research has consistently validated the effectiveness of exponential smoothing models across
retail contexts. These models outperformed ARIMA in forecasting non-complex retail demand with
low volatility. A robust theoretical justification for exponential smoothing’s optimality in
minimizing forecast error under a mean-squared error loss function. A state-space framework for
exponential smoothing that enhanced its theoretical robustness and enabled probabilistic
forecasting.

In e-commerce settings, where short-term forecast accuracy is essential for inventory replenishment
and delivery planning, exponential smoothing is frequently used due to its low computational cost
and responsiveness to recent demand shifts (Jabareen, 2009). Holt-Winters to high-frequency
transaction data and demonstrated favorable outcomes in short-term forecast horizons. Exponential
smoothing performs well when product life cycles are mature and demand patterns are stable, a
common scenario for replenishable fast-moving consumer goods in e-retail platforms. However,
limitations arise when exponential smoothing is applied to products with erratic demand,
promotional spikes, or irregular sales cycles, which are increasingly common in online
marketplaces. While smoothing methods work well in steady-state conditions, their performance
deteriorates in the presence of discontinuities, particularly with low-sales or intermittent items.
Nevertheless, their speed, simplicity, and relatively good performance on short-term horizons
ensure exponential smoothing methods remain an industry standard, particularly when used in
conjunction with safety stock buffers and judgmental adjustments. Although traditional parametric
models such as ARIMA, SARIMA, and exponential smoothing have served as foundational
forecasting tools, their application in volatile e-commerce environments is increasingly constrained
by inherent methodological assumptions. These models are typically based on linearity,
stationarity, and fixed seasonal or trend structures —conditions rarely met in modern online retail
contexts characterized by rapid demand shifts, promotional events, and high product turnover
(Pandya & Pandya, 2015). One of the most frequently cited limitations is the inability of parametric
models to accommodate abrupt structural breaks or demand shocks, which are common during
flash sales, influencer marketing campaigns, or unexpected events like supply disruptions. Classical
models often underperform on datasets with high variance and nonstationarity. Moreover, the rigid
framework of ARIMA-type models necessitates intensive preprocessing such as differencing,
stationarity tests, and parameter tuning, which can become infeasible when forecasting thousands
of SKUs in real-time. Additionally, traditional models lack the ability to ingest and model
exogenous variables effectively, such as marketing spend, web traffic, or external macroeconomic
indicators. In contrast, machine learning models can readily incorporate such multidimensional
data inputs. Furthermore, parametric models are not well-suited for demand heterogeneity; they
tend to generalize poorly across product categories with highly varied demand dynamics (Ruzicska
et al.,, 2024). Using smoothing techniques for intermittent or lumpy demand items, which are
increasingly prevalent in e-commerce.

Interpretability, once considered a major advantage of parametric models, is also becoming less
relevant as businesses demand models that prioritize predictive power over transparency. Retail
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managers are increasingly shifting toward “black box” models when these offer significantly higher
forecast accuracy. = Nonetheless,
traditional parametric models still
serve as valuable benchmarks and are
often used in hybrid or ensemble

Figure 5: Machine Learning Models for Nonlinear Demand
Forecasting

frameworks to provide baseline Nonlinear
forecasts and model explainability. Regression
Numerous case studies and

benchmarking studies have

evaluated the performance of

traditional forecasting models across Predictor Appropriate
retail and e-commerce domains. Variables Metric Selection

These comparative studies provide
insight into model suitability under

different demand conditions,
product types, and forecast horizons. Decision Random Gradient
A large-scale benchmarking study Trees Forests Boosting

involving over 300 companies and
found that exponential smoothing
methods generally outperformed
more complex models in routine operational forecasting due to their simplicity and robustness.
Exponential smoothing methods such as Holt-Winters provided competitive accuracy for fast-
moving consumer goods on e-commerce platforms, especially for short-term forecasting horizons.
In a focused case study, Rezaei et al. (2018) applied ARIMA and exponential smoothing models to
e-retail data for fashion and electronics, revealing that classical models performed adequately in
non-promotional periods but faltered during high-variance sales events. Similarly, Li (2024)
benchmarked traditional models against machine learning algorithms in a retail inventory setting
and found that while classical methods provided better interpretability, they were generally less
accurate in capturing complex consumer behavior patterns. In e-grocery contexts, Alfarisi et al.
(2024) assessed multiple forecasting models for perishable goods and found that exponential
smoothing and SARIMA models provided stable results in highly seasonal categories. However,
the study also noted that these models failed to respond adequately to sudden shifts caused by
holidays or online promotions. Comparing classical and AI models in a cloud-based retail
forecasting competition, concluding that traditional models consistently underperformed in data-
rich, high-variance scenarios. Benchmarking studies also emphasize the trade-offs between
interpretability, implementation cost, and forecasting precision. While traditional models are
favored for their transparency and ease of deployment, they often serve best as baselines or
components within hybrid systems. Their continued evaluation in benchmarking studies affirms
their relevance but also underscores the need for augmentation with adaptive, nonlinear modeling
techniques in the fast-evolving digital retail landscape.

Machine Learning-Based Forecasting Models

Supervised learning algorithms have increasingly been adopted in demand forecasting for retail e-
commerce due to their flexibility, nonlinearity, and ability to incorporate diverse predictor variables
(Siddiqui, 2025; Sohel, 2025). Among these, decision trees, random forests, and gradient boosting
machines (GBMs) are particularly prominent. Decision trees serve as intuitive models that
recursively partition the feature space to predict outcomes (Jakaria et al., 2025; Sarker, 2025).
Random forests, as ensembles of decision trees, reduce overfitting and improve generalization by
averaging multiple de-correlated tree outputs. GBMs, such as XGBoost and LightGBM, further
enhance performance by iteratively correcting errors from previous models using gradient descent
(Karl, 2024). These models have demonstrated strong performance in e-commerce demand
forecasting. Gradient boosting to holiday sales forecasting, achieving superior accuracy compared
to traditional time series models (Khan, 2025; Md et al., 2025). XGBoost for short-term sales
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prediction in e-commerce and reported significant improvements in root mean squared error
(RMSE) across multiple product categories (Islam et al., 2025; Saiful et al., 2025). Random forest
models have also been successfully used in inventory replenishment forecasting, as illustrated by
Samorani et al. (2016), where their ensemble structure mitigated the impact of outliers and volatile
demand.

The appeal of tree-based methods lies in their ability to handle categorical, numerical, and missing
data without extensive preprocessing (Helal et al., 2025; Islam et al., 2025). Additionally, they can
model complex interactions between features such as the joint impact of promotion and seasonality
without assuming linearity (Bhuiyan et al., 2025; Faria & Rashedul, 2025). Despite this, tree-based
supervised learning models remain robust, scalable solutions for demand forecasting in retail e-
commerce, particularly when high-dimensional and nonlinear data is involved (Razzaq & Shah,
2025). Support Vector Regression (SVR) and k-Nearest Neighbors (k-NN) represent additional
supervised learning methods that have found application in e-commerce demand forecasting due
to their nonparametric nature and flexibility (Shofiullah et al., 2024; Shipu et al., 2024). SVR, an
extension of Support Vector Machines for regression tasks, constructs a hyperplane in a high-
dimensional space to minimize forecast error within a defined margin (Sharif et al., 2024). Its kernel-
based approach enables the modeling of nonlinear relationships between input features and target
variables, making it suitable for capturing complex demand dynamics. k-NN, on the other hand, is
a distance-based, instance-learning algorithm that forecasts future demand by averaging the
outcomes of the k most similar past observations (Hossain et al., 2024; Roksana et al., 2024). Studies
have shown that SVR performs well in forecasting volatile e-commerce sales, especially for products
with short life cycles or erratic demand (Jahan, 2024; Islam et al., 2024). Policarpo et al. (2021)
demonstrated the effectiveness of SVR in B2C retail forecasting, outperforming ARIMA and
exponential smoothing in RMSE and MAPE. SVR to forecast daily transaction volumes in online
apparel sales, highlighting its sensitivity to sudden demand shifts (Hossain et al., 2024). SVR offered
superior accuracy compared to traditional models when promotional effects and external signals
were included.

k-NN, while simpler, has proven effective in capturing seasonal patterns and localized demand
trends in high-frequency retail data (Hasan et al., 2024). k-NN to forecast web-based sales and found
that its local learning approach outperformed global models during short-term horizons (Dey et al.,
2024). However, both SVR and k-NN have limitations related to computational complexity and
sensitivity to input scaling, particularly when dealing with large feature sets common in e-
commerce (Hosamo & Mazzetto, 2024). Their performance often depends heavily on
hyperparameter tuning and feature normalization, which may hinder their scalability across
thousands of SKUs (Dasgupta et al., 2024). Despite these challenges, SVR and k-NN remain relevant
in niche applications within e-commerce forecasting, especially for narrow product ranges or
contexts requiring rapid deployment and reasonable accuracy (Bhuiyan et al., 2024). Their
integration into ensemble frameworks or as benchmark models continues to enhance the
methodological diversity of machine learning-based forecasting in digital retail environments (Cui
et al., 2020).

Feature engineering plays a pivotal role in improving the predictive power of machine learning
models for demand forecasting, particularly in e-commerce settings where rich behavioral and
transactional data are readily available (Bhowmick & Shipu, 2024). Effective forecasting models
depend not only on the algorithmic architecture but also on the selection and transformation of
features that capture relevant demand drivers (Ammar et al., 2024). Behavioral features such as click
stream data, cart additions, and session duration offer real-time signals of purchase intent and
emerging trends (Yamamoto et al., 2019). Temporal features, including day-of-week, seasonality,
holidays, and lagged sales variables, help capture cyclical demand components (Siddiqui et al.,
2023). Promotion-related features, such as discount rates, marketing campaigns, and flash sales,
provide critical information about exogenous demand fluctuations (Shahan et al., 2023).
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Several studies underscore the importance of feature engineering in boosting forecast accuracy.
Incorporating lagged promotional and temporal features into machine learning models significantly
improved demand forecasts in grocery e-commerce (Alam et al., 2023; Roksana, 2023; Sarker et al.,
2023). Engineering user interaction metrics and marketing channel effects led to higher precision in
predicting short-term demand using XGBoost (Jahan, 2023; Hossen et al., 2023). Bekkerman et al.,
(2011) emphasized that model performance often hinges more on the quality of features than the
complexity of the algorithm, especially in high-dimensional e-commerce environments. Techniques
such as one-hot encoding, normalization, rolling window aggregations, and interaction terms are
frequently applied to
transform raw data into
predictive signals. Moreover,
time-aware feature selection
like cumulative promotional

Figure é: Deep Learning Networks in Retail Forecasting

spend or session recency has
proven useful in capturing
latent consumer behavior (Bin
et al., 2023; Chowdhury et al.,
2023; Sohel et al., 2022).
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allow for model interpretation
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and refinement (Masud, 2022; Forecasting

Hossen & Atiqur, 2022;
Kumar et al., 2022).
Nonetheless, feature

engineering is resource-intensive and requires domain knowledge to align data with business
realities (Mahfuj et al., 2022; Majharul et al., 2022). Automated feature engineering platforms,
though emerging, are not yet widely applied in retail forecasting. In sum, carefully crafted features
that reflect behavioral, temporal, and promotional aspects are essential for achieving competitive
forecasting performance in the e-commerce domain. Empirical evaluations of machine learning
models across real-world e-commerce datasets have provided important insights into their practical
viability, performance advantages, and implementation challenges (Ahmed et al., 2022; Aklima et
al., 2022). Multiple benchmark studies have compared machine learning algorithms including
decision trees, random forests, gradient boosting, SVR, and neural networks against traditional time
series methods to assess forecast accuracy under realistic operational conditions (Islam & Helal,
2018). These studies often reveal that machine learning models outperform classical techniques,
particularly in short-term and high-frequency forecasting scenarios where nonlinearity, multiple
variables, and data volume are prevalent.

For instance, in a large-scale empirical comparison across several e-commerce retailers, Zahn et al.
(2022) found that gradient boosting and deep learning models consistently outperformed ARIMA
and exponential smoothing in mean absolute percentage error (MAPE). Similarly, ML models on
Alibaba’s product dataset and reported superior accuracy from XGBoost and LightGBM models,
particularly when contextual and promotional features were included. Ensemble models combining
machine learning and statistical forecasts yielded the most robust results in SKU-level forecasting
across multiple categories. Real-world evaluations also highlight issues of scalability and
computation time. While machine learning models provide strong predictive performance, their
deployment often requires significant computational infrastructure and frequent model retraining,
especially for large-scale e-commerce operations. Additionally, the need for automated model
selection and hyper parameter tuning to ensure generalizability across thousands of products.
Interpretability remains a concern in real-world deployments, where business stakeholders require
transparent models. However, explainable ML tools such as SHAP values, LIME, and feature
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impact analysis have been used to bridge this gap. Despite these challenges, empirical studies
collectively validate that ML models, when carefully engineered and properly tuned, deliver
substantial accuracy gains, particularly in volatile and promotion-sensitive retail environments.
Deep Learning Models for Complex and Nonlinear Demand Patterns
Recurrent Neural Networks (RNNs) and their advanced variants —Long Short-Term Memory
(LSTM) networks and Gated Recurrent Units (GRUs) —are widely used deep learning models for
time-series forecasting due to their ability to capture sequential and temporal dependencies in data
(BhandariDhruv et al., 2020). In retail e-commerce, where demand data exhibits complex temporal
behavior such as seasonality, promotional cycles, and short-term trends, these models offer superior
flexibility over traditional time-series models. Unlike ARIMA or exponential smoothing, RNNs can
learn from long-range dependencies and nonlinear interactions across time without requiring
strong assumptions of data stationarity. Several empirical studies have demonstrated the
advantages of LSTM and GRU in forecasting e-commerce demand (Frei et al., 2022; Goedhart et al.,
2023; Razzaq & Shah, 2025). Frei et al. (2022) showed that LSTM outperforms shallow machine
learning models such as SVR and random forests in daily sales forecasting tasks involving large
feature sets. DeepAR, an LSTM-based probabilistic forecasting model, which has been widely
adopted in Amazon’s e-commerce forecasting pipelines due to its ability to model multiple time
series jointly. = The winner of the M4 competition, introduced an LSTM-hybrid model that
performed exceptionally well across complex datasets involving multiple seasonal patterns. GRUs
are effective in high-frequency retail demand forecasting, achieving both speed and accuracy
advantages over traditional RNNs. Another notable integrated LSTM with external factors such as
marketing signals and weather data, significantly enhancing prediction accuracy for short-term
demand fluctuations. However, despite their strengths, RNN-based models suffer from vanishing
gradient problems and long training times, particularly for long time-series datasets. Additionally,
their black-box nature limits interpretability, which remains a concern in operational contexts
requiring transparency. Nevertheless, their adaptability to dynamic demand environments, ability
to capture intricate temporal relationships, and growing tool support make RNNs, LSTMs, and
GRUs central to modern forecasting systems in retail e-commerce.
Convolution Neural Networks (CNNs) for Spatial and Pattern Recognition
While Convolution Neural Networks (CNNs) are traditionally associated with image and spatial
data analysis, they have been increasingly adapted for time-series forecasting due to their capacity
to capture local patterns and temporal dependencies through convolutional operations. In the
context of retail e-commerce, CNNs are particularly effective in identifying recurring demand
motifs, short-term promotional effects, and inter-variable dependencies embedded in multivariate
time-series data. Their parallelization capabilities and fast training cycles also make them suitable
for large-scale e-commerce applications. Yin et al. (2021) introduced a temporal CNN architecture
that outperformed RNNs in electricity demand forecasting, a result that has inspired similar
adaptations in retail demand prediction. CNNs to sales data from an online retailer and found
notable improvements in forecast accuracy, especially for high-turnover items. Joshi et al. (2018)
used CNNs to detect promotional demand bursts, capturing patterns that eluded traditional models
and even LSTMs. CNNs’ ability to process multiple time-series inputs, including sales, marketing
signals, and competitor pricing, without manual feature engineering.
One of the advantages of CNNs in demand forecasting is their ability to detect localized features
(e.g., short-term peaks and valleys) that may correspond to marketing campaigns or stock
availability issues. Mallick et al. (2022) emphasize how CNNs can act as efficient filters to extract
predictive features from noisy datasets typical of e-commerce environments. Furthermore, hybrid
models combining CNNs with LSTM or attention mechanisms have shown to outperform single
architectures. However, the application of CNNs in forecasting remains limited compared to RNNs
or Transformers, partly due to the challenge of adapting convolutional layers to inherently
sequential data structure. Yet, their computational efficiency and strong performance in short- to
mid-term prediction tasks make them an emerging tool in the deep learning repertoire for e-
commerce forecasting.
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Transformer-based architectures and attention mechanisms represent the most recent innovations
in time-series forecasting, offering a powerful alternative to recurrent structures by allowing models
to focus on relevant parts of the sequence dynamically. Unlike RNNs, which process data
sequentially, transformers utilize self-attention mechanisms to evaluate all time points in parallel,
significantly improving training efficiency and scalability in large datasets. This capability is
particularly valuable in retail e-commerce, where real-time forecasting of thousands of SKUs is
required. Recent studies have successfully adapted transformers for demand forecasting. The
Informer model, a transformer variant optimized for long-sequence time-series forecasting, which
achieved state-of-the-art performance across retail datasets. The Temporal Fusion Transformer
(TFT), capable of handling static, temporal, and known future inputs, with integrated
interpretability through attention weights. TFT has been applied in several commercial forecasting
systems due to its ability to identify which features influence future demand most significantly.
Attention mechanisms themselves have also been embedded into hybrid LSTM and CNN models
to enhance temporal focus. Attention-based LSTM networks could more accurately capture event-
driven sales fluctuations, such as product launches and influencer promotions. Similarly, Melacini
etal. (2018) applied attention-enhanced deep models to e-commerce SKU forecasting and reported
significant improvements in MAPE over traditional RNN baselines. Despite their advantages,
transformers demand substantial computational resources and careful tuning of hyper parameters.
Their complexity may also hinder deployment in low-resource environments or small businesses
lacking the infrastructure for deep learning pipelines. Nonetheless, the empirical evidence supports
their superior performance, especially in multivariate forecasting with exogenous features, making
them an increasingly critical tool in demand forecasting for e-commerce.
The real-world application of deep learning models in e-commerce forecasting hinges not only on
predictive accuracy but also on model scalability, latency, and deployment feasibility. E-commerce
platforms such as Amazon, Alibaba, and Walmart operate in high-frequency, multi-SKU
environments where forecasts must be updated in near real-time to support dynamic pricing,
inventory allocation, and delivery scheduling. In such contexts, the operationalization of models
like LSTM, CNN, and Transformers involves challenges related to computation cost, inference time,
and data integration. While deep learning models outperform traditional approaches in accuracy,
they often require extensive training cycles, GPU infrastructure, and data pipeline orchestration,
making them difficult to scale without substantial engineering effort. Minor delays in model
inference can compromise the business value of forecasting in flash sale environments, where
decisions are required within minutes. Moreover, the variance in performance across products
necessitates customized model configurations, further complicating batch deployment strategies.
To address these issues, several approaches have emerged. Model compression techniques, such as
knowledge distillation and quantization, have been used to reduce inference time in production
systems. Cloud-native solutions like Amazon Forecast and Google Vertex Al offer managed services
for real-time demand forecasting using deep models with minimal infrastructure overhead. Studies
by ArunKumar et al. (2021) highlight how streaming architectures and real-time data ingestion
improve forecast timeliness without compromising accuracy. Furthermore, operational deployment
often involves ensemble systems that combine deep learning models with simpler baselines for
fallback accuracy and robustness. Attention-based transformers, such as the TFT, have
demonstrated both scalability and interpretability, allowing for practical integration in decision
support systems. Despite the complexity, deep learning models continue to deliver value in high-
volume e-commerce applications where forecasting errors translate directly into inventory
misallocations and lost sales.
Hybrid Forecasting Models: Merging Statistical and AI Paradigms
Hybrid forecasting models that combine traditional statistical methods like ARIMA with machine
learning (ML) or deep learning (DL) approaches have gained prominence in retail e-commerce due
to their ability to harness the strengths of both paradigms. ARIMA models are well-suited for
capturing linear, trend-based components of time-series data, whereas ML and DL models excel at
detecting nonlinearities and interactions with exogenous variables (Li, 2024). The motivation for
12
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hybridization stems from the limitations of each approach when applied in isolation. While ARIMA
performs reliably for stable demand patterns, it struggles with abrupt shifts; ML/DL models,
although powerful, often require large training datasets and may be overfit in data-sparse
environments. A common hybrid design involves decomposing the time series into linear and
nonlinear components, forecasting the linear part with ARIMA and the residuals with ML or DL
models. ARIMA-ANN hybrids consistently outperform single models in accuracy metrics such as
RMSE and MAPE. In e-commerce contexts, improved forecast precision using hybrid ARIMA-ML
models for highly seasonal product categories.

Mallick et al. (2022) applied an ARIMA-LSTM hybrid to Amazon product data and reported
significant reductions in forecasting error, particularly in flash sale scenarios. Similarly, hybrid
models improve resilience in datasets with abrupt structural breaks, such as promotional spikes or
stock out recoveries. The effectiveness of these models hinges on appropriate residual modeling and
error decomposition, making them
computationally more intensive but often
yielding  superior  results. =~ While
implementation complexity remains a 2 .
barrier, hybrid ARIMA-ML/DL models Hybrid Forecasting
offer a flexible solution to the diverse Models
forecasting  challenges in  digital |

commerce, striking a balance between [ I

Figure 7: Hybrid and Ensemble Forecasting Approaches
Using ARIMA

interpretability and predictive accuracy. ARIMA + ARIMA +
Ensemble learning techniques combine Machine Learning Deep Learning
multiple forecasting models to enhance

robustness, reduce Variat}ce, and imp?ove ARIMA + m
accuracy under uncertainty. In retail e- = ML = DL
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by unpredictable events such as flash —_——
sales, external disruptions, and changing | ARIMA + | ARIMA +
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bagging with  decision trees) or Lea rning
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of exploiting model diversity to capture
different facets of the data.

Bagging, boosting, and stacking are commonly used ensemble strategies. Random forests, which
rely on bagging, offer strong performance for SKU-level forecasting, especially when feature noise
is high. Gradient boosting methods like XGBoost and Light GBM have been extensively used to
enhance short-term demand forecasting in e-commerce due to their high accuracy and
interpretability. Stacked generalization, which blends the predictions of base learners using a meta-
model, has been applied successfully in studies by Alghamdi (2023), revealing significant
performance improvements across volatile product categories.

Empirical research supports ensemble superiority. Ensemble models consistently outperform
individual learners across diverse demand patterns and forecasting horizons. Forecasts were more
robust against outliers and reduced over fitting, particularly in small-sample contexts. Hybrid
ensembles where statistical models like ARIMA are blended with ML /DL models have been shown
to outperform standalone deep learning models in high-uncertainty environments. However,
ensemble models require greater computational resources and present challenges in terms of model
selection, hyper parameter tuning, and interpretability. Despite these barriers, ensemble learning
represents a powerful methodology for managing demand uncertainty in e-commerce by increasing
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resilience and performance consistency across diverse retail conditions. Multi-model forecasting
pipelines are increasingly employed in retail e-commerce to address the multifactorial nature of
demand, especially in the presence of seasonality, promotional campaigns, and event-driven
fluctuations. These pipelines combine models in a sequential or modular architecture, where each
model component is responsible for capturing a specific aspect of the demand signal. This
modularization allows for a more nuanced understanding and response to demand drivers,
particularly when dealing with SKU-level granularity and varied promotional sensitivities. One
approach involves decomposing the time series into baseline demand, seasonal effects, and event-
related impacts, then using separate models (e.g., ARIMA for seasonality, gradient boosting for
promotional impacts) to forecast each component. Using DeepAR to model baseline sales while
integrating exogenous inputs for promotions and price discounts. The Temporal Fusion
Transformer (TFT) to handle multiple variable types static, temporal, and known future events in a
single end-to-end pipeline, achieving high interpretability and precision. Retail-specific
applications reinforce the value of multi-model pipelines. Pipelines integrating CNNs for short-term
promotional bursts and LSTM layers for seasonal patterns yielded superior performance on high-
frequency fashion sales data. Using event flags and dummy variables in tandem with ML models
substantially improved forecasting accuracy during promotional weeks. The complexity of
integrating multi-model pipelines lies in feature engineering, synchronization of model outputs,
and real-time implementation (Chen, 2022). Despite this, their adaptability and superior
performance in modeling composite demand signals have led to increased adoption in dynamic e-
commerce settings, especially where personalized marketing, event timing, and holiday effects are
significant demand drivers (Alghamdi, 2023). Comparative evaluation of hybrid forecasting models
is critical to determine their effectiveness, generalizability, and suitability for specific retail
scenarios. Hybrid models comprising statistical, machine learning, or deep learning elements —are
assessed using performance metrics such as Mean Absolute Error (MAE), Root Mean Squared Error
(RMSE), Mean Absolute Percentage Error (MAPE), and Symmetric MAPE (sMAPE), along with
advanced metrics like the Continuous Ranked Probability Score (CRPS) for probabilistic forecasts.
Shen et al. (2021) conducted a comprehensive review of hybrid forecasting methods across retail
applications and found that models combining ARIMA and LSTM consistently outperformed both
in terms of MAE and RMSE, particularly for volatile product categories. Deep learning ensembles
with hybrid models and found that hybrid approaches yielded lower forecasting errors across 70%
of SKUs in a multi-retailer dataset. Similarly, ARIMA-XGBoost hybrids achieved better accuracy
during seasonal peaks than standalone ML models. Empirical evaluations also explore forecast
stability and explainability. Hybrid models-maintained accuracy without sacrificing
interpretability, especially when statistical models were used to generate baseline forecasts. Hybrid
models provided greater robustness to outliers and maintained lower variance in prediction
intervals. Model selection in comparative studies also considers computational efficiency. While
deep models may achieve slightly better accuracy, hybrid models often require less training data
and provide faster inference times, especially in ensemble configurations. Furthermore, studies
emphasize the importance of business alignment, recommending model evaluations be tailored to
use cases —such as daily versus weekly forecasting, or stable versus promotional products. Overall,
comparative studies confirm the efficacy of hybrid models in balancing complexity, accuracy, and
operational feasibility, making them well-suited to the multifaceted forecasting needs of retail e-
commerce.
Integration of External and Contextual Data Sources
The integration of external variables such as weather conditions, macroeconomic indicators, and
social media signals has significantly expanded the scope and accuracy of demand forecasting in e-
commerce. These variables provide context-sensitive information that complements internal
transactional data and helps explain sudden demand shifts or latent consumer behaviors. Weather
data, for instance, is particularly relevant for forecasting sales of seasonal items such as apparel,
beverages, and outdoor goods. Studies by Alghamdi (2023) demonstrated that temperature,
precipitation, and humidity can be strong predictors of sales fluctuations, especially in regions
14
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where climate variability is high.
Economic indicators, including consumer confidence indices, unemployment rates, and disposable
income levels, offer insight into long-term demand patterns. Incorporating GDP trends and interest
rates improved demand forecasting accuracy in categories such as electronics and luxury goods.
Similarly, including inflation-adjusted economic variables led to better mid-term sales forecasts for
durable goods on e-commerce platforms (Shen et al., 2021). Social media signals, such as likes,
shares, and comments, act as proxies for real-time consumer sentiment and attention. For example,
Twitter data to forecast product sales, revealing a high correlation between online buzz and short-
term demand. Incorporated blog
mentions and social news streams into Figure 8: Incorporating External Signals in Demand
forecasting models, improving early Forecasfing
demand detection for new product
launches. The rise of influencer
marketing and viral campaigns further ~ Amcking
amplifies the predictive power of social Economic Indicators
media activity, especially for trend-
sensitive products like fashion or
cosmetics. Although external data
introduces complexity into modeling, its
integration has been shown to
significantly enhance forecast accuracy Anvareging
and responsiveness in dynamic e- Economic Indicators
commerce settings. As such, hybrid and
Al-enhanced models are increasingly
designed to accommodate structured
and unstructured external variables for 0]_
more holistic and context-aware
forecasting.
Textual and sentiment data derived from
consumer reviews, product feedback, and social media platforms have emerged as valuable inputs
in demand forecasting, particularly in environments where traditional sales signals are insufficient.
Such unstructured data sources offer insights into consumer satisfaction, intentions, and future
behavior, which are otherwise difficult to quantify through numerical transactions. Sentiment
analysis, a subset of natural language processing (NLP), allows organizations to transform
qualitative text into quantifiable features that can be incorporated into forecasting models
(Alghamdi, 2023).
Numerous studies have demonstrated the predictive utility of sentiment-enhanced models.
Amazon product reviews and showed that positive sentiment trends often precede sales spikes,
while negative feedback can predict demand decline. Similarly, Twitter sentiment to forecast
fashion demand, achieving higher forecasting accuracy when sentiment features were added to
baseline models. Incorporating textual data from blogs and forums also yields predictive value. For
example, sentiment extracted from blog posts predicted box office performance more accurately
than historical sales data alone. Advanced deep learning models have further enhanced the
processing of textual data. Word embeddings, such as Word2Vec and BERT, allow models to
understand semantic nuances and contextual relationships in consumer-generated content. Textual
review sentiment into LSTM models and observed significant reductions in RMSE across multiple
product categories. A hybrid forecasting system using textual features from customer Q&A forumes,
which proved valuable in explaining demand volatility during product launches. However,
challenges remain in preprocessing text, dealing with sarcasm or ambiguous language, and aligning
sentiment signals with sales timeframes (Shen et al., 2021). Despite these limitations, textual and
sentiment data enhance demand forecasting by capturing the "why" behind consumer behavior,
making them an essential asset in the e-commerce forecasting toolkit.
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Application-Centric Studies in Inventory and Delivery Planning

Forecasting accuracy plays a critical role in determining the efficiency of inventory management
systems by directly influencing stockout and overstock rates. Stockouts, which lead to missed sales
opportunities and customer dissatisfaction, and overstocks, which increase holding costs and risk
of obsolescence, are both symptomatic of inaccurate demand projections (Hevner et al., 2004). In the
context of e-commerce, where demand is volatile and fulfillment timelines are compressed, even
minor forecasting errors can have significant ripple effects across the supply chain. Numerous
empirical studies underscore this relationship. A 10% improvement in forecast accuracy could
reduce inventory costs by as much as 25%. Similarly, demand signal amplification resulting from
poor forecasts leads to increased bullwhip effects, amplifying fluctuations in upstream inventory.
Intermittent demand items, often found in long-tail e-commerce categories, are especially
vulnerable to stockouts without specialized forecasting models (Mallick et al., 2022). Advanced
machine learning models significantly reduce forecast errors, thereby minimizing stock imbalances.
These findings by comparing ARIMA, LSTM, and hybrid models and found that deep learning
models reduced overstock rates in high-SKU environments by up to 15%. The role of real-time data
integration in reducing forecast lags and
improving fulfillment accuracy (Clottey &
Benton, 2014). Moreover, accurate
forecasts enable more efficient safety

Figure 9: Impact of Forecasting Accuracy on Inventory
Replenishment Decisions

stock calculation, allowing firms to Start with E-Commerce
balance service levels and capital Forecasting Demand
constraints. Align forecasting systems Accuracy

with  inventory  policies  exhibit
significantly lower stock imbalances and
improved  profitability = (Ashton &
Prybutok, 2020). Thus, demand
forecasting serves not only as a planning
function but as a strategic lever for
inventory  optimization in digital
commerce. Predictive modeling has

become essential in inventory Inventory
replenishment planning, enabling firms to Replenishmnent
anticipate demand and align procurement

schedules  accordingly.  Traditional < -3

replenishment strategies relied on fixed
reorder points and economic order
quantity (EOQ) models, which often fell
short in dynamic, high-frequency e-

commerce settings (Tibben-Lembke & L (_J
Rogers, 2002). Predictive analytics,

incorporating machine learning and
hybrid approaches, allows for real-time,
SKU-specific replenishment decisions based on evolving demand patterns, lead time variability,
and customer behavior (Konstantopoulos et al., 2022).

Recent studies have highlighted how predictive models enhance replenishment accuracy. Retailers
adopting demand-driven replenishment systems achieved higher inventory turnover and service
levels. The model significantly outperformed heuristic-based systems in reducing inventory cost
and out-of-stock incidents. Using deep learning models, particularly LSTM, which captured short-
term demand signals and improved replenishment precision for promotional and seasonal items.
Advanced techniques like reinforcement learning have also been explored for dynamic
replenishment. (Gong, 2023) implemented a reinforcement learning framework that continuously
updated reorder decisions based on sales, returns, and lead-time feedback, resulting in reduced

16



https://ijsir.org/index.php/IJSIR/index
https://doi.org/10.63125/mbbfw637

International Journal of Scientific Interdisciplinary Research
Vol 6, No 1, March 2025
https:/ /doi.org/10.63125/ mbbfw637

holding costs. Used hybrid ARIMA-ML pipelines to forecast demand and inform reorder intervals,
achieving improved service levels without excessive safety stock. Predictive modeling also supports
supplier collaboration by generating demand forecasts that can be shared upstream, enhancing
visibility and reducing bullwhip effects. Additionally, the integration of point-of-sale (POS) data,
promotional calendars, and weather forecasts into predictive systems allows for proactive inventory
adjustment before demand materializes. Therefore, predictive modeling in inventory replenishment
not only reduces operational inefficiencies but also contributes to agile, customer-centric supply
chain practices that are essential for competitive advantage in retail e-commerce (Strebinger &
Treiblmaier, 2024).

In e-commerce logistics, forecasting not only drives procurement and inventory decisions but also
plays a critical role in delivery scheduling and route optimization. As customers increasingly
demand same-day or next-day delivery, logistics systems must be highly responsive to demand
signals to ensure timely and cost-effective fulfillment. Forecast-driven logistics systems use
predicted order volumes and delivery locations to plan delivery windows, assign carriers, and
optimize last-mile routing. The value of integrating demand forecasts into delivery planning.
Incorporating short-term sales forecasts into route planning models improved vehicle utilization
and reduced delivery delays (Melacini et al., 2018). A deep learning model that combined demand
forecasts with vehicle capacity constraints and customer time windows, significantly enhancing
delivery reliability in urban areas. Ensemble models to forecast demand peaks, allowing dynamic
allocation of delivery resources during promotional events. Integrating forecast data into logistics
systems reduces both delivery cost and service failures (Konstantopoulos et al., 2022). LSTM
networks to model short-term order volumes by region and time of day, which allowed for dynamic
delivery scheduling. Temporal Fusion Transformers (TFTs) to generate time- and location-sensitive
forecasts that informed warehouse-to-customer routing decisions. Forecast-driven logistics also
supports warehouse slotting and cross-docking, enabling more accurate picking schedules and
dispatch planning. However, the effectiveness of such systems relies heavily on real-time data
availability and the ability to integrate forecasting outputs with transportation management
systems.

METHOD

This study followed the Preferred Reporting Items for Systematic Reviews and Meta-Analyses
(PRISMA) guidelines to ensure a systematic, transparent, and rigorous review process. The PRISMA
framework was implemented to enhance the clarity, reproducibility, and scientific quality of this
review, providing a structured method for identifying, selecting, evaluating, and synthesizing
research on demand forecasting models in the context of retail e-commerce.

The review process began with a well-defined objective: to examine the breadth and depth of
forecasting techniques employed in retail e-commerce and to assess their implications for inventory
planning and delivery optimization. Based on this objective, a detailed protocol was designed to
guide the review. This included establishing eligibility criteria, designing search strategies, and
defining the data extraction and synthesis approach. To identify relevant literature, a
comprehensive search was conducted across several major academic databases, including Scopus,
Web of Science, IEEE Xplore, and ScienceDirect. Supplementary searches were performed through
Google Scholar and targeted conference proceedings to capture gray literature and state-of-the-art
methodologies. The search focused on articles published between 2010 and 2024 and employed
keyword combinations such as "demand forecasting," 'retail e-commerce," "inventory
optimization," "machine learning," "deep learning," "hybrid models," and "delivery planning."
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Figure 10: Adopted Methodology for this study

Literature search
Databases: Scopus, Web of Science, [EEEClore, ScienceDirect
Additional sources: Google Scholar, Conferences
Keywords; “demand forecasting”, “retail e-commerce.
“inventory optimization”. “machine learning’, ‘hybrid models

criteria: (1) the study evaluated one or in=284)

more demand forecasting methods in the l
context of retail or e-commerce, (2) it
contained empirical data and performance
evaluation wusing forecasting accuracy
metrics such as MAPE, RMSE, or MAE,
and (3) the research was published in
English in a peer-reviewed journal or
reputable conference proceeding. Papers
that focused solely on physical retail,
theoretical model development without l
application, or lacking methodological

transparency  were excluded. This
screening process narrowed the selection
to 134 articles, which were then subjected
to a full-text review.

The full-text screening aimed to validate
each study’s methodological rigor,
relevance to e-commerce forecasting, and
connection to inventory or delivery
management applications. The quality

Screened by title and abstract
Included (n =134) Excluded (n=150)
Not focused on-e-commex Incomplete methodology (n 21)
context (n=45) No inventory/logistics link (18)
Theoretical modelsolny (28)  Duplicate/overiapping data
Non-English or unverified (n=13)
sources (n=15) Insufficient forecasting
metrics (n=10)

Full-text review

Excluded (n=62)
Traditional statistical m = 21)
No inventory/logistics link (13)
Tnsufficient forecasting metrics

Included (n=72)
Incomplete methodology
No inventory/logistics link
Duplicate/overlapping data
(n=10)

Final synthesis
Included for thematic analysis; n =72

assessment considered data sources, - Traditional statistical models (n=15)
model clarity, reproducibility of results, - Machine learning models (n=20)
and alignment with e-commerce-specific - Deep learning techniques (n=17)
operational issues. At the conclusion of - Hybrid/ensemble methods (n=20)

J

this phase, 72 studies were deemed eligible
for inclusion in the systematic review. These studies covered a diverse range of forecasting
approaches, including traditional statistical methods like ARIMA and Holt-Winters, machine
learning techniques such as random forests and gradient boosting, deep learning models including
LSTM and CNN s, as well as hybrid and ensemble methods.
For each of the 72 included studies, key data were extracted using a structured coding framework.
The extracted variables included author(s), publication year, forecasting technique(s) used, dataset
characteristics (product category, granularity, volume), the operational focus (inventory, logistics,
or delivery), accuracy metrics reported, and any external/contextual variables considered (e.g.,
weather, sentiment, promotional data). These data were synthesized thematically to draw
comparisons across forecasting methods and identify patterns in model performance, applicability,
and limitations. To ensure methodological integrity and minimize bias, the review process was
conducted independently by multiple reviewers. Discrepancies during screening and data
extraction were resolved through discussion and consensus. This systematic review, guided by
PRISMA, provides a comprehensive and unbiased synthesis of forecasting practices in e-commerce,
offering a reliable foundation for academic inquiry and practical implementation.
FINDINGS
One of the most significant findings of this systematic review is the continued relevance and
adaptability of traditional statistical models in retail e-commerce forecasting. Despite the growing
dominance of machine learning and deep learning techniques, traditional models such as ARIMA,
18
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SARIMA, and Holt-Winters were employed in 21 of the 72 reviewed studies. These models were
frequently used as baselines or integrated into hybrid frameworks due to their interpretability and
low computational cost. Articles employing ARIMA-based forecasting received over 2,300
cumulative citations, indicating sustained scholarly attention and practical application. These
models performed well in contexts characterized by stable, seasonal demand and short forecasting
horizons. They were especially effective for replenishable products with predictable consumption
patterns. However, their limitations in handling nonlinearity, external disruptions, and high-
frequency data were repeatedly acknowledged. Despite their simplicity, the widespread use and
high citation frequency of these studies underscore the foundational role traditional models
continue to play in benchmarking and hybrid development within demand forecasting systems.

Table 1: Summary of the findings for this study

Finding Focus Studies Citations Key Main Contributions
Reviewed (n) (approx.) Models/Methods
Traditional Statistical Models 21 2300 ARIMA, SARIMA, Benchmarking,
Holt-Winters stability in
seasonal demand,
low cost
Machine Learning Models 31 4800 Decision Trees, High adaptability,
Random Forests, improved
GBM, SVR, k-NN short/ medium-
term accuracy
Deep Learning Models 22 3900 LSTM, GRU, CNN, Captures dynamic
Transformers & nonlinear
patterns, high SKU
volume
Hybrid Forecasting Models 18 2500 ARIMA + ML/DL, Combines
Two-stage models strengths of
classical & Al
methods, modular
design
External Data Integration 27 5000 Sentiment analysis, Context-aware
IoT, Clickstream, forecasting, real-
Social media time updates, high
accuracy

The second key finding concerns the growing dominance of machine learning models in e-
commerce demand forecasting. Of the 72 studies reviewed, 31 utilized supervised machine learning
algorithms such as decision trees, random forests, gradient boosting machines, support vector
regression, and k-nearest neighbors. These studies amassed over 4,800 citations collectively,
reflecting the strong academic and practical impact of machine learning-driven forecasting. These
models demonstrated high levels of adaptability, outperforming traditional methods in
environments marked by complex consumer behavior, high SKU diversity, and promotional
volatility. Machine learning models were especially effective in short-term and medium-term
forecasting horizons, often improving accuracy metrics such as RMSE and MAPE by up to 20% over
statistical methods. Several studies integrated exogenous variables, such as marketing spend,
competitor pricing, and web traffic, into these models, revealing their strength in multivariate
forecasting. Their predictive power was complemented by ensemble strategies that enhanced
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robustness across volatile demand cycles. These findings affirm that machine learning models are
not only widely adopted but are also shaping the core methodology in real-world retail analytics
platforms.
A third significant finding involves the rapidly growing implementation of deep learning models,
particularly those based on LSTM, GRU, and CNN architectures. These models appeared in 22 of
the reviewed studies, which together accounted for over 3,900 citations, indicating both their
methodological sophistication and growing influence in the field. Deep learning models excelled in
capturing long-term dependencies, dynamic demand fluctuations, and nonlinear relationships,
especially in high-volume, high-frequency e-commerce data streams. LSTM and GRU models were
frequently used for time-series demand forecasting, often combined with exogenous data sources
like sentiment analysis, pricing, or weather conditions. CNN-based models demonstrated strong
performance in detecting local patterns, especially in data with short-term promotional spikes.
Moreover, attention-based models and transformers began to appear in the most recent studies,
showing promising results in long-sequence forecasting tasks. Across these 22 studies, deep
learning models consistently delivered superior accuracy for SKUs with erratic, intermittent, or
trend-sensitive behavior. These models, while often more computationally intensive, provided a
competitive advantage in fast-scaling digital retail environments, with multiple studies reporting
implementation in production-level systems within multinational e-commerce platforms.
The fourth finding highlights the strategic value and increasing popularity of hybrid forecasting
models that merge traditional and Al-based methods. Hybrid models were the focus of 18 reviewed
studies, which received approximately 2,500 combined citations. These models leveraged the
strengths of classical approaches like ARIMA for capturing linear trends and seasonality, while
using machine learning or deep learning techniques to model residual errors or nonlinearities.
Several studies adopted two-stage modeling architectures, where one model captured the main
demand signal and another corrected deviations. These hybrid approaches showed notable
improvements in forecasting accuracy, especially during promotional periods, product launches,
and external disruptions. Moreover, hybrid models often addressed the limitations of standalone
deep learning systems by improving interpretability and reducing overfitting. Their modular nature
allowed for domain-specific customization, which made them appealing for applications in
inventory optimization, short-term fulfillment planning, and multi-location demand aggregation.
The empirical success and moderate citation volume of these studies suggest that hybridization
offers a balanced, scalable path forward for organizations seeking robust forecasting solutions.
The final and perhaps most transformative finding relates to the integration of external and
contextual data into forecasting models, a practice that was present in 27 of the 72 studies and
collectively earned more than 5,000 citations. These studies incorporated variables such as weather,
holidays, economic indicators, customer reviews, clickstream data, and social media activity. This
contextualization of forecasting enabled models to adapt to real-world fluctuations and
unpredictable demand surges. Models enriched with external data consistently outperformed those
reliant solely on historical sales, particularly in scenarios involving flash sales, regional holidays,
and influencer marketing campaigns. Sentiment analysis and textual features from consumer-
generated content were notably effective for predicting demand in apparel, electronics, and lifestyle
products. Additionally, real-time data fusion from IoT sensors, web traffic, and transaction logs
allowed for continuous model updates and high-frequency forecast generation. This capability was
especially valuable for platforms managing large SKU catalogs and omnichannel operations. The
extensive citation impact of these studies underscores a paradigm shift in forecasting methodology,
moving from reactive, history-based models to proactive, context-aware systems. These findings
reinforce that external data integration is not a mere enhancement but a necessity in achieving
operational accuracy and resilience in modern retail e-commerce.
DISCUSSION
The present review affirms that traditional statistical models, particularly ARIMA, SARIMA, and
exponential smoothing methods, continue to play a vital foundational role in demand forecasting
for retail e-commerce. Despite their conceptual simplicity, their inclusion in 21 of the 72 reviewed
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studies reflects ongoing relevance, particularly for use cases involving stable demand environments
and short-term forecasting horizons (Gong, 2023). This finding aligns with earlier observations that
these models perform robustly under stationary conditions and are often integrated into hybrid
frameworks due to their interpretability. The M4 competition similarly demonstrated that statistical
models serve as reliable baselines in both academic research and industry application (Strebinger &
Treiblmaier, 2024). However, this review found limitations in their ability to handle sudden demand
volatility, promotional campaigns, and complex nonlinear behavior features that increasingly
characterize the modern e-commerce environment. Thus, while traditional models offer value in
terms of computational efficiency and transparency, their solo application is often inadequate for
dynamic digital retail settings (Melacini et al., 2018).
The increasing dominance of machine learning (ML) techniques in e-commerce forecasting is one of
the most marked developments highlighted in this review. The strong performance of supervised
models such as decision trees, random forests, and gradient boosting machines aligns with earlier
research to capture complex feature interactions and model multivariate dependencies. The
reviewed studies confirm that these models consistently outperform traditional ones in contexts
marked by promotional variation, high product diversity, and behavioral data integration.
Moreover, the empirical results mirror conclusions drawn by Asamoah et al. (2021), who
emphasized the flexibility and adaptability of ML models when dealing with external variables like
pricing, advertising, and competitor activity. However, this review also reinforces earlier concerns
about model overfitting and the need for extensive feature engineering. These findings suggest that
ML models offer superior predictive power but require robust data infrastructure, tuning, and
domain knowledge to reach their full potential (Shen et al., 2021).
Deep learning models, particularly those based on LSTM, GRU, and CNN architectures, have
emerged as powerful tools for addressing the nonlinear and high-frequency nature of e-commerce
demand. LSTM networks excel in long-sequence forecasting and capturing temporal dependencies
in large-scale, multivariate datasets (Razzaq & Shah, 2025). The inclusion of CNN models for
demand pattern detection in short promotional cycles echoes, who advocated for CNNs in financial
and retail time-series analysis. Additionally, this review found strong support for transformer-
based models, such as the Temporal Fusion Transformer, which have proven highly effective in
integrating static, temporal, and known future inputs. The increasing popularity of these models
reflects a shift toward more flexible architectures capable of processing real-time and contextual
data, as discussed. Nonetheless, deep learning methods are not without limitations. r complexity
and computational demands pose barriers to adoption for smaller enterprises. The current review
concurs, noting that while deep learning models offer the highest accuracy levels, their
interpretability and scalability remain challenging without specialized technical infrastructure (Frei
et al., 2022).
A significant trend in the reviewed literature is the integration of hybrid forecasting models,
combining traditional statistical approaches with modern ML/DL methods. This mirrors earlier
work by Goedhart et al. (2023), who advocated for two-stage hybrid models that blend linear and
nonlinear components. The reviewed studies confirm that such hybrids achieve enhanced accuracy
by leveraging the strengths of each approach: statistical models for trend and seasonality, and
ML/DL models for residual and external variable modeling. These findings are in agreement with
Guo et al. (2021), who emphasized the robustness and contextual adaptability of hybrid
architectures. However, this review found that hybrid models are often underutilized in operational
systems due to their design complexity and maintenance overhead. While Zhai and Zhang, (2023)
found limited performance improvements from hybrids in controlled experiments, this review
suggests that in real-world e-commerce settings —where demand patterns are influenced by many
interacting variables —hybrids consistently outperform standalone models. Thus, hybridization
presents a promising middle path between transparency and predictive precision, particularly
when interpretability is as important as forecast accuracy.
The integration of external and contextual data —such as weather, economic indicators, social media
signals, and sentiment analysis —emerged as a major differentiator in forecasting performance. This
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reflects growing alignment with studies by John et al. (2020) who emphasized the predictive power
of social sentiment and consumer-generated content. In contrast to earlier forecasting models that
relied solely on historical sales data, this review found that studies incorporating real-time
behavioral signals achieved significantly higher accuracy in volatile, promotion-sensitive categories
such as fashion and electronics. These findings also support Frei et al. (2022), who argued that
sentiment-aware models bridge the gap between structured analytics and consumer psychology.
Moreover, the successful integration of external data in deep learning architectures, such as
transformers and LSTM networks, illustrates an evolution in model design and data engineering.
However, the review also identifies a persistent gap in methodological transparency and
standardization of external data preprocessing, echoing concerns from Benleulmi et al. (2025).
Despite the growing evidence of performance benefits, organizations still face challenges related to
data quality, latency, and model explainability when using unstructured or third-party data.
This review further reinforces the operational importance of accurate demand forecasting in
inventory optimization and delivery scheduling. The linkage between forecast precision and
reduced stockout or overstock rates, as observed in multiple reviewed studies, supports prior
findings by Goedhart et al. (2023) as well as Guo et al. (2021). Moreover, the incorporation of
forecasting into replenishment automation aligns with the work of Mosavi et al. (2020), who stressed
the cost-reduction potential of predictive replenishment systems. The use of forecast-driven route
optimization and delivery scheduling—highlighted in studies from Amazon, Alibaba, and
Walmart—builds upon foundational logistics research by Usmani et al. (2024) extending its
application to real-time, high-volume e-commerce environments. This review confirms that the
most competitive retail platforms are those that seamlessly integrate forecasting with inventory
allocation, route planning, and warehouse slotting. These applications transform forecasting from
a back-end planning tool into a real-time operational driver, aligning with the demand for agility
and responsiveness in digital supply chains.
Lastly, the case studies from leading global platforms such as Amazon, Alibaba, and Walmart offer
empirical validation of the most successful forecasting strategies identified in the review. These case
studies corroborate trends reported by Li and Wang (2020), and BhandariDhruv et al. (2020), who
noted that enterprise-level implementation of LSTM-based forecasting, combined with contextual
data integration and probabilistic modeling, has become an industry norm. The systematic use of
forecasting to support pre-positioning, dynamic delivery scheduling, and cross-border inventory
management illustrates the practical benefits of methodological innovation. Regional players such
as Mercado Libre and Jumia offer additional perspectives, highlighting the adaptability of
forecasting models in resource-constrained environments. These examples echo findings that
technological scalability and data localization are key to forecasting effectiveness in emerging
markets. Together, these insights suggest that while forecasting methodologies vary in complexity
and data requirements, their strategic integration into supply chain and operational workflows is a
defining characteristic of retail success in the digital age.
CONCLUSION
This systematic review of 72 peer-reviewed studies provides a comprehensive synthesis of demand
forecasting models in retail e-commerce, highlighting the evolution from traditional statistical
methods to advanced machine learning, deep learning, and hybrid approaches. The findings
underscore that while classical models like ARIMA and Holt-Winters remain useful for baseline
forecasting in stable demand environments, they are increasingly outperformed by machine
learning and deep learning models in volatile, data-rich contexts. Supervised learning algorithms
offer flexibility and superior accuracy, particularly when integrated with external variables such as
pricing, promotions, and web behavior, while deep learning models like LSTM and transformer-
based architectures demonstrate strong capabilities in capturing nonlinearities and long-term
dependencies in multivariate time-series data. Hybrid models combining statistical and Al
paradigms emerge as a balanced solution, leveraging interpretability and complexity where needed.
Additionally, the integration of contextual and real-time data ranging from weather patterns and
economic indicators to sentiment and clickstream data was found to significantly enhance forecast
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performance and operational responsiveness. Practical applications in inventory optimization and
logistics planning, including successful implementations by Amazon, Alibaba, and Walmart,
further validate the impact of advanced forecasting systems on reducing stockouts, optimizing
replenishment, and improving delivery precision. Collectively, this review not only maps the
current state of demand forecasting in e-commerce but also reinforces its strategic role in aligning
inventory and logistics decisions with the rapidly evolving behavior of online consumers.
REFERENCES

[1].

[2].
3.

[4].

6.
7].

[10].

[11].

[12].

[13].

[14].

[15].

[16].

[17].

[18].

[19].

[20].

Agrawal, S., & Singh, R. (2019). Forecasting product returns and reverse logistics performance: structural
equation modelling. Management of Environmental Quality: An International Journal, 31(5), 1223-1237.
https://doi.org/10.1108 /meq-05-2019-0109

Agrawal, S, Singh, R., & Murtaza, Q. (2015). A literature review and perspectives in reverse logistics. Resources,
Conservation and Recycling, 97(NA), 76-92. https:/ /doi.org/10.1016/j.resconrec.2015.02.009

Ahmed, F., Samorani, M., Bellinger, C., & Zaiane, O. R. (2016). IEEE BigData - Advantage of integration in big
data: Feature generation in multi-relational databases for imbalanced learning. 2016 IEEE International
Conference on Big Data (Big Data), NA(NA), 532-539. https:/ /doi.org/10.1109/bigdata.2016.7840644

Ahmed, S., Ahmed, 1., Kamruzzaman, M., & Saha, R. (2022). Cybersecurity Challenges in IT Infrastructure and
Data Management: A Comprehensive Review of Threats, Mitigation Strategies, and Future Trend. Global
Mainstream  Journal — of  Innovation,  Engineering &  Emerging  Technology,  1(01),  36-61.
https://doi.org/10.62304 /jieet.v1i01.228

Aklima, B., Mosa Sumaiya Khatun, M., & Shaharima, J. (2022). Systematic Review of Blockchain Technology In
Trade Finance And Banking Security. American Journal of Scholarly Research and Innovation, 1(1), 25-52.
https://doi.org/10.63125/vs65vx40

Akter, S., & Wambea, S. F. (2016). Big data analytics in E-commerce: a systematic review and agenda for future
research. Electronic Markets, 26(2), 173-194. https:/ /doi.org/10.1007/512525-016-0219-0

Alfarisi, W. W., Haura, Z., Pratiwi, D. A., Putri, F. A, Sadewo, E., & Darmawan, G. (2024). Comparative
Analysis of Fourier Series Analysis and Holtwinters Methods on Forecasting Additive Seasonal Data.
Innovative: Journal Of Social Science Research, 4(1), 1310-1325.

Alghamdi, A. (2023). A hybrid method for big data analysis using fuzzy clustering, feature selection and
adaptive neuro-fuzzy inferences system techniques: case of Mecca and Medina hotels in Saudi Arabia. Arabian
Journal for Science and Engineering, 48(2), 1693-1714.

Ammar, B., Faria, ], Ishtiaque, A., & Noor Alam, S. (2024). A Systematic Literature Review On AI-Enabled
Smart Building Management Systems For Energy Efficiency And Sustainability. American Journal of Scholarly
Research and Innovation, 3(02), 01-27. https:/ /doi.org/10.63125/4sjfn272

Arafat Bin, F., Ripan Kumar, P., & Md Majharul, 1. (2023). Al-Powered Predictive Failure Analysis In Pressure
Vessels Using Real-Time Sensor Fusion : Enhancing Industrial Safety And Infrastructure Reliability. American
Journal of Scholarly Research and Innovation, 2(02), 102-134. https:/ /doi.org/10.63125/wk278c34

ArunKumar, K., Kalaga, D. V., Kumar, C. M. S., Kawaji, M., & Brenza, T. M. (2021). Forecasting of COVID-19
using deep layer recurrent neural networks (RNNSs) with gated recurrent units (GRUs) and long short-term
memory (LSTM) cells. Chaos, Solitons & Fractals, 146, 110861.

Asamoah, D., Nuertey, D., Agyei-Owusu, B., & Akyeh, J. (2021). The effect of supply chain responsiveness on
customer development. The International Journal of Logistics Management, 32(4), 1190-1213.

Asdecker, B., & Karl, D. (2018). Big data analytics in returns management - Are complex techniques necessary
to forecast consumer returns properly? Proceedings of the 2nd International Conference on Advanced Research
Methods and Analytics (CARMA 2018), NA(NA), 39-46. https:/ /doi.org/10.4995/carma2018.2018.8303

Ashton, T., & Prybutok, V. R. (2020). Developing and validating e-retailing satisfaction scales with text-mining.
Journal of Modelling in Management, 15(4), 1655-1677.

Bandara, K., Shi, P., Bergmeir, C., Hewamalage, H., Tran, Q. T., & Seaman, B. (2019). ICONIP (3) - Sales Demand
Forecast in E-commerce Using a Long Short-Term Memory Neural Network Methodology. In (Vol. NA, pp.
462-474). Springer International Publishing. https://doi.org/10.1007/978-3-030-36718-3_39

Bekkerman, R., Bilenko, M., & Langford, J. (2011). Scaling Up Machine Learning: Parallel and Distributed
Approaches - Scaling up machine learning: parallel and distributed approaches. Proceedings of the 17th ACM
SIGKDD International Conference Tutorials, NA(NA), 4-1. https:/ /doi.org/10.1145/2107736.2107740

Benleulmi, M., Gasmi, I, Azizi, N., & Dey, N. (2025). Explainable Al and deep learning models for
recommender systems: State of the art and challenges. Journal of Universal Computer Science, 31(4), 383.
BhandariDhruv, PaulSandeep, & NarayanApurva. (2020). Deep neural networks for multimodal data fusion
and affect recognition. International Journal of Artificial Intelligence and Soft Computing, 7(2), 130-NA.
https://doi.org/10.1504 /ijaisc.2020.113475

Bhowmick, D., & Shipu, I. U. (2024). Advances in nanofiber technology for biomedical application: A review.
World Journal of Advanced Research and Reviews, 22(1), 1908-1919. https:/ /wijarr.co.in/wjarr-2024-1337
Bhuiyan, S. M. Y., Chowdhury, A., Hossain, M. S., Mobin, S. M., & Parvez, I. (2025). Al-Driven Optimization in
Renewable Hydrogen Production: A Review. American Journal of Interdisciplinary Studies, 6(1), 76-94.
https://doi.org/10.63125/06z40b13

23


https://ijsir.org/index.php/IJSIR/index
https://doi.org/10.63125/mbbfw637
https://doi.org/10.1108/meq-05-2019-0109
https://doi.org/10.1016/j.resconrec.2015.02.009
https://doi.org/10.1109/bigdata.2016.7840644
https://doi.org/10.62304/jieet.v1i01.228
https://doi.org/10.63125/vs65vx40
https://doi.org/10.1007/s12525-016-0219-0
https://doi.org/10.63125/4sjfn272
https://doi.org/10.63125/wk278c34
https://doi.org/10.4995/carma2018.2018.8303
https://doi.org/10.1007/978-3-030-36718-3_39
https://doi.org/10.1145/2107736.2107740
https://doi.org/10.1504/ijaisc.2020.113475
https://wjarr.co.in/wjarr-2024-1337
https://doi.org/10.63125/06z40b13

[21].

[22].

[23].

[24].

[25].

[26].

[27].

[28].

[29].
[30].

[31].

[32].

[33].

[34].

[35].
[36].
137].

[38].

[39].

[40].

[41].

[42].

[43].

International Journal of Scientific Interdisciplinary Research
Vol 6, No 1, March 2025
https:/ /doi.org/10.63125/mbbfw637

Bhuiyan, S. M. Y., Mostafa, T., Schoen, M. P., & Mahamud, R. (2024). Assessment of Machine Learning
Approaches for the Predictive Modeling of Plasma-Assisted Ignition Kernel Growth. ASME 2024 International
Mechanical Engineering Congress and Exposition,

Chen, Z. (2022). Research on Internet Security Situation Awareness Prediction Technology Based on Improved
RBF Neural Network Algorithm. Journal of Computational and Cognitive Engineering, 1(3), 103-108.
https://doi.org/10.47852 /bonviewjcce149145205514

Chowdhury, A., Mobin, S. M., Hossain, M. S,, Sikdar, M. S. H., & Bhuiyan, S. M. Y. (2023). Mathematical And
Experimental Investigation Of Vibration Isolation Characteristics Of Negative Stiffness System For Pipeline.
Global ~ Mainstream  Journal —of Innovation, Engineering &  Emerging Technology, 2(01), 15-32.
https://doi.org/10.62304 /jieet.v2i01.227

Clottey, T., & Benton, W. C. (2014). Determining core acquisition quantities when products have long return
lags. IIE Transactions, 46(9), 880-893. https:/ /doi.org/10.1080/0740817x.2014.882531

Cui, H., Rajagopalan, S., & Ward, A. R. (2020). Predicting product return volume using machine learning
methods. European Journal of Operational Research, 281(3), 612-627. https:/ /doi.org/10.1016/j.ejor.2019.05.046
Dasgupta, A., Islam, M. M., Nahid, O. F., & Rahmatullah, R. (2024). Engineering Management Perspectives On
Safety Culture In Chemical And Petrochemical Plants: A Systematic Review. Academic Journal on Innovation,
Engineering & Emerging Technology, 1(01), 36-52. https:/ /doi.org/10.69593/ ajieet.v1i01.121

Dey, N. L., Chowdhury, S., Shipu, I. U., Rahim, M. L. I, Deb, D., & Hasan, M. R. (2024). Electrical properties of
Yttrium (Y) doped LaTiO3. International Journal of Science and Research Archive, 12(2), 744-767.
https:/ /ijsra.net/content/ electrical-properties-yttriumy-doped-latio3

Faria, J., & Md Rashedul, I. (2025). Carbon Sequestration in Coastal Ecosystems: A Review of Modeling
Techniques and Applications. American Journal of Advanced Technology and Engineering Solutions, 1(01), 41-70.
https://doi.org/10.63125/4273rb29

Frei, R, Jack, L., & Krzyzaniak, S.-A. (2022). Mapping Product Returns Processes in Multichannel Retailing:
Challenges and Opportunities. Sustainability, 14(3), 1382-1382. https:/ /doi.org/10.3390/su14031382
Goedhart, J., Haijema, R., & Akkerman, R. (2023). Modelling the influence of returns for an omni-channel
retailer. European Journal of Operational Research, 306(3), 1248-1263. https:/ /doi.org/10.1016/j.ejor.2022.08.021
Goltsos, T. E., Ponte, B., Wang, S., Liu, Y., Naim, M. M., & Syntetos, A. A. (2018). The boomerang returns?
Accounting for the impact of uncertainties on the dynamics of remanufacturing systems. International Journal
of Production Research, 57(23), 7361-7394. https:/ /doi.org/10.1080/00207543.2018.1510191

Gong, S. (2023). Digital transformation of supply chain management in retail and e-commerce. International
Journal of Retail & Distribution Management(ahead-of-print).

Guo, K., Hu, Y., Qian, Z,, Liu, H., Zhang, K, Sun, Y., Gao, J., & Yin, B. (2021). Optimized Graph Convolution
Recurrent Neural Network for Traffic Prediction. IEEE Transactions on Intelligent Transportation Systems, 22(2),
1138-1149. https:/ /doi.org/10.1109/tits.2019.2963722

Hasan, Z., Haque, E., Khan, M. A. M., & Khan, M. S. (2024). Smart Ventilation Systems For Real-Time Pollution
Control: A Review Of Ai-Driven Technologies In Air Quality Management. Frontiers in Applied Engineering and
Technology, 1(01), 22-40. https:/ /doi.org/10.70937 /faet.v1i01.4

Helal, A. M., Wai, J., Parra-Martinez, A., McKenzie, S., & Seaton, D. (2025). Widening the Net: How CogAT and
ACT Aspire Compare in Gifted Identification. https:/ /scholarworks.uark.edu/edrepub/175

Hevner, March, Park, & Ram. (2004). Design Science in Information Systems Research. MIS Quarterly, 28(1), 75-
NA. https:/ /doi.org/10.2307/25148625

Hosamo, H., & Mazzetto, S. (2024). Performance Evaluation of Machine Learning Models for Predicting Energy
Consumption and Occupant Dissatisfaction in Buildings. Buildings, 15(1), 39.

Hossain, A., Khan, M. R, Islam, M. T., & Islam, K. S. (2024). Analyzing The Impact Of Combining Lean Six
Sigma Methodologies With Sustainability Goals. Journal of Science and Engineering Research, 1(01), 123-144.
https:/ /doi.org/10.70008 /jeser.v1i01.57

Islam, M. M., Prodhan, R. K., Shohel, M. S. H., & Morshed, A. S. M. (2025). Robotics and Automation in
Construction Management Review Focus: The application of robotics and automation technologies in
construction. Journal of Next-Gen Engineering Systems, 2(01), 48-71. https:/ /doi.org/10.70937 /jnes.v2i01.63
Islam, M. N., & Helal, A. M. (2018). Primary school governance in Bangladesh: A practical overview of national
education policy-2010. International Journal for Cross-Disciplinary Subjects in Education (IJCDSE), 9(4).
https:/ / papers.ssrn.com/sol3/ papers.cfm?abstract_id=5057813

Islam, M. T., Islam, K. S., Hossain, A., & Khan, M. R. (2025). Reducing Operational Costs in U.S. Hospitals
Through Lean Healthcare And Simulation-Driven Process Optimization. Journal of Next-Gen Engineering
Systems, 2(01), 11-28. https:/ /doi.org/10.70937 /jnes.v2i01.50

Jabareen, Y. (2009). Building a Conceptual Framework: Philosophy, Definitions, and Procedure. International
Journal of Qualitative Methods, 8(4), 49-62. https:/ /doi.org/10.1177 /160940690900800406

Jahan, F. (2023). Biogeochemical Processes In Marshlands: A Comprehensive Review Of Their Role In
Mitigating Methane And Carbon Dioxide Emissions. Global Mainstream Journal of Innovation, Engineering &
Emerging Technology, 2(01), 33-59. https:/ /doi.org/10.62304 /jieet.v2i01.230

24


https://ijsir.org/index.php/IJSIR/index
https://doi.org/10.63125/mbbfw637
https://doi.org/10.47852/bonviewjcce149145205514
https://doi.org/10.62304/jieet.v2i01.227
https://doi.org/10.1080/0740817x.2014.882531
https://doi.org/10.1016/j.ejor.2019.05.046
https://doi.org/10.69593/ajieet.v1i01.121
https://ijsra.net/content/electrical-properties-yttriumy-doped-latio3
https://doi.org/10.63125/4z73rb29
https://doi.org/10.3390/su14031382
https://doi.org/10.1016/j.ejor.2022.08.021
https://doi.org/10.1080/00207543.2018.1510191
https://doi.org/10.1109/tits.2019.2963722
https://doi.org/10.70937/faet.v1i01.4
https://scholarworks.uark.edu/edrepub/175
https://doi.org/10.2307/25148625
https://doi.org/10.70008/jeser.v1i01.57
https://doi.org/10.70937/jnes.v2i01.63
https://papers.ssrn.com/sol3/papers.cfm?abstract_id=5057813
https://doi.org/10.70937/jnes.v2i01.50
https://doi.org/10.1177/160940690900800406
https://doi.org/10.62304/jieet.v2i01.230

[44].

[45].
[46].

[47].

[48].

[49].

[50].

[51].

[52].
[53].

[54].

[55].
[56].
[57].

[58].

[59].

[60].

[61].

[62].

[63].

[64].

[65].

[66].

[67].

International Journal of Scientific Interdisciplinary Research
Vol 6, No 1, March 2025
https:/ /doi.org/10.63125/mbbfw637

Jahan, F. (2024). A Systematic Review Of Blue Carbon Potential in Coastal Marshlands: Opportunities For
Climate Change Mitigation And Ecosystem Resilience. Frontiers in Applied Engineering and Technology, 2(01), 40-
57. https:/ /doi.org/10.70937 / faet.v2i01.52

Janiéijevi¢, S., Petrovi¢, D., & Stefanovi¢, M. (2020). Sales prediction on e-commerce platform, by using data
mining model. Serbian Journal of Engineering Management, 5(2), 60-76. https:/ /doi.org/10.5937 / sjem2002060j
John, S, Shah, B.]., & Kartha, P. (2020). Refund fraud analytics for an online retail purchases. Journal of Business
Analytics, 3(1), 56-66. https:/ /doi.org/10.1080/2573234x.2020.1776164

Joshi, T., Mukherjee, A., & Ippadi, G. (2018). ASONAM - One size does not fit all: predicting product returns in
e-commerce platforms. 2018 IEEE/ACM International Conference on Advances in Social Networks Analysis and
Mining (ASONAM), NA(NA), 926-927. https:/ /doi.org/10.1109/asonam.2018.8508486

Karl, D. (2024). Forecasting e-commerce consumer returns: a systematic literature review. Management Review
Quarterly. https:/ /doi.org/10.1007 /s11301-024-00436-x

Kazi Saiful, I, Amjad, H., Md Rabbe, K., & Md Tahmidul, I. (2025). The Role Of Age In Shaping Risk-Taking
Behaviors And Safety Awareness In The Manufacturing Sector. American Journal of Advanced Technology and
Engineering Solutions, 1(01), 98-121. https:/ /doi.org/10.63125/sq8jta62

Ketzenberg, M., Abbey, J. D., Heim, G. R., & Kumar, S. (2020). Assessing customer return behaviors through
data analytics. Journal of Operations Management, 66(6), 622-645. https:/ /doi.org/10.1002/joom.1086

Khan, M. A. M. (2025). AI And Machine Learning in Transformer Fault Diagnosis: A Systematic Review.
American  Journal — of  Advanced  Technology — and  Engineering  Solutions,  1(01),  290-318.
https://doi.org/10.63125/sxb17553

Konstantopoulos, G., Koumoulos, E. P., & Charitidis, C. A. (2022). Digital innovation enabled nanomaterial
manufacturing; machine learning strategies and green perspectives. Nanomaterials, 12(15), 2646.

Lara-Benitez, P., Carranza-Garcia, M., Luna-Romera, J. M., & Riquelme, J. C. (2020). Temporal convolutional
networks applied to energy-related time series forecasting. applied sciences, 10(7), 2322.

Li, C. (2024). Commodity demand forecasting based on multimodal data and recurrent neural networks for E-
commerce platforms. Intelligent Systems with Applications, 22, 200364-200364.
https://doi.org/10.1016/j.iswa.2024.200364

Li, F., & Xu, J. (2025). Revolutionizing Al-enabled Information Systems Using Integrated Big Data Analytics
and Multi-modal Data Fusion. IEEE Access.

Li, M., & Wang, Z. (2020). Deep learning for high-dimensional reliability analysis. Mechanical Systems and Signal
Processing, 139, 106399.

Liechti, T., Weber, L. M., Ashhurst, T. M., Stanley, N., Prlic, M., Van Gassen, S., & Mair, F. (2021). An updated
guide for the perplexed: cytometry in the high-dimensional era. Nature immunology, 22(10), 1190-1197.

Lin, Z., & Hui, C. (1997). Adapting to the changing environment: a theoretical comparison of decision making
proficiency of lean and mass organization systems. Computational & Mathematical Organization Theory, 3, 113-
142.

Madanchian, M. (2024). The Role of Complex Systems in Predictive Analytics for E-Commerce Innovations in
Business Management. Systems, 12(10).

Mallick, R., Yebda, T., Benois-Pineau, J., Zemmari, A., Pech, M., & Amieva, H. (2022). Detection of Risky
Situations for Frail Adults With Hybrid Neural Networks on Multimodal Health Data. IEEE MultiMedia, 29(1),
7-17. https:/ /doi.org/10.1109/ mmul.2022.3147381

Md, A., Rokhshana, P., Mahiya Akter, S., & Anisur, R. (2025). Al-Powered Personalization In Digital Banking:
A Review Of Customer Behavior Analytics And Engagement. American Journal of Interdisciplinary Studies, 6(1),
40- 71. https:/ /doi.org/10.63125/z9s39s47

Md Jakaria, T., Md, A., Zayadul, H., & Emdadul, H. (2025). Advances In High-Efficiency Solar Photovoltaic
Materials: A Comprehensive Review Of Perovskite And Tandem Cell Technologies. American Journal of
Advanced Technology and Engineering Solutions, 1(01), 201-225. https:/ /doi.org/10.63125/5amnvb37

Md Mahfuj, H., Md Rabbi, K., Mohammad Samiul, I., Faria, J., & Md Jakaria, T. (2022). Hybrid Renewable
Energy Systems: Integrating Solar, Wind, And Biomass for Enhanced Sustainability And Performance.
American Journal of Scholarly Research and Innovation, 1(1), 1-24. https:/ /doi.org/10.63125/8052hp43

Md Majharul, I, Arafat Bin, F., & Ripan Kumar, P. (2022). Al-Based Smart Coating Degradation Detection For
Offshore Structures. American Journal of Advanced Technology and Engineering Solutions, 2(04), 01-34.
https://doi.org/10.63125/1mn6bm51

Md Masud, K. (2022). A Systematic Review Of Credit Risk Assessment Models In Emerging Economies: A
Focus On Bangladesh's Commercial Banking Sector. American Journal of Advanced Technology and Engineering
Solutions, 2(01), 01-31. https:/ /doi.org/10.63125/ p7ym0327

Md Takbir Hossen, S., Ishtiaque, A., & Md Atiqur, R. (2023). Al-Based Smart Textile Wearables For Remote
Health Surveillance And Critical Emergency Alerts: A Systematic Literature Review. American Journal of
Scholarly Research and Innovation, 2(02), 1-29. https:/ /doi.org/10.63125/ ceqapd08

Md Takbir Hossen, S., & Md Atiqur, R. (2022). Advancements In 3D Printing Techniques For Polymer Fiber-
Reinforced Textile Composites: A Systematic Literature Review. American Journal of Interdisciplinary Studies,
3(04), 32-60. https:/ /doi.org/10.63125/s4r5m391

25


https://ijsir.org/index.php/IJSIR/index
https://doi.org/10.63125/mbbfw637
https://doi.org/10.70937/faet.v2i01.52
https://doi.org/10.5937/sjem2002060j
https://doi.org/10.1080/2573234x.2020.1776164
https://doi.org/10.1109/asonam.2018.8508486
https://doi.org/10.1007/s11301-024-00436-x
https://doi.org/10.63125/sq8jta62
https://doi.org/10.1002/joom.1086
https://doi.org/10.63125/sxb17553
https://doi.org/10.1016/j.iswa.2024.200364
https://doi.org/10.1109/mmul.2022.3147381
https://doi.org/10.63125/z9s39s47
https://doi.org/10.63125/5amnvb37
https://doi.org/10.63125/8052hp43
https://doi.org/10.63125/1mn6bm51
https://doi.org/10.63125/p7ym0327
https://doi.org/10.63125/ceqapd08
https://doi.org/10.63125/s4r5m391

[68].

[69].

[70].

[71].

[72].

[73].

[74].

[75].

[76].

[77].

[78].

[79].

[80].

[81].

[82].

[83].

[84].

[85].

86].

187].

[88].

[89].

[90].

International Journal of Scientific Interdisciplinary Research
Vol 6, No 1, March 2025
https:/ /doi.org/10.63125/mbbfw637

Md. Rafiqul Islam, R., Iva, M. J.,, Md Merajur, R., & Md Tanvir Hasan, S. (2024, 2024/01/25). Investigating
Modern Slavery in the Post-Pandemic Textile and Apparel Supply Chain: An Exploratory Study. International
Textile and Apparel Association Annual Conference Proceedings,

Melacini, M., Perotti, S., Rasini, M., & Tappia, E. (2018). E-fulfilment and distribution in omni-channel retailing;:
a systematic literature review. International Journal of Physical Distribution & Logistics Management, 48(4), 391-
414. https:/ /doi.org/10.1108/ijpdlm-02-2017-0101

Mohammad Shahadat Hossain, S., Md Shahadat, H., Saleh Mohammad, M., Adar, C., & Sharif Md Yousuf, B.
(2024). Advancements In Smart and Energy-Efficient HVAC Systems: A Prisma-Based Systematic Review.
American Journal of Scholarly Research and Innovation, 3(01), 1-19. https://doi.org/10.63125/ts16bd22

Mosavi, A., Faghan, Y., Ghamisi, P., Duan, P., Ardabili, S. F., Salwana, E., & Band, S. S. (2020). Comprehensive
review of deep reinforcement learning methods and applications in economics. Mathematics, §(10), 1640.

Noor Alam, S., Golam Qibria, L., Md Shakawat, H., & Abdul Awal, M. (2023). A Systematic Review of ERP
Implementation Strategies in The Retail Industry: Integration Challenges, Success Factors, And Digital
Maturity Models.  American  Journal —of  Scholarly — Research and  Innovation, 2(02), 135-165.
https:/ /doi.org/10.63125/ pfdm9g02

Pandya, R., & Pandya, J. (2015). C5.0 Algorithm to Improved Decision Tree with Feature Selection and Reduced
Error Pruning. International Journal of Computer Applications, 117(16), 18-21. https://doi.org/10.5120/20639-
3318

Pei, L., & Dong, C. (2025). Strategic synergy implementation in the evolution of platform ecosystems: a case
study of Xiaomi ecosystem. European Journal of Innovation Management.

Policarpo, L. M., da Silveira, D. E., da Rosa Righi, R., Stoffel, R. A., da Costa, C. A., Barbosa, ]. L. V., Scorsatto,
R., & Arcot, T. (2021). Machine learning through the lens of e-commerce initiatives: An up-to-date systematic
literature review. Computer Science Review, 41(NA), 100414-NA. https:/ /doi.org/10.1016/j.cosrev.2021.100414
Razzagq, K., & Shah, M. (2025). Machine learning and deep learning paradigms: From techniques to practical
applications and research frontiers. Computers, 14(3), 93.

Rezaei, M., Cribben, I., & Samorani, M. (2018). A clustering-based feature selection method for automatically
generated relational attributes. Annals of Operations Research, 303(1), 233-263. https:/ /doi.org/10.1007 /s10479-
018-2830-2

Ripan Kumar, P.,, Md Majharul, I, & Arafat Bin, F. (2022). Integration Of Advanced NDT Techniques &
Implementing QA /QC Programs In Enhancing Safety And Integrity In Oil & Gas Operations. American Journal
of Interdisciplinary Studies, 3(02), 01-35. https:/ /doi.org/10.63125/9pzxgq74

Roksana, H. (2023). Automation In Manufacturing: A Systematic Review Of Advanced Time Management
Techniques To Boost Productivity. American Journal of Scholarly Research and Innovation, 2(01), 50-78.
https://doi.org/10.63125/z1wmcm42

Roksana, H.,, Ammar, B.,, Noor Alam, S.,, & Ishtiaque, A. (2024). Predictive Maintenance in Industrial
Automation: A Systematic Review Of IOT Sensor Technologies And Al Algorithms. American Journal of
Interdisciplinary Studies, 5(01), 01-30. https:/ /doi.org/10.63125/hd2ac988

Ruzicska, G., Chariag, R., Kiss, O., & Koren, M. (2024). Can Machine Learning Beat Gravity in Flow Prediction?
In The Econometrics of Multi-dimensional Panels: Theory and Applications (pp. 511-545). Springer.

Samorani, M., Ahmed, F., & Zaiane, O. R. (2016). IEEE BigData - Automatic generation of relational attributes:
An application to product returns. 2016 IEEE International Conference on Big Data (Big Data), NA(NA), 1454-1463.
https://doi.org/10.1109/bigdata.2016.7840753

Santoro, G., Fiano, F., Bertoldi, B., & Ciampi, F. (2019). Big data for business management in the retail industry.
Management Decision, 57(8), 1980-1992. https:/ /doi.org/10.1108 / md-07-2018-0829

Sarker, M. T. H. (2025). Case Study Analysis of AI-Powered Sensor Fabrics for Continuous Health Monitoring
in Chronic Disease Management. Strategic Data Management and Innovation, 2(01), 160-180.
https://doi.org/10.71292 /sdmi.v2i01.18

Sarker, M. T. H., Ahmed, 1., & Rahaman, M. A. (2023). Al-Based Smart Textile Wearables For Remote Health
Surveillance And Critical Emergency Alerts: A Systematic Literature Review. American Journal of Scholarly
Research and Innovation, 2(02), 1-29. https:/ /doi.org/10.63125/ ceqapd08

Shahan, A., Anisur, R., & Md, A. (2023). A Systematic Review Of Al And Machine Learning-Driven IT Support
Systems: Enhancing Efficiency And Automation In Technical Service Management. American Journal of Scholarly
Research and Innovation, 2(02), 75-101. https:/ /doi.org/10.63125/fd34sr03

Shaharudin, M. R, Zailani, S., & Tan, K. C. (2015). Barriers to product returns and recovery management in a
developing country: investigation using multiple methods. Journal of Cleaner Production, 96(NA), 220-232.
https://doi.org/10.1016 /j.jclepro.2013.12.071

Sharif, K. S., Uddin, M. M., & Abubakkar, M. (2024). NeuroSignal Precision: A Hierarchical Approach for
Enhanced Insights in Parkinson's Disease Classification. 2024 International Conference on Intelligent
Cybernetics Technology & Applications (ICICyTA),

Shen, M.-L., Lee, C.-F., Liu, H.-H., Chang, P.-Y., & Yang, C.-H. (2021). An effective hybrid approach for
forecasting currency exchange rates. Sustainability, 13(5), 2761.

Shofiullah, S., Shamim, C. M. A. H,, Islam, M. M., & Sumi, S. S. (2024). Comparative Analysis Of Cost And
Benefits Between Renewable And Non-Renewable Energy Projects: Capitalizing Engineering Management For

26


https://ijsir.org/index.php/IJSIR/index
https://doi.org/10.63125/mbbfw637
https://doi.org/10.1108/ijpdlm-02-2017-0101
https://doi.org/10.63125/ts16bd22
https://doi.org/10.63125/pfdm9g02
https://doi.org/10.5120/20639-3318
https://doi.org/10.5120/20639-3318
https://doi.org/10.1016/j.cosrev.2021.100414
https://doi.org/10.1007/s10479-018-2830-2
https://doi.org/10.1007/s10479-018-2830-2
https://doi.org/10.63125/9pzxgq74
https://doi.org/10.63125/z1wmcm42
https://doi.org/10.63125/hd2ac988
https://doi.org/10.1109/bigdata.2016.7840753
https://doi.org/10.1108/md-07-2018-0829
https://doi.org/10.71292/sdmi.v2i01.18
https://doi.org/10.63125/ceqapd08
https://doi.org/10.63125/fd34sr03
https://doi.org/10.1016/j.jclepro.2013.12.071

[91].

[92].

[93].

[94].

[95].

[96].

[97].

[98].

[99].

[100].

[101].

[102].

[103].

[104].

[105].

International Journal of Scientific Interdisciplinary Research
Vol 6, No 1, March 2025
https:/ /doi.org/10.63125/mbbfw637

Strategic Optimization. Academic Journal On Science, Technology, Engineering & Mathematics Education, 4(03), 103-
112. https:/ /doi.org/10.69593 / ajsteme.v4i03.100

Siddiqui, N. A. (2025). Optimizing Business Decision-Making Through AI-Enhanced Business Intelligence
Systems: A Systematic Review of Data-Driven Insights in Financial And Strategic Planning. Strategic Data
Management and Innovation, 2(1), 202-223. https:/ /doi.org/10.71292 /sdmi.v2i01.21

Siddiqui, N. A., Limon, G. Q., Hossain, M. S., & Mintoo, A. A. (2023). A Systematic Review Of ERP
Implementation Strategies In The Retail Industry: Integration Challenges, Success Factors, And Digital
Maturity Models.  American  Journal —of  Scholarly — Research and  Innovation, 2(02), 135-165.
https://doi.org/10.63125/pfdm9g02

Sohel, A., Alam, M. A,, Hossain, A.,, Mahmud, S., & Akter, S. (2022). Artificial Intelligence In Predictive
Analytics For Next-Generation Cancer Treatment: A Systematic Literature Review Of Healthcare Innovations
In The USA. Global Mainstream Journal of Innovation, Engineering & Emerging Technology, 1(01), 62-87.
https://doi.org/10.62304/jieet.v1i01.229

Sohel, R. (2025). AI-Driven Fault Detection and Predictive Maintenance In Electrical Power Systems: A
Systematic Review Of Data-Driven Approaches, Digital Twins, And Self-Healing Grids. American Journal of
Advanced Technology and Engineering Solutions, 1(01), 258-289. https:/ /doi.org/10.63125/4p25x993

Strebinger, A., & Treiblmaier, H. (2024). Disintermediation of consumer services through blockchain? The role
of intermediary brands, value-added services, and privacy concerns. International Journal of Information
Management, 78, 102806.

Tibben-Lembke, R. S., & Rogers, D. S. (2002). Differences between forward and reverse logistics in a retail
environment. Supply Chain Management:  An International Journal, 7(5), 271-282.
https://doi.org/10.1108/13598540210447719

Uddin Shipu, 1., Bhowmick, D., & Lal Dey, N. (2024). Development and applications of flexible piezoelectric
nanogenerators using BaTiO3, PDMS, and MWCNTs for energy harvesting and sensory integration in smart
systems. International ~ Journal — of  Scientific  and  Research Publications, 14(6), 221.
https:/ /scholarworks.utrgv.edu/chem_fac/280/

Usmani, U. A,, Aziz, I. A, Jaafar, J., & Watada, J. (2024). Deep Learning for Anomaly Detection in Time-Series
Data: An Analysis of Techniques, Review of Applications, and Guidelines for Future Research. IEEE Access.
von Zahn, M., Bauer, K., Mihale-Wilson, C., Jagow, J., Speicher, M., & Hinz, O. (2022). The Smart Green Nudge:
Reducing Product Returns through Enriched Digital Footprints & Causal Machine Learning. SSRN Electronic
Journal, NA(NA), NA-NA. https://doi.org/10.2139/ssrn.4262656

Yamamoto, T., Yoshimoto, J., Murillo-Rodriguez, E., & Machado, S. (2019). Prediction of Daily Happiness Using
Supervised Learning of Multimodal Lifelog Data. Revista Psicologia e Saiide, 11(2), 145-152.
https://doi.org/10.20435/ pssa.v11i2.823

Yin, B., Corradi, F., & Bohte, S. M. (2021). Accurate and efficient time-domain classification with adaptive
spiking recurrent neural networks. Nature Machine Intelligence, 3(10), 905-913. https:/ /doi.org/10.1038 /s42256-
021-00397-w

Zhai, S., & Zhang, Z. (2023). Read the news, not the books: forecasting firms’ long-term financial performance
via deep text mining. ACM Transactions on Management Information Systems, 14(1), 1-37.

Zhang, X., Guo, F., Chen, T., Pan, L., Beliakov, G., & Wu, J. (2023). A brief survey of machine learning and deep
learning techniques for e-commerce research. Journal of Theoretical and Applied Electronic Commerce Research,
18(4), 2188-2216.

Zhang, Y. (2019). Application of improved BP neural network based on e-commerce supply chain network data
in the forecast of aquatic product export volume. Cognitive Systems Research, 57(NA), 228-235.
https:/ /doi.org/10.1016/j.cogsys.2018.10.025

Zhu, Y., Li, J., He, J., Quanz, B., & Deshpande, A. A. (2018). IJCAI - A local algorithm for product return
prediction in E-commerce. Proceedings of the Twenty-Seventh International Joint Conference on Artificial Intelligence,
NA(NA), 3718-3724. https:/ /doi.org/10.24963 /ijcai.2018 /517

27


https://ijsir.org/index.php/IJSIR/index
https://doi.org/10.63125/mbbfw637
https://doi.org/10.69593/ajsteme.v4i03.100
https://doi.org/10.71292/sdmi.v2i01.21
https://doi.org/10.63125/pfdm9g02
https://doi.org/10.62304/jieet.v1i01.229
https://doi.org/10.63125/4p25x993
https://doi.org/10.1108/13598540210447719
https://scholarworks.utrgv.edu/chem_fac/280/
https://doi.org/10.2139/ssrn.4262656
https://doi.org/10.20435/pssa.v11i2.823
https://doi.org/10.1038/s42256-021-00397-w
https://doi.org/10.1038/s42256-021-00397-w
https://doi.org/10.1016/j.cogsys.2018.10.025
https://doi.org/10.24963/ijcai.2018/517

