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Abstract

Demand forecasting in e-commerce procurement systems is
central to operational efficiency, customer satisfaction, and
cost reduction. Accurate forecasting enables organizations to
anticipate fluctuations in consumer demand, align

comprehensive literature-based review of predictive
analytics approaches in e-commerce demand forecasting up
to 2020. It examines methodological developments,
challenges, and applications across procurement systems,

procurement strategies, optimize inventory levels, and
minimize supply chain risks. Traditional forecasting
methods, while valuable, often fail to capture the
complexities of modern e-commerce, where purchasing
patterns are dynamic, influenced by seasonality, promotions,
social media trends, and external shocks. Predictive
analytics has emerged as a transformative approach,
leveraging machine learning, statistical modelling, and big
data analytics to enhance forecasting accuracy. By
exploiting diverse data sources including transaction
records, clickstream behaviour, demographic information,

highlighting the integration of regression models, time-
series forecasting, machine learning, and deep learning
algorithms. The review identifies trends toward hybrid and
ensemble models, the growing role of real-time analytics,
and the challenges of scalability, data quality, and
interpretability. The findings underscore that predictive
analytics holds substantial potential in improving demand
forecasting, but its successful adoption requires careful
alignment with organizational goals, robust data
governance, and cross-functional collaboration. The study
provides a structured synthesis of existing scholarship and

offers insights into the implications for e-commerce
procurement systems seeking to enhance forecasting
accuracy in volatile, data-rich environments.

and external market signals predictive models enable
organizations to move from reactive to proactive
procurement management. This study conducts a

Keywords: Predictive Analytics, Demand Forecasting, E-Commerce Procurement, Machine Learning, Time-Series Models,
Data-Driven Decision-Making

1. Introduction

Demand forecasting has long been a cornerstone of procurement and supply chain management, underpinning strategic and
operational decisions that influence production planning, inventory control, sourcing, and distribution. In e-commerce
procurement systems, the importance of accurate forecasting is magnified by the speed and volatility of online markets. Unlike
traditional retail, where demand may follow relatively stable seasonal patterns, e-commerce is characterized by rapid
fluctuations driven by promotional campaigns, social media influences, competitive pricing, and external disruptions [l. The
unprecedented growth of digital marketplaces has also introduced significant complexity into demand forecasting, as
organizations must contend with massive volumes of transactional and behavioural data generated by millions of consumers
across diverse geographies and platforms [ 31,

The growing prominence of e-commerce has reshaped procurement systems into highly dynamic networks that rely on real-
time decision-making. Inaccurate forecasts in such contexts can lead to severe consequences: overestimation may result in
excessive procurement, higher holding costs, and obsolescence, while underestimation may cause stockouts, lost sales, and
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customer dissatisfaction * 3. Given these stakes, improving
demand forecasting accuracy is not merely an operational
necessity but a strategic imperative for sustaining
competitiveness. The evolution of predictive analytics offers
organizations a means to address these challenges. By
integrating advanced statistical models, machine learning
algorithms, and big data analytics, predictive analytics
enables organizations to uncover hidden patterns in data,
anticipate demand shifts, and support evidence-based
procurement decisions & 71,

The significance of predictive analytics lies in its departure
from traditional forecasting methods that often rely on
historical sales data alone. Conventional techniques,
including moving averages, exponential smoothing, and
autoregressive models, assume that past patterns will
continue into the future with limited adjustments [*?1. While
effective in stable environments, these methods struggle to
account for the nonlinear, multidimensional influences that
characterize e-commerce demand. For instance, consumer
preferences are increasingly shaped by online reviews,
influencer marketing, and social media trends variables that
are difficult to capture using purely historical approaches 1%
1, Predictive analytics frameworks address this limitation
by leveraging diverse data sources, ranging from structured
transaction records to unstructured textual, visual, and
behavioural data, thereby offering a more comprehensive
foundation for forecasting ['> 131,

The expansion of big data technologies has further catalyzed
the adoption of predictive analytics in demand forecasting.
E-commerce platforms generate vast amounts of data
through customer interactions, website navigation patterns,
search queries, and purchase histories ['* 131, Additionally,
external data sources such as macroeconomic indicators,
weather forecasts, competitor pricing, and promotional
calendars provide valuable signals for demand prediction ['%
171, The integration of these heterogeneous datasets enables
predictive models to capture demand drivers that extend
beyond traditional sales data. This shift reflects a broader
transformation in procurement systems, where decision-
making increasingly depends on data-driven insights rather
than intuition or static models ['® 1],

Machine learning has been particularly influential in
redefining demand forecasting approaches. Algorithms such
as decision trees, random forests, support vector machines,
and neural networks have demonstrated superior accuracy
compared to traditional statistical models, particularly in
handling large and complex datasets 2%, For instance, neural
networks are capable of modelling nonlinear relationships
and interactions between variables, making them suitable for
capturing the complexity of e-commerce demand P!> 22,
Deep learning approaches, such as recurrent neural networks
(RNNs) and long short-term memory (LSTM) networks,
have further advanced forecasting capabilities by effectively
modelling sequential and temporal dependencies in demand
data 23241, These developments highlight the transformative
potential of predictive analytics in improving forecasting
accuracy and responsiveness in e-commerce procurement
systems.

A critical advantage of predictive analytics lies in its ability
to enable real-time forecasting. In e-commerce
environments where consumer behaviour changes rapidly,
static or periodic forecasts are often insufficient. Predictive
models that continuously ingest new data streams such as
website traffic, click-through rates, or trending keywords
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can dynamically update demand forecasts, allowing
procurement managers to adjust sourcing decisions in near
real-time 2> 201, This capability aligns with the increasing
demand for agility and responsiveness in procurement
systems, particularly in highly competitive markets where
delays in decision-making can result in significant losses
28]

Beyond accuracy, predictive analytics contributes to the
strategic objectives of procurement systems by supporting
risk mitigation and scenario planning. Forecasting models
can be used to simulate alternative demand scenarios,
enabling organizations to assess potential risks and prepare
contingency plans ?°1. For instance, predictive analytics can
help anticipate demand spikes during promotional events
such as Black Friday or Singles’ Day, as well as demand
drops during economic downturns or supply chain
disruptions. By integrating scenario-based forecasting into
procurement planning, organizations can strengthen their
resilience and ensure continuity in volatile markets.

The role of predictive analytics in e-commerce procurement
also reflects broader theoretical developments in supply
chain management. Resource dependence theory
emphasizes the importance of managing external
uncertainties by building capabilities that reduce reliance on
unpredictable suppliers 3% 31, Predictive demand forecasting
aligns with this perspective by equipping organizations with
foresight to anticipate and manage external shocks.
Similarly, the dynamic capabilities framework highlights the
importance of sensing, seizing, and transforming in
turbulent environments 2. Predictive analytics supports
these capabilities by enabling firms to sense emerging
patterns in consumer behaviour, seize opportunities through
agile procurement, and transform procurement strategies in
response to evolving market dynamics.

Despite its potential, the application of predictive analytics
in e-commerce demand forecasting is not without
challenges. Data quality remains a persistent issue, as
predictive models rely heavily on the accuracy,
completeness, and relevance of input data 1% 3%, Noisy,
inconsistent, or biased data can significantly impair
forecasting accuracy, leading to flawed procurement
decisions. Moreover, the implementation of predictive
analytics requires substantial investments in data
infrastructure, computational resources, and skilled
personnel 31, Small and medium-sized enterprises (SMEs)
may find it particularly difficult to adopt advanced models
due to resource constraints 361, These barriers highlight the
need for scalable, cost-effective, and interpretable
forecasting solutions that balance sophistication with
accessibility.

Interpretability is another critical concern, particularly in
machine learning-based forecasting models. While
algorithms such as neural networks may deliver superior
accuracy, they are often criticized as “black boxes” that
provide limited transparency into how predictions are
generated. For procurement managers, the inability to
understand model reasoning can hinder trust and adoption,
particularly in high-stakes decision contexts B7l. Recent
research has emphasized the need for explainable artificial
intelligence (XAI) approaches that balance predictive
accuracy with interpretability, ensuring that forecasting
models are both effective and comprehensible to decision-
makers %81,
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Ethical and privacy considerations also arise in predictive
analytics applications, particularly when using consumer
behavioural and demographic data. Concerns over data
protection regulations, such as the European Union’s
General Data Protection Regulation (GDPR), necessitate
careful governance of data collection, storage, and usage [3%
401, For e-commerce procurement systems, compliance with
these regulations is essential to avoid legal risks and
maintain consumer trust. This underscores the need for
frameworks that integrate predictive analytics with robust
data governance policies, ensuring that forecasting practices
are both effective and ethically responsible (41421,

In reviewing the literature up to 2020, it is evident that
predictive analytics represents a paradigm shift in demand
forecasting for e-commerce procurement. The move from
traditional statistical models to advanced machine learning
and big data approaches reflects the broader digital
transformation of supply chain and procurement systems >
41 This shift is not merely technological but also strategic,
as predictive forecasting enables organizations to align
procurement with consumer demand more closely, optimize
resource utilization, and build resilience in uncertain
markets ™ 49 However, realizing the full potential of
predictive analytics requires addressing persistent challenges
of data quality, resource constraints, interpretability, and
governance (4741,

The present study builds on this body of work by conducting
a comprehensive literature-based review of predictive
analytics approaches for demand forecasting in e-commerce
procurement systems, focusing specifically on contributions
published up to 2020. By synthesizing existing research, the
paper aims to provide a structured understanding of
methodological developments, highlight strengths and
limitations of different approaches, and identify key trends
shaping the future of demand forecasting. The review
contributes to both academic and practical discussions,
offering insights for researchers, practitioners, and
policymakers seeking to harness predictive analytics for
improving forecasting accuracy in e-commerce procurement
systems.

The remainder of the paper is structured as follows. Section
2 provides a detailed literature review of predictive analytics
approaches, tracing the evolution of methodologies,
applications, and key debates. Section 3 discusses the
implications of these approaches for procurement practice
and organizational strategy. Section 4 concludes with a
synthesis of key insights and directions for future research.

2. Literature Review

The application of predictive analytics in demand
forecasting for e-commerce procurement has developed
considerably in the past two decades, reflecting a confluence
of technological advancements, methodological innovations,
and strategic imperatives. The literature highlights the
transition from traditional statistical forecasting models to
advanced machine learning, hybrid frameworks, and real-
time analytics that better address the volatility and
complexity of online retail environments. This section
reviews the evolution of methodologies, the integration of
diverse data sources, the emergence of machine learning and
deep learning approaches, the growing emphasis on hybrid
and ensemble models, and the challenges associated with
adoption. By synthesizing these strands, the review provides
a structured understanding of how predictive analytics has
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been leveraged to improve demand forecasting accuracy in
e-commerce procurement systems up to 2020.

2.1 Traditional Forecasting Foundations

Early forecasting techniques in e-commerce borrowed
heavily from traditional retail models, which relied on time-
series methods such as moving averages, exponential
smoothing, and autoregressive integrated moving average
(ARIMA) models % 39 These approaches assumed that
demand followed consistent historical patterns and could be
projected into the future with limited adjustments. While
valuable for stable markets, such models were ill-suited for
e-commerce environments where demand is influenced by
highly dynamic factors, including digital marketing
campaigns, flash sales, and social media trends B! 32,
ARIMA, for instance, captured linear temporal
dependencies but struggled with nonlinear or multi-variable
influences common in digital commerce 3!, Consequently,
researchers began exploring more advanced models capable
of handling complexity and incorporating multiple
exogenous variables.

2.2 Incorporating Exogenous Variables

One of the earliest advancements was the inclusion of
external variables beyond historical sales data. Studies
demonstrated that demand in e-commerce could be
significantly influenced by promotional activities, pricing
strategies, website traffic, and macroeconomic conditions
1341, Regression-based models were extended to include these
predictors, improving forecasting accuracy compared to
univariate models . For example, regression models
incorporating promotional discounts and seasonal indicators
demonstrated improved demand predictions for online
retailers during high-variability periods such as holiday
seasons [*®l. This expansion reflected a growing recognition
that forecasting accuracy in e-commerce required capturing
both internal and external drivers of demand, paving the
way for data-rich predictive analytics approaches.

2.3 Emergence of Machine Learning

By the mid-2000s, the limitations of purely statistical
approaches led to the adoption of machine learning
algorithms in demand forecasting. Machine learning
techniques excel at identifying complex, nonlinear
relationships within large datasets, making them particularly
suited for e-commerce contexts 7. Decision trees and
random forests provided early demonstrations of machine
learning’s utility, offering interpretable models capable of
handling categorical variables and interactions. Support
vector machines (SVMs) also gained traction, especially for
classification-based forecasting tasks, such as predicting
whether demand for a given product would rise or fall.
Compared to ARIMA and regression, these methods offered
superior accuracy, particularly in handling high-dimensional
datasets with numerous predictors %,

The rise of artificial neural networks (ANNSs) further
advanced the application of machine learning in forecasting.
ANNs were capable of modelling highly nonlinear
functions, making them effective in capturing the
complexity of consumer demand patterns influenced by
multifaceted factors Pl Studies demonstrated that ANNs
outperformed traditional time-series models in predicting
short-term demand fluctuations, particularly in contexts with
high promotional intensity. However, early neural networks
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faced challenges such as overfitting and interpretability,
raising questions about their scalability and managerial
usability [, Nonetheless, their adoption marked a
significant shift toward more sophisticated, data-driven
forecasting approaches.

2.4 Deep Learning Approaches

The late 2010s witnessed the increasing application of deep
learning, particularly recurrent neural networks (RNNs) and
long short-term memory (LSTM) architectures, in e-
commerce forecasting. These models were designed to
capture sequential and temporal dependencies, making them
particularly effective for time-series forecasting Y. LSTMs
addressed the limitations of traditional RNNs, such as
vanishing gradients, by incorporating memory cells that
retained long-term dependencies 2. Applications in e-
commerce demonstrated that LSTMs provided superior
accuracy in forecasting demand for products with highly
variable or seasonal sales patterns. Convolutional neural
networks (CNNs), though originally developed for image
recognition, were also applied to demand forecasting tasks
where spatial-temporal patterns could be leveraged [,
These deep learning approaches represented the cutting edge
of predictive analytics in demand forecasting up to 2020,
offering capabilities well beyond traditional methods.

2.5 Hybrid and Ensemble Models

Recognizing that no single predictive approach could
capture all aspects of demand complexity, researchers
increasingly turned to hybrid and ensemble models. Hybrid
models combine the strengths of different techniques, such
as integrating ARIMA with neural networks to capture both
linear and nonlinear components of demand Y. Ensemble
methods, including bagging and boosting, aggregate
predictions from multiple models to improve overall
accuracy and robustness [®. For example, combining
decision trees with gradient boosting machines
demonstrated strong performance in predicting product-level
demand in online retail settings [, Hybrid approaches also
integrated machine learning with  domain-specific
knowledge, such as incorporating supply chain constraints
into predictive models [°7 %81, These developments reflected
a growing recognition that the heterogeneity of e-commerce
demand required diverse modeling strategies.

2.6 Big Data and Real-Time Analytics

A defining feature of predictive analytics in e-commerce
procurement has been the ability to harness big data for real-
time forecasting. E-commerce platforms generate massive
volumes of structured and unstructured data, including
transaction histories, clickstream data, search queries,
reviews, and social media interactions %% 7% Predictive
models that incorporate these data sources have
demonstrated significant improvements in forecasting
accuracy compared to models relying solely on historical
sales. For instance, sentiment analysis of online reviews and
social media posts has been shown to provide early
indicators of demand surges or declines 7! 72, Real-time
analytics platforms allow organizations to continuously
update forecasts as new data streams arrive, enabling agile
procurement responses to emerging trends. This capability is
particularly critical in highly competitive e-commerce
markets where consumer preferences shift rapidly.
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2.7 Applications in Procurement Systems

The integration of predictive analytics into procurement
systems has had significant implications for inventory
management, sourcing strategies, and supplier coordination.
Accurate demand forecasts enable organizations to optimize
procurement decisions, aligning inventory levels with
expected demand while minimizing holding costs 1. In e-
commerce, where product assortments are vast and
inventory turnover is rapid, predictive models help
procurement managers allocate resources efficiently across
product categories ["* 71, Furthermore, predictive analytics
supports supplier collaboration by providing visibility into
future demand, enabling suppliers to align their production
and delivery schedules with retailer requirements. This
alignment reduces the risk of stockouts or overstocking,
enhancing the overall efficiency of procurement systems [7°l,

2.8 Challenges and Limitations

Despite their promise, predictive analytics approaches in e-
commerce demand forecasting face several challenges. Data
quality remains a major issue, as models are highly sensitive
to noisy, incomplete, or biased data ** 771, The proliferation
of data sources also raises concerns about integration and
interoperability, particularly when combining structured and
unstructured datasets. From an organizational perspective,
the implementation of advanced predictive models requires
substantial investments in infrastructure, computational
power, and skilled personnel "®7°1, Smaller firms often lack
the resources to adopt such models, creating disparities in
forecasting capabilities across the industry. Additionally,
interpretability remains a persistent challenge, as many
machine learning and deep learning models function as
“black boxes” that provide limited transparency into their
predictions. This lack of interpretability can undermine trust
among procurement managers, particularly in high-stakes
decision contexts 8,

Privacy and ethical considerations also feature prominently
in the literature. Predictive models that leverage consumer
behavioural data must comply with data protection
regulations such as the European Union’s GDPR [l
Ensuring that data is collected, stored, and used responsibly
is essential for maintaining consumer trust and avoiding
legal risks. These considerations underscore the importance
of integrating predictive analytics into procurement systems
within robust ethical and governance frameworks 2,

2.9 Synthesis of Trends up to 2020

By 2020, several clear trends were evident in the literature
on predictive analytics for demand forecasting in e-
commerce procurement. First, there was a decisive shift
from traditional statistical models to machine learning and
deep learning approaches, reflecting the need to capture
nonlinear and complex demand patterns. Second, hybrid and
ensemble models gained traction as researchers sought to
combine the strengths of diverse techniques. Third, the
integration of big data and real-time analytics highlighted
the growing importance of responsiveness and agility in e-
commerce procurement systems. Finally, persistent
challenges including data quality, interpretability,
scalability, and ethical considerations remained barriers to
widespread adoption.

Overall, the literature illustrates that predictive analytics has
transformed demand  forecasting in  e-commerce
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procurement, offering unprecedented accuracy and strategic
value. However, the realization of these benefits depends on
addressing challenges related to data governance,
interpretability, and organizational readiness. These insights
set the stage for further discussion of the implications of
predictive analytics for procurement practice, which will be
examined in the subsequent section.

3. Discussion and Implications

The review of predictive analytics approaches to demand
forecasting in e-commerce procurement reveals a
fundamental transformation in how  organizations
conceptualize, design, and implement forecasting systems.
Traditional methods have given way to advanced analytics-
driven approaches that exploit large-scale data, machine
learning, and hybrid modelling. These developments carry
several implications for research, practice, and policy.

A primary implication is the strategic reorientation of
procurement functions. Forecasting accuracy is no longer
confined to operational efficiency but is increasingly tied to
strategic competitiveness, customer satisfaction, and
resilience. Inaccurate forecasts in e-commerce contexts can
lead to costly procurement errors, yet the deployment of
predictive analytics mitigates these risks by enabling
proactive decision-making. For managers, this implies that
demand forecasting should be viewed as a strategic
capability, integral to procurement planning, supplier
coordination, and customer service delivery. Predictive
analytics, therefore, shifts forecasting from a backward-
looking function to a forward-looking capability aligned
with organizational goals.

The findings also highlight the implications for data
infrastructure and governance. Predictive analytics models
depend on vast and diverse data sources, requiring robust
systems for collection, storage, integration, and analysis [8*
81 This necessitates investments in data lakes, cloud
computing, and advanced analytics platforms capable of
handling structured and unstructured datasets in real-time.
However, the sophistication of such infrastructures creates
challenges of data quality, consistency, and interoperability
(8] Firms must implement rigorous data governance
frameworks to ensure reliability, compliance with regulatory
requirements, and ethical use of consumer data B¢l For
policymakers, this raises questions about establishing
industry standards and regulatory oversight that safeguard
consumer rights while enabling innovation in predictive
analytics.

From a methodological perspective, the review underscores
the trade-off between accuracy and interpretability. While
advanced machine learning and deep learning models often
outperform traditional methods in forecasting accuracy, their
complexity reduces transparency 71, Procurement managers
may struggle to trust or explain the outputs of “black-box”
models, particularly when forecasts drive high-stakes
procurement decisions involving millions of dollars. This
challenge underscores the importance of explainable
artificial intelligence (XAI), which provides mechanisms for
interpreting model predictions without significantly
sacrificing accuracy ®® 1 For researchers, this presents a
fertile area for developing hybrid models that balance
accuracy, interpretability, and usability in procurement
contexts.

Another implication concerns organizational capability
building. Implementing predictive analytics requires skilled
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personnel, cross-functional collaboration, and cultural
readiness to embrace data-driven decision-making % °!I,
Many e-commerce organizations face shortages of data
scientists and analytics experts capable of designing,
deploying, and maintaining complex predictive systems %
%1 This talent gap necessitates investment in training,
partnerships, and technology transfer to ensure effective
adoption. Moreover, the organizational shift to predictive
forecasting requires collaboration between procurement, IT,
marketing, and operations teams, underscoring the need for
cross-disciplinary integration % %1 For smaller firms,
resource constraints may necessitate reliance on off-the-
shelf analytics solutions or partnerships with third-party
providers.

The integration of predictive analytics into procurement
systems also has implications for risk management and
resilience. The ability to simulate demand scenarios,
anticipate disruptions, and dynamically adjust forecasts
enhances supply chain resilience in volatile markets % 7],
This aligns with the broader movement toward agile
procurement systems that can adapt rapidly to external
shocks such as pandemics, economic downturns, or supply
disruptions. Predictive analytics thus serves not only as a
tool for accuracy but also as a capability for resilience,
supporting continuity in uncertain environments [%8],
Organizations that embed predictive forecasting within risk
management frameworks are better positioned to respond to
volatility and sustain competitive advantage.

Finally, there are implications for sustainability and
consumer trust. Predictive analytics enables more precise
procurement decisions, reducing waste, excess inventory,
and associated environmental impacts 1. At the same time,
the use of consumer behavioural and demographic data
raises privacy and ethical concerns that, if mishandled, may
erode trust. Organizations must therefore integrate
predictive analytics within ethical governance frameworks
that emphasize transparency, consent, and compliance with
regulations such as GDPR [1% 011 Balancing efficiency
gains with consumer trust and sustainability is essential for
long-term viability in e-commerce procurement systems.

In summary, the discussion highlights that predictive
analytics has redefined demand forecasting in e-commerce
procurement, offering significant benefits but also
introducing new challenges. For practitioners, the key lies in
aligning predictive systems with strategic priorities,
investing in data governance, ensuring interpretability, and
building organizational capacity. For researchers, the
challenge is to develop models that balance accuracy with
transparency, scalability, and ethical considerations. For
policymakers, the imperative is to provide regulatory clarity
and support frameworks that enable innovation while
safeguarding consumer rights.

4. Conclusion

This paper has examined the evolution of predictive
analytics approaches for improving demand forecasting
accuracy in e-commerce procurement systems, with a focus
on contributions published up to 2020. The review
highlights a clear trajectory from traditional statistical
models toward advanced machine learning, deep learning,
and hybrid frameworks capable of handling the volatility,
complexity, and data intensity of online retail environments.
These methodologies enable organizations to integrate
diverse data sources, capture nonlinear demand patterns, and
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generate real-time forecasts that significantly enhance
procurement decision-making 1%,

Several insights emerge from the analysis. First, predictive
analytics shifts demand forecasting from a reactive process
based on historical trends to a proactive capability that
anticipates future demand dynamics. This transformation
enhances procurement efficiency, reduces risks, and
supports customer satisfaction. Second, the adoption of
predictive forecasting requires robust data infrastructure,
governance, and organizational capabilities, underscoring
the importance of investment in technology, talent, and
cross-functional collaboration ['%31. Third, while advanced
models deliver superior accuracy, interpretability remains a
challenge, necessitating the development of explainable Al
approaches that ensure transparency and managerial trust
(1941 Finally, predictive analytics introduces both
opportunities and responsibilities: it supports sustainability
by reducing waste but also raises ethical and privacy
concerns that must be addressed through responsible data
practices [1%3],

For practitioners, the findings suggest that predictive
analytics should be viewed not simply as a technical
enhancement but as a strategic enabler of competitive
advantage in e-commerce procurement systems. For
researchers, the review identifies avenues for future work,
including the design of interpretable and scalable models,
integration of unstructured data sources, and exploration of
predictive analytics in emerging contexts such as omni-
channel retailing. For policymakers, the results highlight the
need for clear regulatory frameworks that foster innovation
while protecting consumer rights.

In conclusion, predictive analytics holds transformative
potential for improving demand forecasting accuracy in e-
commerce  procurement  systems. By  addressing
methodological, organizational, and ethical challenges,
stakeholders can unlock the full benefits of predictive
forecasting, enabling procurement systems to thrive in an

increasingly digital, data-driven, and uncertain marketplace
[78, 106]
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