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Abstract
Artificial intelligence (AI) has become a transformative technology for demand 
forecasting in manufacturing supply chains, improving forecasting accuracy, 
production planning, inventory optimization, and demand–supply synchronization 
in increasingly dynamic and data-intensive environments. Despite the rapid 
advancement of AI-driven forecasting, existing review studies remain fragmented, 
primarily focusing on forecasting algorithms and predictive performance while 
providing limited synthesis of methodological developments, implementation 
challenges, and emerging research gaps. Consequently, a comprehensive 
understanding of the evolution, adoption, and future trajectory of AI-enabled 
demand forecasting remains lacking. This work addresses these limitations 
through a systematic literature review, research gap analysis, and future research 
agenda on AI applications for demand forecasting in manufacturing supply 
chains. Following the PRISMA 2020 guidelines, this review systematically analyzes 
studies published between 2010 and 30 May 2026 to examine the evolution of AI 
methodologies, identify research trends and implementation barriers, evaluate 
unresolved theoretical and practical gaps, and propose strategic directions for future 
research. The findings reveal a clear transition from conventional machine learning 
to deep learning, reinforcement learning, hybrid intelligence, transformer-based 
architectures, and foundation AI, reflecting a broader shift from predictive analytics 
toward intelligent and autonomous decision-making. Although these advances have 
significantly enhanced forecasting performance and supply chain responsiveness, 
their industrial adoption remains constrained by challenges related to data quality, 
interoperability, model explainability, organizational readiness, enterprise system 
integration, scalability, AI governance, cybersecurity, and cross-organizational 
collaboration. The review further identifies critical research gaps, including the 
limited adoption of explainable AI, inadequate integration of foundation models 
and digital twins, fragmented evaluation frameworks, and insufficient real-world 
validation. It proposes a future research agenda centered on explainable and 
trustworthy AI, AI-driven decision intelligence, autonomous forecasting, responsible 
AI governance, sustainable AI, and autonomous manufacturing systems. This review 
contributes an integrated synthesis and research roadmap that advances both 
academic understanding and the practical implementation of intelligent, resilient, 
and sustainable manufacturing supply chains.
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1. Introduction
Demand forecasting is a strategic capability in 
manufacturing supply chains, underpinning production 
planning, inventory management, procurement, 
distribution, capacity allocation, and operational decision-
making. Accurate demand forecasts enable manufacturers 
to align supply with market demand, improve resource 
utilization, minimize waste, enhance customer service, and 
strengthen supply chain agility and resilience.1,2 However, 
increasing market volatility, shorter product life cycles, 
global supply chain disruptions, and rapidly evolving 
customer preferences have made demand forecasting 
considerably more complex while simultaneously 
increasing its strategic importance for maintaining 
operational efficiency and competitive advantage.3-5

The digital transformation associated with Industry 
4.0 has fundamentally reshaped manufacturing through 
the integration of cyber–physical systems, the Industrial 
Internet of Things (IIoT), cloud–edge computing, and 
advanced analytics. These technologies continuously 
generate vast volumes of heterogeneous and real-time 
data, creating unprecedented opportunities for intelligent 
decision-making across manufacturing operations. Within 
this evolving landscape, artificial intelligence (AI) has 
emerged as a key enabler of data-driven manufacturing, 
transforming demand forecasting from a traditional 
statistical planning activity into an intelligent, adaptive 
capability that supports real-time operational and strategic 
decision-making.6,7

Traditional forecasting techniques, including 
autoregressive integrated moving average (ARIMA), 
exponential smoothing, and regression models, continue to 
be widely adopted because of their simplicity, transparency, 
and interpretability. Nevertheless, their reliance on 
assumptions of linearity, stationarity, and stable historical 
relationships limits their ability to capture the complex 
and dynamic demand patterns characteristic of modern 
manufacturing environments, where intermittent demand, 
structural market shifts, and unexpected disruptions 
are increasingly common.8 In contrast, AI-based 
approaches can learn complex nonlinear relationships 
from heterogeneous data, continuously adapt to changing 
operating conditions, and exploit multiple information 
sources simultaneously. These capabilities make AI 
particularly well suited to addressing the uncertainty, 
volatility, and complexity that characterize contemporary 
manufacturing supply chains.9-11

The rapid advancement of AI has generated a substantial 
and diverse body of research on demand forecasting in 
manufacturing supply chains. Although several review 
studies have examined AI-enabled forecasting, machine 

learning techniques, or broader AI applications in supply 
chain management, most emphasize forecasting methods 
or predictive performance while providing limited 
synthesis of methodological evolution, manufacturing-
specific implementation challenges, and emerging AI 
paradigms. Moreover, existing reviews rarely present a 
comprehensive analysis of theoretical, methodological, and 
practical research gaps or establish a structured research 
agenda for future investigation. Consequently, a holistic 
understanding of the current state of AI-enabled demand 
forecasting and its future development remains limited, 
highlighting the need for a comprehensive and up-to-date 
systematic literature review.

1.1. AI-enabled demand forecasting in 
manufacturing supply chains

AI has fundamentally transformed demand forecasting 
by integrating diverse data sources—including historical 
sales, production records, inventory levels, promotional 
activities, economic indicators, weather conditions, 
and social media signals—to capture complex demand 
dynamics and evolving market conditions.12-14 Compared 
with conventional forecasting techniques, AI-based 
approaches consistently improve forecasting accuracy, 
reduce prediction errors associated with demand spikes 
and disruptions, and enhance production planning, 
procurement, inventory optimization, capacity 
management, and supply chain risk mitigation.15-17 
Enhanced demand visibility further strengthens 
coordination among supply chain partners, mitigates 
the bullwhip effect, and improves overall supply chain 
responsiveness, resilience, and competitiveness.18

Recent developments indicate a clear evolution from 
conventional predictive analytics toward intelligent decision 
support. Deep learning architectures—including recurrent 
neural networks (RNNs), long short-term memory 
(LSTM) networks, gated recurrent units (GRUs), and 
transformer-based models—effectively capture complex 
nonlinear temporal dependencies within manufacturing 
data, enabling more accurate and robust forecasting 
across dynamic operating environments.19 Beyond 
improving predictive performance, hybrid forecasting 
models combine complementary analytical techniques 
to enhance both accuracy and interpretability, while 
probabilistic forecasting explicitly quantifies uncertainty 
to support more informed decision-making. Furthermore, 
emerging paradigms—including causal machine learning, 
foundation models, and generative AI—are extending 
forecasting capabilities through improved scalability, 
transferability, adaptability, and explainability.20-22

The role of AI is increasingly extending beyond 
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prediction toward autonomous and collaborative decision-
making. Reinforcement learning integrates demand 
forecasting with inventory and production optimization 
through continuous interaction with dynamic 
manufacturing environments, although its industrial 
deployment remains constrained by computational 
complexity and implementation challenges.23 Similarly, 
explainable artificial intelligence (XAI) enhances 
model transparency and strengthens managerial trust 
by improving the interpretability of AI-generated 
predictions.24 At the same time, federated learning, 
blockchain, and secure multi-party computation facilitate 
collaborative forecasting across organizational boundaries 
while preserving data privacy and confidentiality.24 Figure 
1 summarizes the principal AI technologies and their 
applications in manufacturing demand forecasting.

1.2. Research gap, objectives, and contributions

Despite the rapid growth of AI-enabled demand 
forecasting research, the existing review literature remains 
fragmented. Previous reviews have predominantly focused 
on forecasting techniques, machine learning algorithms, 
or predictive performance, with limited attention to the 
evolution of AI methodologies, manufacturing-specific 
applications, implementation challenges, and emerging 
AI paradigms. Furthermore, few reviews systematically 
identify theoretical, methodological, and practical research 
gaps or provide a comprehensive future research agenda 
tailored to manufacturing supply chains. These limitations 
underscore the need for an updated systematic literature 
review that integrates current knowledge, critically 
evaluates the existing literature, and identifies priorities for 
future research.

To address these limitations, this study conducts a 

systematic literature review (SLR) of AI applications for 
demand forecasting in manufacturing supply chains, 
covering the period from 2010 to 30 May 2026 and 
following the PRISMA 2020 guidelines. Unlike previous 
reviews, this paper combines a systematic synthesis of AI 
methodologies with a comprehensive analysis of research 
trends, implementation challenges, research gaps, and 
future research directions. The review is guided by five 
research questions addressing the evolution of AI-enabled 
demand forecasting, AI methods and models, application 
trends and evaluation practices, implementation challenges 
and research gaps, and future research directions.

The research questions of this paper are as follows:

RQ1: How has AI-based demand forecasting research 
evolved in manufacturing supply chains?

RQ2: What AI methods, models, and approaches have 
been applied to demand forecasting?

RQ3: What are the key application trends, data 
characteristics, and evaluation practices?

RQ4: What challenges and research gaps constrain AI 
forecasting adoption?

RQ5: What future research directions can advance 
AI-enabled demand forecasting systems?

Research objectives include:

RO1: To examine the evolution of AI-based demand 
forecasting research.

RO2: To identify AI methods, models, and forecasting 
applications.

RO3: To synthesize application trends, data characteristics, 
and evaluation practices.

RO4: To identify major challenges and research gaps.
RO5: To propose future directions for reliable and adaptive 

AI-enabled forecasting systems.

Figure 1. How does AI-based demand forecasting work?
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This study makes three principal contributions to the 
literature. First, it provides a comprehensive and up-to-date 
systematic synthesis of AI-enabled demand forecasting 
research in manufacturing supply chains published between 
2010 and 30 May 2026, offering an integrated perspective on 
the evolution of the field. Second, it identifies and analyzes 
the theoretical, methodological, and practical research 
gaps while developing a systematic taxonomy that links AI 
forecasting methods with manufacturing applications, data 
characteristics, evaluation practices, and implementation 
challenges. Third, it proposes a structured future research 
agenda highlighting emerging opportunities in explainable 
AI, causal learning, foundation models, uncertainty-
aware forecasting, federated intelligence, and real-time 
decision support, thereby providing valuable guidance for 
researchers, practitioners, and policymakers seeking to 
develop intelligent, trustworthy, resilient, and sustainable 
manufacturing supply chains.

The remainder of this paper is organized as follows. 
Section 2 describes the PRISMA 2020-based review 
methodology. Section 3 presents the results of the literature 
synthesis and the proposed taxonomy. Section 4 discusses 
the key findings and future research directions. Finally, 
section 5 concludes the paper by summarizing the main 
contributions and outlining implications for both research 
and industrial practice.

2. Literature review
This study adopts a Systematic Literature Review 
(SLR) following the PRISMA 2020 guidelines to ensure 
methodological rigor, transparency, and reproducibility.25 
The review protocol comprised four sequential phases: 
identification, screening, eligibility assessment, and study 
inclusion. To enhance the reliability and reproducibility of 
the review, a predefined search strategy, explicit inclusion 
and exclusion criteria, a structured quality assessment 
framework, and a transparent screening process were 
employed. The selected studies were systematically 
synthesized to examine the evolution of AI-enabled 
demand forecasting in manufacturing supply chains, 
classify AI methodologies and applications, identify 
implementation challenges and research gaps, and propose 
future research directions.

(a)	 Data sources and search strategy: A comprehensive 
literature search was conducted across Scopus, 
Web of Science, IEEE Xplore, ScienceDirect, and 
SpringerLink, selected for their broad coverage 
of high-quality research in artificial intelligence, 
manufacturing, operations management, and supply 
chain management. The search covered publications 
from January 2010 to May 30, 2026. A standardized 

Boolean search strategy combined three groups of 
keywords related to AI technologies (e.g., AI, machine 
learning, deep learning, reinforcement learning, 
neural network, transformer, and foundation 
model), forecasting (e.g., demand forecasting, sales 
forecasting, time-series forecasting, and demand 
prediction), and manufacturing supply chains (e.g., 
manufacturing supply chain, industrial supply chain, 
and production planning). The search syntax was 
adapted to the indexing requirements of each database 
while preserving equivalent search logic. 

(b)	 Eligibility criteria: Explicit inclusion and exclusion 
criteria were established a priori to ensure 
methodological consistency and domain relevance. 
Studies were included if they (i) were peer-reviewed 
journal articles or high-quality conference papers, (ii) 
were published in English between 2010 and 30 May 
2026, (iii) investigated AI-enabled demand forecasting 
in manufacturing or closely related supply chain 
contexts, and (iv) reported empirical, computational, 
simulation-based, or experimental validation. Studies 
were excluded if they were books, book chapters, 
editorials, theses, reports, or other non-peer-reviewed 
publications; unrelated to manufacturing demand 
forecasting; purely conceptual without empirical 
validation; or lacked sufficient methodological or 
evaluation details. These predefined criteria ensured 
that only methodologically rigorous and practically 
relevant studies were retained for analysis.

(c)	 Screening process and PRISMA workflow: The 
study selection process followed the PRISMA 2020 
framework. From the 412 records initially retrieved, 
64 duplicate records were removed, resulting in 348 
unique studies. Title and abstract screening excluded 
196 studies that did not satisfy the eligibility criteria, 
leaving 152 studies for full-text assessment. Following 
detailed evaluation, 63 studies were excluded because 
of insufficient methodological rigor, inadequate 
empirical validation, or limited relevance to the 
review scope. Consequently, 89 studies were included 
in the final synthesis, representing an inclusion rate of 
21.6%. To improve transparency and reproducibility, 
studies were screened independently using the 
predefined eligibility criteria, and any disagreements 
regarding inclusion were resolved through discussion 
until consensus was reached. The complete selection 
process is illustrated in the PRISMA 2020 flow 
diagram (Figure 2).

(d)	 Quality assessment: To ensure the credibility 
and methodological robustness of the synthesized 
evidence, all eligible studies were evaluated using a 
structured quality assessment framework adapted 
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from established SLR practices. Each study was 
assessed against six predefined criteria: (i) research 
objectives and design, (ii) dataset transparency and 
adequacy, (iii) AI model specification, (iv) validation 
methodology, (v) performance evaluation and 
reporting, and (vi) reproducibility of findings. Studies 
failing to satisfy the minimum quality requirements, 
particularly those with inadequate methodological 
reporting or insufficient empirical validation, were 
excluded from the final review. This process ensured 
that the synthesized evidence was derived from high-
quality and methodologically sound studies.

(e)	 Data synthesis: The final dataset of 89 studies was 
synthesized using a structured thematic analysis 
complemented by descriptive quantitative analysis. 
The studies were systematically classified according 
to AI methodology (machine learning, deep learning, 
reinforcement learning, hybrid intelligence, and 
emerging AI paradigms), manufacturing application, 
forecasting horizon, data characteristics, evaluation 
metrics, implementation challenges, and research 
outcomes. This multidimensional synthesis enabled 
comprehensive comparisons across studies, identified 
methodological developments and emerging research 
trends, revealed persistent theoretical and practical 
research gaps, and supported the development 
of a structured taxonomy of AI-enabled demand 
forecasting in manufacturing supply chains.

(f)	 Methodological positioning: This review adopts 
a socio-technical systems perspective, positioning 
AI-enabled demand forecasting as an intelligent 
decision-support capability that integrates advanced 
AI methods, heterogeneous data ecosystems, 
organizational capabilities, and digital infrastructure 
within manufacturing supply chains. Beyond 
synthesizing forecasting algorithms, the review 
systematically integrates methodological advances, 
manufacturing applications, implementation 
challenges, organizational considerations, and 
emerging AI paradigms. This holistic analytical 
perspective provides a comprehensive understanding 
of the evolution of AI-enabled demand forecasting, 
identifies unresolved theoretical, methodological, 
and practical research gaps, and establishes a robust 
foundation for future research and industrial 
implementation.

AI has redefined demand forecasting in manufacturing 
supply chains by transforming it from a statistical prediction 
task into an intelligent decision-support capability.26 
Unlike conventional forecasting approaches, AI integrates 
heterogeneous data—including historical sales, production 
records, inventory levels, promotional activities, economic 
indicators, weather conditions, and social media signals—
to capture nonlinear demand patterns, adapt to evolving 
market conditions, and continuously improve forecasting 
performance. As a result, AI consistently outperforms 

Figure 2. PRISMA flow diagram (January 2010 to May 30, 2026)
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traditional forecasting methods by reducing forecasting 
errors, including mean absolute percentage error (MAPE), 
while improving the prediction of demand spikes and 
market disruptions.27

The benefits of AI extend well beyond predictive 
accuracy. More reliable forecasts improve production 
planning, procurement, inventory optimization, capacity 
allocation, and supply chain risk management while 
enhancing coordination across suppliers, manufacturers, 
distributors, and retailers. By increasing demand visibility 
and reducing information distortion, AI strengthens 
supply chain synchronization, mitigates the bullwhip 
effect, and enhances operational agility, resilience, and 
competitive performance, positioning demand forecasting 
as a strategic capability rather than a purely operational 
function.16-18 

The evolution of AI has also expanded forecasting from 
prediction to intelligent decision support. Deep learning 
architectures—including recurrent neural networks 
(RNNs), long short-term memory (LSTM) networks, 
gated recurrent units (GRUs), and transformer-based 
models—have substantially improved the modeling of 
nonlinear temporal dependencies in manufacturing 
data.19  Complementary advances in hybrid forecasting, 
probabilistic forecasting, causal machine learning, 
foundation models, and generative AI have further 
improved interpretability, uncertainty quantification, 
knowledge transfer, and scalability, reflecting a broader 
shift toward adaptive and context-aware forecasting 
systems.

A parallel stream of research focuses on making AI 
forecasting systems more autonomous, transparent, and 
collaborative. Reinforcement learning integrates demand 
forecasting with inventory and production optimization 
through continuous interaction with dynamic 
manufacturing environments, although industrial 
implementation remains constrained by computational 
complexity, reward-function design, parameter tuning, 
and validation requirements.23 Likewise, XAI addresses 
the limited transparency of high-capacity models by 
improving interpretability, managerial trust, and decision 
accountability.24 Beyond organizational boundaries, 
federated learning, blockchain, and secure multi-party 
computation enable collaborative forecasting while 
preserving data privacy and ownership, although technical 
and governance challenges continue to limit widespread 
implementation.24 

Despite rapid methodological progress, the literature 
consistently indicates that successful AI-enabled forecasting 
depends on more than algorithmic sophistication. 
Forecasting performance remains highly sensitive to data 

quality, noisy and incomplete observations, heterogeneous 
industrial datasets, and concept drift, requiring robust 
data governance, continuous model monitoring, 
adaptive retraining, and close collaboration among data 
scientists, operations managers, and domain experts.7,8,28  
Furthermore, organizational capabilities—including 
digital maturity, AI expertise, governance mechanisms, 
and strategic alignment—are critical determinants of 
industrial adoption, indicating that sustainable value 
creation depends on integrating technological innovation 
with organizational readiness.13,14

2.1. Limitations of traditional inventory forecasting 
and inventory management systems

Inventory management plays a strategic role in 
manufacturing supply chains by balancing inventory 
availability with operational efficiency, customer service, 
and financial performance. Maintaining sufficient 
inventory supports uninterrupted production and timely 
deliveries, whereas excessive inventory increases holding, 
storage, insurance, and obsolescence costs. Conversely, 
insufficient inventory results in stockouts, production 
disruptions, and lost sales. These challenges are amplified 
in multi-stage production systems, diverse product 
portfolios, and globally distributed supply networks, 
making effective inventory management essential for 
supply chain resilience and competitiveness.29-31 Because 
inventory represents a significant proportion of current 
assets, efficient inventory control also improves liquidity, 
profitability, and resource utilization.32

Manufacturing organizations have traditionally relied 
on a range of inventory planning and control techniques 
to improve operational performance. Classical methods 
such as Economic Order Quantity (EOQ), ABC analysis, 
safety stock, and reorder-point systems optimize inventory 
levels by balancing ordering and holding costs.33-35 These 
approaches are complemented by Just-in-Time (JIT), the 
Toyota Production System (TPS), Materials Requirements 
Planning (MRP I/II), Distribution Requirements Planning 
(DRP), and integrated materials management systems, 
which improve production coordination, procurement, and 
inventory control.36-42 Process improvement frameworks, 
including Lean Six Sigma (LSS), DMAIC, FMEA, SPC, 
and ISO 9001, further enhance inventory accuracy, process 
stability, and continuous improvement.43-50

These conventional approaches have contributed 
significantly to improving inventory turnover, reducing 
operational costs, shortening lead times, and enhancing 
production efficiency.51-55 Nevertheless, they are primarily 
designed for relatively stable operating environments and 
depend heavily on historical data, predefined decision 
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rules, and periodic review policies. Consequently, their 
ability to capture nonlinear demand patterns, rapidly 
changing customer preferences, and external disruptions 
is limited. Their reliance on manual processes and isolated 
information systems further reduces real-time visibility, 
scalability, and responsiveness in complex manufacturing 
supply chains.56-58

The limitations of traditional inventory systems 
become more pronounced under demand volatility, supply 
uncertainty, geopolitical disruptions, and increasingly 
digital manufacturing environments. Conventional 
models often struggle to integrate heterogeneous data 
sources, adapt to changing market conditions, and support 
timely decision-making across multi-echelon supply 
chains.59 Although they remain relatively inexpensive and 
straightforward to implement, their limited analytical 
capability constrains forecasting accuracy and operational 
agility. These challenges have accelerated the transition 
toward AI-enabled inventory management, where machine 
learning, predictive analytics, automation, and real-time 
data integration enable adaptive inventory optimization, 
intelligent replenishment, and resilient decision-making in 
dynamic manufacturing environments.42 

2.2. AI-based inventory optimization and supply 
chain performance

Demand forecasting and inventory optimization 
represent interconnected capabilities within intelligent 
manufacturing systems. Accurate AI-based forecasts 
provide the foundation for adaptive inventory strategies by 
enabling organizations to balance holding costs, stockout 
risks, and service-level requirements under uncertain 
operating conditions. Recent studies demonstrate 
that AI-enabled inventory optimization improves 
decision quality by integrating predictive analytics with 
advanced optimization methods capable of addressing 
stochastic demand patterns and supply variability.60-62 
Unlike traditional inventory approaches based on fixed 
assumptions, AI-driven systems continuously analyze 
operational data and generate adaptive replenishment 
decisions that better reflect dynamic supply chain 
conditions. 

Conventional inventory management techniques, such 
as Economic Order Quantity (EOQ) models and reorder 
point systems, remain important due to their simplicity, 
transparency, and ease of implementation. However, these 
approaches generally assume stable demand, fixed lead 
times, and predictable supply conditions, limiting their 
effectiveness in modern manufacturing environments 
characterized by volatility, short product life cycles, and 
complex multi-echelon networks.63 AI-based inventory 
models overcome these limitations by incorporating real-

time data, probabilistic forecasts, and continuous learning 
mechanisms to improve replenishment decisions and 
operational responsiveness.64,65

AI and machine learning techniques have significantly 
enhanced inventory management by enabling 
organizations to identify complex patterns within large-
scale supply chain datasets. Machine learning models 
improve demand prediction, inventory visibility, and 
resource allocation by integrating historical sales data, 
production information, sensor data, market conditions, 
and external variables.66,67 Unlike conventional statistical 
models that rely on predefined assumptions, AI algorithms 
learn directly from data and continuously improve their 
performance as additional observations become available. 
This capability enables manufacturers to achieve more 
accurate inventory decisions under uncertain and rapidly 
changing market conditions.

Among AI methodologies, deep learning approaches 
have demonstrated strong potential for inventory 
intelligence due to their ability to capture nonlinear 
relationships and temporal dependencies. Architectures 
such as artificial neural networks (ANNs), deep neural 
networks (DNNs), recurrent neural networks (RNNs), 
and long short-term memory (LSTM) networks have 
been widely applied in demand forecasting and predictive 
inventory control problems. Furthermore, convolutional 
neural networks (CNNs) and advanced sequential 
learning architectures effectively identify complex demand 
fluctuations and improve forecasting robustness in dynamic 
supply chain environments.68,69 These developments have 
enabled inventory systems to move from reactive control 
mechanisms toward predictive and adaptive decision-
support platforms.

Hybrid and probabilistic forecasting approaches have 
further strengthened AI-based inventory optimization 
by addressing uncertainty and improving decision 
reliability. Hybrid models combine statistical forecasting 
techniques with machine learning algorithms to achieve a 
balance between predictive accuracy and interpretability. 
For example, the Hidden Markov Model Newsvendor 
(HMMNV) integrates neural networks with Hidden 
Markov Models to improve inventory decision performance, 
achieving a 27% improvement in cost-related metrics. 
Similarly, probabilistic forecasting enables organizations 
to evaluate multiple future demand scenarios rather than 
relying solely on deterministic predictions, supporting 
improved safety stock decisions, risk management, and 
contingency planning.70 These approaches are particularly 
valuable in manufacturing environments where demand 
uncertainty and supply disruptions significantly influence 
inventory performance.
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Reinforcement learning has emerged as one of the 
most promising AI approaches for adaptive inventory 
optimization because of its ability to learn optimal policies 
through interaction with dynamic environments. Unlike 
traditional optimization models that depend on predefined 
rules, reinforcement learning–based systems continuously 
adjust inventory decisions according to changing demand 
conditions, supply constraints, and operational objectives. 
Studies demonstrate that Deep Q-Network (DQN) and 
Proximal Policy Optimization (PPO) approaches can 
achieve near-optimal performance in multi-item inventory 
systems involving stochastic demand, capacity limitations, 
shelf-life constraints, and product interactions.71 
Similarly, reinforcement learning has demonstrated 
superior performance compared with conventional 
replenishment strategies in healthcare inventory systems.72 
However, practical adoption remains challenging due 
to computational complexity, reward-function design, 
parameter tuning requirements, and the need for extensive 
industrial validation.23  Additional studies highlight the 
importance of reward shaping for improving learning 
stability in perishable inventory systems and provide 
structured research directions for broader reinforcement 
learning implementation.73,74

AI-based inventory optimization provides significant 
operational benefits by improving production planning, 
procurement coordination, inventory utilization, and 
supply chain responsiveness. By enhancing demand 
visibility, AI systems enable manufacturers to reduce 
excess inventory, minimize stockout risks, optimize 
replenishment decisions, and improve service levels. 
Recent studies confirm that AI-driven inventory 
approaches contribute to lower operational costs, 
improved resource utilization, and enhanced supply chain 
performance.75,76 Furthermore, improved information 
availability strengthens coordination among suppliers, 
manufacturers, distributors, and retailers by reducing 
information distortion and mitigating the bullwhip effect. 
Through improved demand sensing and information 
exchange, AI systems support greater synchronization and 
responsiveness across supply chain networks.77,78

Beyond operational improvements, AI-enabled 
inventory systems support strategic decision-making 
by providing predictive and prescriptive insights. 
Organizations can use AI-generated forecasts to perform 
scenario analysis, evaluate alternative strategies, and 
develop contingency plans for disruptions such as supplier 
failures, transportation interruptions, and demand shocks. 
Consequently, AI transforms inventory management 
from a transactional control activity into a strategic 
capability that supports resilience, agility, and long-term 

competitiveness.

The application of AI has also expanded inventory 
management beyond forecasting and replenishment 
toward intelligent monitoring and autonomous decision 
systems. Inventory visibility has become a critical capability 
for improving transparency and operational efficiency. 
Decision-support systems based on machine learning 
improve item tracking and reduce inefficiencies, while 
computer vision technologies enable automated inventory 
monitoring and warehouse intelligence. For example, 
Decision Tree–based systems have been developed to 
improve inventory visibility in constrained environments.79 
CNN-based approaches have achieved low detection error 
rates in inventory monitoring applications, while real-
time out-of-stock detection systems and UAV-assisted 
recognition frameworks further enhance automated 
inventory control capabilities.80-82

The integration of AI with digital twin technologies 
represents another important advancement in intelligent 
inventory and manufacturing systems. Digital twins 
provide virtual representations of physical processes, 
enabling real-time monitoring, simulation, and predictive 
analysis. When combined with AI forecasting models, 
digital twins allow organizations to evaluate alternative 
production and inventory strategies before implementing 
operational changes, thereby improving decision quality 
and reducing uncertainty.7 This integration supports 
the development of more adaptive and autonomous 
manufacturing ecosystems.

AI-driven inventory optimization also contributes 
significantly to sustainability and supply chain resilience. 
Accurate forecasting reduces overproduction, unnecessary 
inventory accumulation, material waste, and inefficient 
resource utilization by aligning production activities 
with actual market requirements. These capabilities 
support lean manufacturing principles and improve 
environmental performance through reduced energy 
consumption, transportation requirements, and resource 
waste.8 Furthermore, AI improves resource planning 
by enabling more accurate procurement, workforce 
allocation, production scheduling, and capacity utilization, 
supporting more sustainable manufacturing practices and 
circular economy objectives.18

In addition to sustainability benefits, AI strengthens 
supply chain resilience by enabling organizations to 
anticipate disruptions and develop proactive response 
strategies. Manufacturing networks increasingly face 
uncertainty from geopolitical instability, supplier failures, 
economic fluctuations, and rapid changes in customer 
demand. AI forecasting systems provide early-warning 
capabilities by analyzing historical patterns, real-time 

https://doi.org/10.36922/SCMR026270018


Supply Chain  Supply Chain  
Management ResearchManagement Research Demand forecasting AI in manufacturing supply chains 

Volume 1 Issue 3 (2026)	 9� doi: 10.36922/SCMR026270018

operational data, and external environmental factors 
to identify potential risks and recommend adaptive 
responses.14 Advanced AI approaches, including 
probabilistic forecasting and multi-agent reinforcement 
learning, further enhance resilience by enabling 
organizations to evaluate alternative strategies and 
optimize inventory policies under uncertain conditions. 

At the supply chain network level, AI enables 
collaborative intelligence among interconnected partners 
while addressing challenges related to data sharing and 
confidentiality. Technologies such as federated learning, 
blockchain, and secure multi-party computation allow 
organizations to benefit from shared analytical capabilities 
without directly exposing proprietary information. 
Federated learning supports collaborative model 
development while preserving data privacy, whereas 
blockchain enhances transparency and trust in information 
exchange. However, successful implementation requires 
effective governance mechanisms, cybersecurity practices, 
and inter-organizational coordination.

Empirical studies across multiple industrial sectors 
demonstrate the practical value of AI-based inventory 
optimization. Applications in automotive, electronics, 
consumer goods, and high-technology industries show 
improvements in inventory utilization, order fulfillment, 
production efficiency, and responsiveness to market 
changes. Cross-country evidence further indicates 
improvements in inventory accuracy and efficiency in 
the UK, forecasting and resilience in India83, profitability 
and customer satisfaction in Germany84, and operational 
performance in automotive manufacturing. AI applications 
have also been demonstrated in large-scale retail and 
industrial environments, where organizations such as 
Walmart use external signals including social trends, 
weather conditions, and local events to optimize inventory 
decisions85, while Amazon applies predictive analytics to 
improve inventory positioning and logistics efficiency.86

Despite these benefits, AI adoption in inventory 
management remains constrained by several technological, 
organizational, and governance challenges. Financial 
limitations arise from high infrastructure investments, 
software requirements, and the need for specialized 
human expertise, particularly among small and medium-
sized enterprises.87 Data-related challenges, including 
fragmented information systems, poor-quality datasets, and 
insufficient data availability, can reduce model reliability 
and forecasting performance. Organizational barriers 
include limited analytical skills, workforce resistance, and 
difficulties integrating AI-generated insights into existing 
decision-making processes. Furthermore, technological 
challenges related to legacy enterprise resource planning 

systems, cybersecurity risks, transparency, and ethical 
concerns continue to influence adoption decisions.88

Overall, the literature demonstrates that AI has 
transformed inventory management from a traditional 
control function into an adaptive, predictive, and strategic 
capability. Through the integration of machine learning, 
deep learning, reinforcement learning, digital twins, and 
collaborative intelligence, AI-enabled systems improve 
forecasting accuracy, inventory efficiency, resilience, 
and sustainability. However, achieving long-term value 
requires a holistic implementation approach combining 
technological investment, workforce development, data 
governance, organizational readiness, and continuous 
system adaptation. Such integration is essential for 
developing intelligent manufacturing supply chains 
capable of responding effectively to increasing uncertainty 
and complexity.

2.3. Artificial intelligence for demand forecasting in 
manufacturing supply chains

Demand forecasting has evolved from conventional 
statistical estimation to intelligent, data-driven decision 
support as manufacturing systems become increasingly 
digitalized. Traditional forecasting methods, including 
moving averages, exponential smoothing, and 
autoregressive integrated moving average (ARIMA), 
have long been adopted because of their simplicity, 
interpretability, and computational efficiency. However, 
these approaches rely on assumptions of linearity, 
stationarity, and stable historical relationships, limiting 
their ability to capture nonlinear demand behavior, 
structural market changes, and rapidly evolving customer 
preferences in modern manufacturing environments.89-91  

The emergence of Industry 4.0 and smart manufacturing 
has accelerated the adoption of AI-based forecasting 
approaches capable of learning complex relationships 
directly from data. Machine learning, deep learning, 
reinforcement learning, and hybrid AI models provide 
adaptive forecasting capabilities that continuously improve 
as new information becomes available, enabling more 
accurate prediction under conditions of demand volatility, 
supply uncertainty, and production complexity.70,92  
Consequently, demand forecasting has evolved from 
a standalone analytical task into a strategic capability 
supporting production planning, inventory management, 
procurement, and supply chain coordination.93 

The effectiveness of AI-based forecasting depends 
fundamentally on its ability to exploit diverse sources 
of manufacturing data. Unlike traditional methods that 
primarily rely on historical demand observations, AI 
integrates heterogeneous information from enterprise 
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systems, production records, IoT sensors, market 
indicators, macroeconomic variables, customer sentiment, 
online reviews, and social media to improve forecasting 
accuracy and responsiveness.66,94  

Recent studies further demonstrate that ensemble 
learning enhances forecasting robustness by combining 
multiple predictive models to capture seasonal effects, 
promotional activities, and unexpected demand 
fluctuations. However, forecasting performance depends 
not only on algorithm selection but also on data quality. 
Missing values, noisy observations, inconsistent records, 
and heterogeneous data structures remain major 
challenges, highlighting the importance of preprocessing, 
feature engineering, and robust data governance for 
reliable AI deployment.95

Rapid advances in AI have significantly expanded 
forecasting capabilities beyond conventional machine 
learning. Deep learning architectures—including 
recurrent neural networks (RNNs), long short-term 
memory (LSTM) networks, gated recurrent units (GRUs), 
attention mechanisms, and transformer-based models—
have demonstrated superior performance in modeling 
nonlinear temporal dependencies and long-range patterns 
within complex manufacturing time-series data.19,96

Beyond deep learning, hybrid forecasting models 
integrate statistical methods, machine learning algorithms, 
and optimization techniques to improve predictive 
performance while maintaining interpretability.97 
Probabilistic forecasting further extends decision support 
by explicitly quantifying uncertainty and enabling the 
evaluation of alternative demand scenarios.70 More 
recently, causal machine learning, foundation models, 
and generative AI have emerged as promising approaches 
for identifying demand drivers, transferring knowledge 
across manufacturing contexts, and developing scalable 
forecasting systems capable of adapting to diverse 
industrial environments.

The role of AI has expanded beyond demand prediction 
toward supporting operational and strategic decision-
making. Reinforcement learning integrates forecasting 
with inventory control, production scheduling, and 
supply chain optimization by enabling intelligent agents 
to learn optimal policies through continuous interaction 
with dynamic manufacturing environments. Despite its 
considerable potential, industrial implementation remains 
constrained by computational complexity, reward-function 
design, parameter tuning, and validation requirements.23

Similarly, XAI addresses the limited transparency of 
high-capacity AI models by improving interpretability, 
accountability, and managerial trust. Combined with 

interpretable optimization frameworks, XAI enables 
practitioners to understand forecast drivers, validate 
AI recommendations, and support more transparent 
operational decisions.24 In parallel, digital twins extend 
forecasting capabilities by integrating real-time simulation, 
predictive analytics, and scenario evaluation, enabling 
manufacturers to optimize production strategies before 
implementation.7

As manufacturing supply chains become increasingly 
interconnected, AI is evolving from organization-specific 
forecasting toward collaborative intelligence. Technologies 
such as federated learning, blockchain, and secure 
multi-party computation enable multiple organizations 
to jointly develop forecasting models while preserving 
data privacy, ownership, and security. These approaches 
enhance forecasting accuracy, coordination, and trust 
across supply chain partners, although challenges related 
to interoperability, governance, and implementation 
complexity continue to limit large-scale adoption.24,98

The literature demonstrates a clear progression 
from conventional statistical forecasting to AI-enabled 
forecasting systems that integrate advanced learning 
models, heterogeneous data, uncertainty quantification, 
explainability, and collaborative intelligence. Accordingly, 
demand forecasting has evolved from a predictive function 
into a strategic capability that supports real-time planning, 
operational optimization, and coordinated decision-
making across manufacturing supply chains. Despite these 
advances, future progress depends on addressing persistent 
challenges related to data quality, model transparency, 
interoperability, governance, organizational readiness, and 
scalable industrial deployment.

Despite the significant advancements achieved 
in AI-enabled demand forecasting and inventory 
optimization, widespread industrial adoption remains 
constrained by a range of interconnected technological, 
organizational, and implementation challenges. Existing 
research demonstrates that AI models can improve 
forecasting accuracy, inventory decisions, and supply 
chain responsiveness; however, translating these benefits 
into sustained industrial value requires alignment among 
data capabilities, digital infrastructure, organizational 
readiness, human expertise, and governance mechanisms. 
Accordingly, AI-based forecasting should be viewed as a 
comprehensive socio-technical capability that integrates 
technological innovation with operational processes and 
managerial decision-making.

A primary challenge influencing AI forecasting 
effectiveness is the quality, availability, and integration 
of industrial data. Smart manufacturing environments 
generate large volumes of heterogeneous data from IoT 
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devices, sensors, enterprise resource planning systems, 
production monitoring platforms, customer databases, 
and external market sources. However, these datasets 
frequently suffer from missing values, inconsistent 
structures, measurement errors, duplicated records, and 
temporal inconsistencies, which may negatively affect 
model accuracy and reliability. Therefore, effective data 
preprocessing, validation, and governance frameworks are 
essential to ensure that AI models can generate dependable 
forecasting insights.99  

In addition to data quality issues, the complexity 
of industrial datasets introduces challenges related to 
feature engineering, variable selection, and knowledge 
representation. Although advanced AI algorithms 
are capable of extracting complex patterns from large 
datasets, forecasting performance remains dependent 
on the availability of meaningful input variables and 
sufficient contextual information. Limited historical data, 
poorly structured datasets, and inadequate integration 
of internal and external demand drivers may reduce 
model generalization and limit transferability across 
manufacturing environments. Consequently, future AI 
forecasting systems require improved data architectures, 
standardized information structures, and robust analytical 
approaches to support reliable decision-making.95  

Another major challenge is the dynamic and uncertain 
nature of manufacturing demand. Modern supply chains 
operate under continuously changing conditions driven 
by evolving customer preferences, market volatility, 
economic fluctuations, technological developments, and 
unexpected disruptions. These conditions create concept 
drift, where the relationships between input variables and 
demand outcomes change over time, gradually reducing 
model performance. Maintaining forecasting effectiveness 
therefore requires adaptive learning mechanisms, 
continuous monitoring, automated retraining, and 
uncertainty-aware forecasting approaches capable of 
responding to changing operational environments.13,28 

Beyond technological limitations, organizational 
readiness significantly influences the success of AI 
implementation. Many manufacturing organizations 
continue to operate with fragmented information 
systems, legacy technologies, and limited integration 
between operational and enterprise platforms. Such 
constraints restrict data accessibility and reduce the 
ability to exploit AI-generated insights effectively. 
Successful implementation requires investment in digital 
infrastructure, interoperable systems, and scalable 
analytical platforms that enable continuous data exchange 
and real-time decision support.

Human capabilities and organizational culture 

represent additional barriers to effective AI adoption. 
Manufacturing firms often face shortages of expertise in AI, 
machine learning, and data analytics, as well as resistance 
to changes in established decision-making practices. Since 
AI forecasting requires cooperation between technical 
specialists and operational experts, interdisciplinary 
collaboration among data scientists, supply chain 
managers, production engineers, and domain specialists 
is essential. Organizations with stronger digital maturity, 
innovation capabilities, and strategic alignment between 
technology initiatives and business objectives are more 
likely to achieve sustainable benefits from AI forecasting 
systems.100,101 Moreover, collaboration between technical 
and operational teams improves model relevance, user 
acceptance, and practical implementation outcomes.102

Trust, transparency, and interpretability remain critical 
challenges as AI forecasting models become increasingly 
sophisticated. Advanced deep learning architectures often 
achieve superior predictive performance but operate 
as complex black-box systems, making it difficult for 
decision-makers to understand the factors influencing 
generated forecasts. This limitation may reduce managerial 
confidence and hinder adoption, particularly in 
manufacturing environments where forecasting decisions 
directly affect production planning, inventory investment, 
and supply chain performance.

Explainable artificial intelligence (XAI) provides a 
promising approach for addressing these limitations by 
improving transparency while maintaining predictive 
capability. XAI techniques enable managers to interpret 
forecasting outcomes, identify influential factors, and 
validate AI recommendations against operational 
knowledge. Consequently, explainability enhances 
accountability, trust, and acceptance of AI-driven decision 
support systems.90,101 Recent studies further emphasize that 
explainability represents both a technical requirement and 
an organizational necessity for responsible AI adoption 
and effective governance.103 

Industrial deployment and scalability represent further 
unresolved challenges. Although many AI forecasting 
models demonstrate strong performance in experimental 
studies, their transition into real manufacturing 
environments is often limited by computational 
requirements, cybersecurity concerns, interoperability 
issues, and difficulties integrating AI outputs with existing 
operational systems. To generate measurable value, AI 
forecasting solutions must be connected with production 
planning, inventory management, procurement, and 
supply chain decision-support processes. Therefore, AI 
adoption should be embedded within broader digital 
transformation strategies involving process redesign, 
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workforce development, governance structures, and 
organizational change management.66,101 

A continuing research challenge is achieving a 
balance between predictive capability and operational 
interpretability. While highly complex AI models can 
capture nonlinear relationships and improve forecasting 
accuracy, their limited transparency may restrict practical 
adoption. Hybrid AI approaches provide an effective 
pathway by combining machine learning algorithms with 
optimization techniques and domain knowledge. These 
frameworks enable organizations to benefit from advanced 
prediction capabilities while maintaining managerial 
control over operational decisions. Previous studies 
indicate that hybrid approaches can improve inventory 
performance, service levels, and responsiveness under 
uncertain manufacturing conditions.90,97,104

Governance and responsible AI implementation 
represent additional areas requiring further investigation. 
As AI systems become increasingly embedded within 
supply chain decision-making, organizations must address 
issues related to ethical use, cybersecurity, model risk 
management, regulatory compliance, and accountability. 
Effective governance frameworks are necessary to ensure 
that AI forecasting systems remain reliable, transparent, 
and aligned with strategic objectives throughout their 
operational lifecycle.

Beyond operational improvements, AI-enabled 
forecasting contributes to sustainability and supply chain 
resilience by improving demand visibility, reducing waste, 
and enabling more efficient resource allocation. Accurate 
forecasting reduces excess inventory, unnecessary 
production, and inefficient resource consumption, thereby 
supporting sustainable manufacturing practices.8,18 
Furthermore, AI-based predictive capabilities enable 
organizations to identify potential disruptions, evaluate 
alternative scenarios, and develop proactive mitigation 
strategies. These capabilities strengthen resilience 
by improving preparedness for supply shortages, 
transportation interruptions, and demand uncertainty.13,14  

Emerging AI approaches, including probabilistic 
forecasting, multi-agent reinforcement learning, and 
collaborative intelligence, provide additional opportunities 
for developing more adaptive supply chain systems. These 
approaches enable organizations to model complex 
uncertainties, optimize inventory policies, and improve 
responsiveness under volatile conditions.15,101 However, 
further research is needed to evaluate their industrial 
applicability, scalability, and integration within existing 
manufacturing ecosystems.

Collaborative forecasting across supply chain networks 

represents another important research direction. 
Modern manufacturing ecosystems require effective 
information exchange among suppliers, manufacturers, 
logistics providers, and customers; however, concerns 
related to data ownership, privacy, security, and trust 
continue to limit collaboration. Technologies such as 
federated learning, blockchain, and secure data-sharing 
frameworks provide potential solutions by enabling shared 
intelligence while preserving confidential information. 
Nevertheless, challenges related to governance structures, 
interoperability, and coordination mechanisms remain 
unresolved.

Overall, the literature indicates that AI-enabled 
demand forecasting has evolved from a predictive 
analytics technique into a strategic capability supporting 
intelligent manufacturing transformation. However, 
existing studies remain fragmented across algorithms, 
datasets, evaluation criteria, and industrial contexts. 
Current research has primarily emphasized forecasting 
accuracy, while comparatively less attention has been given 
to implementation challenges, organizational capabilities, 
governance requirements, and long-term sustainability 
impacts.

Future research should therefore focus on developing 
integrated AI forecasting ecosystems that combine 
predictive accuracy with adaptability, transparency, 
scalability, and strategic decision support. Key research 
priorities include explainable and trustworthy AI, adaptive 
learning under uncertainty, causal forecasting approaches, 
foundation models, collaborative intelligence, and practical 
industrial deployment frameworks. Addressing these gaps 
will support the development of reliable, resilient, and 
sustainable AI-enabled forecasting systems capable of 
enhancing manufacturing supply chain performance.

3. Challenges and research gaps analysis
The literature reviewed demonstrates that AI has 
substantially improved demand forecasting in 
manufacturing supply chains by enhancing predictive 
accuracy, operational responsiveness, and decision-making 
capabilities. However, despite these technological advances, 
the widespread industrial adoption of AI-enabled demand 
forecasting remains limited. The evidence indicates 
that implementation challenges extend well beyond 
algorithmic performance, encompassing a complex 
interplay of technological, organizational, managerial, and 
governance-related factors. Consequently, the successful 
deployment of AI should be viewed as a multidimensional 
socio-technical transformation that requires the alignment 
of advanced analytical capabilities with high-quality data 
ecosystems, robust digital infrastructure, organizational 
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readiness, responsible governance, and collaborative 
supply chain practices.

Importantly, these challenges are not independent. 
Poor data quality undermines model reliability and 
generalizability, limited explainability reduces managerial 
trust and decision confidence, inadequate organizational 
capabilities constrain implementation, and fragmented 
digital infrastructures hinder enterprise-wide integration 
and scalability. These interdependencies restrict 
organizations’ ability to translate AI-generated forecasts 
into effective operational and strategic decisions. Therefore, 
advancing AI-enabled demand forecasting requires 
an integrated approach that simultaneously addresses 
technological innovation, organizational transformation, 
governance, and supply chain collaboration.

Figure 3 presents a conceptual synthesis of the principal 
challenges and research gaps identified in the literature on 
AI-enabled demand forecasting in manufacturing supply 
chains. The framework highlights critical barriers related 
to data quality and integration, demand uncertainty, 
model explainability, organizational readiness, enterprise 
system integration, scalability, AI governance, and cross-
organizational collaboration. It also identifies emerging 
research directions, including explainable and adaptive 
AI, hybrid forecasting models, secure collaborative 
intelligence, and scalable, resilient, and sustainable 
AI-driven forecasting systems. By integrating these 
interconnected dimensions, Figure 3 provides a structured 
roadmap for guiding both future research and industrial 
implementation.

Table 1 summarizes the principal challenges identified 

in the literature, together with their operational 
implications and strategic recommendations. The synthesis 
demonstrates that realizing the full potential of AI-enabled 
demand forecasting requires more than advances in 
forecasting algorithms. Sustainable implementation 
depends on coordinated progress in data governance, 
model robustness, enterprise system integration, 
organizational capabilities, responsible AI governance, and 
collaborative supply chain ecosystems. Collectively, these 
findings underscore that future research should prioritize 
integrated, trustworthy, adaptive, and scalable AI solutions 
capable of delivering sustained operational value and 
strengthening the resilience and competitiveness of next-
generation manufacturing supply chains.

(a)	 Data quality, availability, and integration 
limitations:

Data quality remains one of the most fundamental 
determinants of the reliability and effectiveness of 
AI-enabled demand forecasting systems. Manufacturing 
enterprises continuously generate large volumes of 
heterogeneous data from sensors, Internet of Things 
(IoT) devices, enterprise information systems, production 
platforms, and external market sources. However, these 
datasets frequently exhibit missing values, inconsistent 
formats, noise, duplication, and limited standardization, 
thereby reducing model reliability, generalizability, and 
forecasting accuracy. Poor data quality limits the ability 
of AI models to learn representative demand patterns 
and undermines their performance in real-world 
manufacturing environments.99 

Beyond data quality, data fragmentation across 

Figure 3. Key challenges and research gaps in AI-driven demand forecasting

https://doi.org/10.36922/SCMR026270018


Supply Chain  Supply Chain  
Management ResearchManagement Research Demand forecasting AI in manufacturing supply chains 

Volume 1 Issue 3 (2026)	 14� doi: 10.36922/SCMR026270018

organizational functions and supply chain partners 
remains a significant obstacle to effective AI deployment. 
Disconnected information systems and inconsistent 
data standards restrict interoperability and hinder 
the integration of diverse data sources required for 
intelligent forecasting. Consequently, AI implementation 
should be supported by comprehensive data governance 
frameworks, standardized data architectures, and robust 
data management practices that ensure data consistency, 
accessibility, and interoperability throughout the 
manufacturing supply chain.95  

Although considerable progress has been made 
in developing increasingly sophisticated forecasting 
algorithms, comparatively limited attention has been 
devoted to establishing resilient data ecosystems capable 
of supporting large-scale industrial AI applications. 
Future research should therefore prioritize data-centric 
AI, automated data quality assessment, semantic 
interoperability, and real-time data integration to enhance 
the robustness and scalability of AI-enabled demand 
forecasting.

(b)	 Dynamic demand patterns and concept drift:
Manufacturing supply chains operate within highly 
dynamic environments characterized by rapidly changing 
customer preferences, technological innovation, market 
volatility, and recurring supply disruptions. These 
evolving conditions introduce concept drift, whereby the 
relationships between explanatory variables and demand 
outcomes change over time, gradually degrading the 
predictive performance of models trained on historical 
data. Consequently, static forecasting models often struggle 
to maintain their effectiveness under changing operational 
conditions.28 

The literature indicates that maintaining forecasting 
accuracy increasingly depends on the ability of AI systems 
to continuously adapt to evolving demand patterns 
rather than relying solely on periodic model retraining. 
Adaptive learning, online learning, continual learning, 
and uncertainty-aware forecasting therefore represent 
important research directions for improving model 
robustness under non-stationary environments. These 
capabilities enable forecasting systems to detect structural 
changes, update model parameters dynamically, and 
respond more effectively to unexpected market events.

Despite growing interest in adaptive AI, relatively few 
studies have examined the integration of concept drift 
detection, continual learning, and autonomous model 
adaptation within industrial manufacturing environments. 
Future research should therefore focus on developing self-
adaptive forecasting frameworks capable of maintaining 
reliable performance under persistent uncertainty while 

supporting resilient and agile manufacturing supply chains.

(c)	 Model complexity and limited interpretability:
The increasing adoption of advanced AI models, 
particularly deep learning architectures, has substantially 
improved forecasting performance but has also introduced 
significant challenges related to model transparency 
and interpretability. Although these models effectively 
capture complex nonlinear relationships, their “black-
box” nature often obscures the reasoning underlying 
forecasting outputs, limiting managerial understanding 
and confidence. This lack of transparency is particularly 
problematic in manufacturing environments, where 
demand forecasts directly influence production planning, 
inventory investment, procurement strategies, and 
resource allocation.103

Model interpretability has therefore emerged as a 
critical prerequisite for organizational trust and effective 
human–AI collaboration. XAI provides mechanisms for 
interpreting model predictions, identifying influential 
variables, and improving transparency, thereby enabling 
managers to better understand, validate, and utilize 
AI-generated recommendations.62 However, existing 
studies predominantly evaluate explainability from a 
technical perspective, while comparatively limited attention 
has been devoted to assessing how explainability influences 
managerial decision-making, organizational trust, and AI 
adoption within manufacturing environments.

Future research should move beyond algorithmic 
interpretability by developing human-centered 
explainability frameworks that balance predictive 
performance with transparency, usability, and managerial 
decision support. Integrating explainability into AI 
system design will be essential for promoting responsible 
AI adoption and strengthening confidence in intelligent 
forecasting systems.

(d)	 Limited organizational readiness and AI 
capabilities:

The successful implementation of AI-enabled demand 
forecasting depends not only on technological capability 
but also on organizational readiness, digital maturity, and 
human expertise. Many manufacturing organizations 
continue to face substantial barriers related to limited AI 
knowledge, fragmented business processes, insufficient 
analytical capabilities, and resistance to organizational 
change. These limitations frequently prevent organizations 
from translating AI-generated forecasts into measurable 
operational improvements, even when forecasting models 
demonstrate strong predictive performance.100

The literature increasingly recognizes that AI 
implementation is fundamentally an organizational 
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transformation rather than a purely technological 
initiative. Effective deployment requires cross-functional 
collaboration among data scientists, supply chain 
managers, manufacturing engineers, and information 
technology specialists to ensure that forecasting solutions 
align with operational objectives and organizational 
requirements.102 Furthermore, leadership commitment, 
continuous workforce development, and an organizational 
culture that supports data-driven decision-making are 
critical enablers of long-term AI success.

Despite growing recognition of organizational factors, 
existing research continues to prioritize algorithm 
development over organizational capability building. 
Future research should therefore investigate AI maturity 
models, change management strategies, workforce 
capability development, and governance structures that 
facilitate sustainable AI adoption across manufacturing 
organizations.

(e)	 Integration with existing manufacturing systems:
The operational value of AI-enabled demand forecasting 
depends on its seamless integration with enterprise-
wide manufacturing and supply chain systems. Although 
standalone AI models can generate highly accurate 
forecasts, their practical impact remains limited 
unless forecasting outputs are effectively embedded 
within production planning, inventory management, 
procurement, and enterprise decision-support processes. 
Consequently, the benefits of AI are realized only when 
predictive intelligence is translated into coordinated 
operational actions.

The literature highlights enterprise system integration 
as a persistent challenge, particularly within heterogeneous 
digital environments characterized by legacy information 
systems and fragmented data architectures. Integrating 
AI forecasting with enterprise resource planning, 
manufacturing execution systems (MES), and broader 
supply chain platforms is essential for enabling real-
time information exchange, synchronized planning, and 
data-driven operational coordination.66 Such integration 
enhances organizational responsiveness by ensuring 
that forecasting insights directly support planning and 
execution activities throughout the manufacturing supply 
chain.101 

Future research should extend beyond algorithm 
development to investigate interoperable AI architectures, 
standardized integration frameworks, digital twins, and 
service-oriented system designs capable of supporting 
scalable AI deployment across complex manufacturing 
ecosystems. Strengthening enterprise-wide interoperability 
will be fundamental to realizing the full operational value 
of AI-enabled demand forecasting.

(f)	 Computational complexity and scalability 
challenges:

Although many AI-based forecasting models demonstrate 
excellent predictive performance under controlled 
experimental conditions, their deployment in large-
scale manufacturing environments remains a significant 
challenge. Industrial applications require forecasting 
systems capable of processing high-dimensional, real-
time data across multiple products, production facilities, 
and geographically distributed supply chain networks. 
However, substantial computational requirements, 
infrastructure constraints, interoperability issues, and 
increasing model complexity often limit the scalability and 
operational feasibility of advanced AI solutions.97 

The literature suggests that scalability should be 
considered a fundamental design objective rather than 
a post-deployment consideration. Advances in cloud–
edge computing, distributed AI architectures, model 
compression, and parallel computing provide promising 
opportunities for improving computational efficiency 
while maintaining forecasting performance. Nevertheless, 
existing research has primarily emphasized algorithm 
development, with comparatively limited attention 
devoted to scalable deployment strategies within industrial 
manufacturing settings.

Future research should investigate resource-efficient 
AI architectures, standardized benchmarking frameworks, 
and scalable deployment models capable of supporting 
real-time forecasting across complex manufacturing 
ecosystems. Such developments are essential for bridging 
the gap between laboratory-scale research and enterprise-
wide industrial implementation.

(g)	 Governance, security, and responsible AI concerns:
The growing reliance on AI-enabled demand forecasting 
introduces important challenges related to governance, 
cybersecurity, transparency, accountability, and regulatory 
compliance. As forecasting models increasingly influence 
strategic and operational decisions, organizations must 
ensure that AI systems operate reliably, ethically, and 
consistently throughout their lifecycle. Inadequate 
governance may result in biased predictions, model 
degradation, cybersecurity vulnerabilities, and unclear 
accountability, thereby reducing organizational trust and 
increasing operational risk.

The literature increasingly recognizes that responsible 
AI extends beyond technical reliability to encompass 
ethical decision-making, transparency, human oversight, 
and regulatory compliance. Consequently, governance 
frameworks should incorporate continuous model 
validation, performance monitoring, cybersecurity 
protection, auditability, and clearly defined decision 
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ownership to ensure that AI-generated recommendations 
remain trustworthy and aligned with organizational 
objectives.

Despite growing interest in responsible AI, governance 
frameworks specifically designed for manufacturing supply 
chain forecasting remain relatively underdeveloped. Future 
research should therefore focus on integrating responsible 
AI principles into forecasting system design while 
developing governance models that balance predictive 
performance, transparency, security, accountability, and 
regulatory compliance.

(h)	 Balancing predictive accuracy and operational 
decision support:

A persistent challenge in AI-enabled demand forecasting 
is balancing predictive accuracy with practical decision 
support. Although increasingly sophisticated AI models 
often achieve superior forecasting performance, their 
operational value depends on the extent to which 
forecasting outputs can be translated into effective 
production planning, inventory management, capacity 
allocation, procurement, and risk management decisions. 
High predictive accuracy alone is insufficient if model 
outputs are difficult to interpret or cannot be readily 
incorporated into managerial decision-making processes.97 

Recent studies suggest that forecasting should be 
viewed as an integral component of intelligent decision 
support rather than an isolated prediction task. Hybrid 
AI frameworks that combine machine learning with 
optimization techniques provide a promising approach by 
integrating predictive capabilities with operational decision 
models, thereby improving both forecasting performance 
and managerial applicability.104 Such approaches enable 
organizations to align forecasting outputs more effectively 
with operational objectives and strategic planning.

Future research should prioritize the development 
of integrated forecasting and optimization frameworks 
that explicitly connect AI-generated predictions with 
real-time operational decision-making. Strengthening 
this integration will enhance the practical value of AI 
forecasting and support more intelligent, adaptive, and 
autonomous manufacturing systems.

(i)	 Limited cross-organizational collaboration and 
data sharing:

Modern manufacturing supply chains increasingly 
rely on collaboration among suppliers, manufacturers, 
logistics providers, distributors, and customers to improve 
forecasting accuracy and operational coordination. 
However, collaborative AI-enabled forecasting remains 
constrained by concerns related to data ownership, privacy, 
cybersecurity, competitive sensitivity, and the absence of 

trusted data-sharing mechanisms. These barriers limit the 
ability of organizations to exploit collective intelligence 
and develop coordinated forecasting strategies across 
supply chain networks.

Emerging technologies such as federated learning, 
blockchain, and secure data-sharing mechanisms offer 
promising solutions by enabling collaborative model 
development while preserving data privacy, confidentiality, 
and organizational autonomy.24 Nevertheless, the literature 
remains largely focused on technological feasibility, with 
comparatively limited attention devoted to governance 
structures, incentive mechanisms, and inter-organizational 
coordination required to support sustainable collaborative 
forecasting.

Future research should therefore investigate integrated 
technological and governance frameworks that facilitate 
secure, trustworthy, and scalable cross-organizational AI 
collaboration. Such efforts will be essential for improving 
demand visibility, mitigating the bullwhip effect, and 
enhancing resilience across interconnected manufacturing 
supply chains.

(j)	 Insufficient evidence of sustainability and resilience 
impacts:

Although AI-enabled demand forecasting has demonstrated 
substantial benefits in improving forecasting accuracy, 
inventory utilization, and operational responsiveness, its 
broader contributions to sustainability and supply chain 
resilience remain insufficiently understood. Existing 
studies predominantly evaluate forecasting performance 
using technical metrics such as prediction accuracy and 
cost reduction, while comparatively fewer investigations 
assess how AI contributes to resource efficiency, waste 
reduction, circular economy initiatives, environmental 
sustainability, and long-term resilience. 

As manufacturing organizations increasingly pursue 
sustainable and resilient operations, future AI forecasting 
systems should be evaluated using multidimensional 
performance frameworks that incorporate economic, 
environmental, and social outcomes alongside 
conventional forecasting metrics. Such an approach would 
provide a more comprehensive assessment of AI’s strategic 
contribution to sustainable manufacturing.

Future research should therefore examine the role of 
AI-enabled demand forecasting in supporting circular 
manufacturing, disruption preparedness, decarbonization 
strategies, and long-term supply chain resilience. 
Expanding evaluation frameworks beyond predictive 
performance will provide a more holistic understanding of 
how AI contributes to sustainable competitive advantage 
and responsible manufacturing practices.

https://doi.org/10.36922/SCMR026270018


Supply Chain  Supply Chain  
Management ResearchManagement Research Demand forecasting AI in manufacturing supply chains 

Volume 1 Issue 3 (2026)	 17� doi: 10.36922/SCMR026270018

In summary, the analysis presented in Table 1 
demonstrates that the successful implementation of 
AI-enabled demand forecasting extends far beyond 
improvements in forecasting algorithms. Although 
advances in machine learning, deep learning, reinforcement 
learning, and foundation AI have significantly enhanced 
predictive capabilities, their practical impact depends on 
addressing a broader set of interconnected technological, 
organizational, and governance-related challenges. The 
literature consistently indicates that limitations in data 
quality, model explainability, organizational readiness, 
enterprise system integration, scalability, governance, and 
cross-organizational collaboration collectively constrain 
the industrial adoption of AI-enabled forecasting systems.

Importantly, these challenges should not be considered 
in isolation. Reliable AI forecasting requires high-
quality and interoperable data to support robust model 
development, explainable models to enhance managerial 
trust, scalable digital infrastructures to enable enterprise-
wide deployment, and effective governance frameworks to 
ensure transparency, accountability, security, and regulatory 
compliance. Likewise, organizational capabilities and 
collaborative supply chain ecosystems play a critical role 
in translating AI-generated predictions into coordinated 
operational and strategic decisions. Consequently, future 
progress depends on adopting an integrated socio-technical 
perspective that recognizes the interdependence of 
technological innovation, organizational transformation, 

and supply chain integration.

The review also reveals several important research gaps. 
Existing studies continue to emphasize improvements in 
predictive performance, whereas comparatively limited 
attention has been devoted to adaptive learning under 
concept drift, human-centered explainability, enterprise-
scale deployment, collaborative intelligence, responsible AI 
governance, and multidimensional evaluation frameworks 
that simultaneously consider operational performance, 
resilience, and sustainability. Furthermore, relatively few 
studies investigate how emerging technologies—including 
foundation models, generative AI, digital twins, federated 
learning, and autonomous decision-making—can be 
systematically integrated into manufacturing demand 
forecasting.

Overall, the evidence suggests that the next generation 
of AI-enabled demand forecasting should evolve from 
standalone predictive models toward intelligent, adaptive, 
explainable, collaborative, and autonomous decision-
support ecosystems. Advancing this transition requires 
multidisciplinary research that integrates AI, operations 
and supply chain management, information systems, 
organizational behavior, and responsible AI. The future 
research directions presented in the following section 
build upon these identified challenges and research gaps 
to outline a strategic roadmap for developing intelligent, 
trustworthy, scalable, resilient, and sustainable demand 
forecasting systems for next-generation manufacturing 

Table 1. Challenges, implications, and strategic recommendations

# Challenge Implications Strategic recommendations

1 Data quality and 
integration

Poor and fragmented data reduce forecasting 
accuracy.

Strengthen data governance and integrate heterogeneous 
data.

2 Demand uncertainty Dynamic demand patterns reduce model 
performance. Adopt adaptive learning and continuous model updating.

3 Model explainability Limited transparency reduces trust and adoption. Implement explainable AI (XAI) and hybrid models.

4 Organizational readiness Limited digital maturity and AI capabilities hinder 
adoption. Build AI skills and strengthen digital readiness.

5 System integration Poor integration limits operational effectiveness. Integrate AI with enterprise resource planning, planning, 
and inventory systems.

6 Scalability Computational complexity constrains industrial 
deployment.

Develop scalable architectures and deployment 
frameworks.

7 AI governance Weak governance increases ethical, security, and 
compliance risks.

Establish responsible AI governance and continuous 
monitoring.

8 Decision intelligence Accurate forecasts alone do not support effective 
decisions.

Integrate forecasting with optimization and decision 
support.

9 Supply chain collaboration Data-sharing barriers limit collaborative forecasting. Enable secure collaborative AI and data sharing.

10 Sustainability and 
resilience Long-term strategic impacts remain underexplored. Evaluate AI contributions to sustainability and resilience.
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supply chains.

4. Future research directions
The systematic review demonstrates that AI is redefining 
demand forecasting in manufacturing supply chains 
from a predictive analytical function into a strategic 
capability that enables intelligent planning, autonomous 
decision-making, and digitally integrated manufacturing 
operations. Although recent advances in machine 
learning, deep learning, reinforcement learning, and 
foundation AI have significantly improved forecasting 
performance, the findings presented in Section 3 indicate 
that several technological, organizational, and governance-
related challenges continue to limit large-scale industrial 
adoption. Consequently, future research should extend 
beyond incremental improvements in predictive accuracy 
and focus on developing AI-enabled forecasting systems 
that are intelligent, adaptive, explainable, trustworthy, 
scalable, and seamlessly integrated across manufacturing 
and supply chain processes.

Building on the research gaps identified in this review, 
the future evolution of AI-enabled demand forecasting 
is expected to be driven by three complementary 
transformations. First, forecasting will evolve from 
predictive analytics toward AI-driven decision 
intelligence capable of supporting autonomous and real-
time operational decision-making. Second, AI systems 
will progress from isolated forecasting models toward 
collaborative and interconnected intelligence supported 
by secure data sharing, enterprise-wide digital integration, 
and distributed learning. Third, advances in responsible AI, 
governance, and sustainable manufacturing will facilitate 

the transition from algorithm-centric forecasting toward 
intelligent, trustworthy, and autonomous manufacturing 
ecosystems. Together, these transformations establish 
a comprehensive research agenda that integrates 
technological innovation with organizational capabilities, 
digital transformation, and strategic supply chain 
management.

Figure 4 illustrates this conceptual framework by 
synthesizing ten interconnected research streams that 
collectively define the future landscape of AI-enabled 
demand forecasting in manufacturing supply chains. 
These research streams encompass data-centric AI, 
explainable AI, adaptive AI, foundation AI, AI-driven 
decision intelligence, autonomous inventory optimization, 
collaborative AI, responsible AI governance, sustainable AI, 
and autonomous manufacturing. Rather than representing 
independent research topics, these streams constitute an 
integrated innovation ecosystem in which advances in 
one domain reinforce progress across the others, thereby 
accelerating the development of intelligent, trustworthy, 
resilient, scalable, and autonomous forecasting systems.

Table 2 complements this framework by mapping each 
research stream to its corresponding knowledge gaps, 
theoretical foundations, methodological approaches, and 
research priorities. The proposed agenda highlights that 
future advances in AI-enabled demand forecasting will 
depend not only on methodological innovation but also on 
the convergence of AI, manufacturing systems, operations 
and supply chain management, information systems, digital 
transformation, and responsible AI. The following research 
directions therefore provide a structured roadmap for 
advancing both scholarly research and industrial practice.

Figure 4. Future research directions for AI-driven demand forecasting
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(a)	 Data-centric AI: Future progress in AI-enabled 
demand forecasting depends fundamentally on the 
quality, consistency, interoperability, and governance 
of manufacturing data. While existing research has 
predominantly focused on improving forecasting 
algorithms, comparatively limited attention has been 
devoted to developing resilient data ecosystems that 
support scalable industrial AI. Future studies should 
investigate intelligent data management frameworks 
incorporating IoT-enabled sensing, multimodal data 
fusion, semantic interoperability, automated data 
quality assessment, synthetic data generation, and 
advanced feature engineering. Strengthening data-
centric AI will improve model robustness, scalability, 
and transferability across diverse manufacturing 
environments.

(b)	 Explainable AI: As AI increasingly influences 
strategic and operational decisions, model 
transparency has become a prerequisite for industrial 
adoption. Future research should advance human-
centered XAI capable of balancing predictive 
accuracy with interpretability, enabling managers to 
understand model behavior, validate AI-generated 
recommendations, and strengthen organizational 
trust. Integrating explainability into decision-support 
systems will facilitate responsible AI adoption while 
improving collaboration between human expertise 
and intelligent forecasting models.

(c)	 Adaptive AI: Demand patterns are inherently 
dynamic, reflecting changing customer preferences, 
market volatility, technological innovation, and supply 
chain disruptions. Consequently, future forecasting 
systems should evolve from static predictive models 
toward adaptive learning architectures capable of 
continuously responding to changing operating 
environments. Research should investigate online 
learning, continual learning, transfer learning, meta-
learning, and uncertainty-aware AI to improve 
robustness under concept drift and maintain long-
term forecasting performance.

(d)	 Foundation AI: Foundation AI represents a 
transformative opportunity for manufacturing 
demand forecasting. Future research should 
explore the application of large language models, 
multimodal foundation models, generative AI, 
and domain-specific foundation models capable of 
learning transferable knowledge across products, 
production facilities, and supply chain networks. 
Such developments have the potential to improve 
scalability, reduce model retraining requirements, 
and enable generalized forecasting intelligence within 
complex manufacturing environments.

(e)	 AI-driven decision intelligence: Future research 
should reposition demand forecasting as an integral 
component of intelligent operational decision-making 
rather than an isolated predictive task. Integrating AI 
forecasting with mathematical optimization, digital 
twins, simulation, prescriptive analytics, and multi-
agent systems can support production scheduling, 
procurement planning, inventory optimization, 
capacity allocation, and disruption management. 
This integration will transform forecasting into 
an intelligent decision-support capability that 
continuously optimizes manufacturing operations 
under uncertainty.

(f)	 Autonomous inventory optimization: Although 
reinforcement learning has demonstrated significant 
potential for inventory management, its industrial 
implementation remains limited. Future research 
should develop autonomous inventory optimization 
frameworks capable of continuously learning 
from operational data and dynamically adapting 
replenishment policies to changing demand and 
supply conditions. Integrating reinforcement learning 
with forecasting, optimization, digital twins, and real-
time sensing will enable more resilient, efficient, and 
intelligent inventory management systems.

(g)	 Collaborative AI: Future manufacturing supply chains 
will increasingly depend on collaborative intelligence 
across organizational boundaries. Research should 
therefore investigate secure collaborative forecasting 
frameworks that integrate federated learning, 
blockchain, privacy-preserving machine learning, 
secure multi-party computation, and decentralized 
AI architectures. These technologies can facilitate 
trusted information sharing, collective learning, and 
coordinated forecasting while preserving data privacy, 
confidentiality, and organizational autonomy.

(h)	 Responsible AI governance: Responsible AI 
governance will become a critical enabler of sustainable 
industrial AI adoption. Future research should 
establish comprehensive governance frameworks 
encompassing ethical AI, transparency, accountability, 
cybersecurity, regulatory compliance, organizational 
readiness, digital maturity, and continuous model 
lifecycle management. Such frameworks will help 
ensure that AI-enabled forecasting systems remain 
reliable, trustworthy, and aligned with organizational 
and societal expectations.

(i)	 Sustainable AI: The contribution of AI-enabled 
demand forecasting should be evaluated beyond 
predictive accuracy by explicitly incorporating 
sustainability and resilience objectives. Future 
research should integrate environmental, economic, 
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and social performance indicators into forecasting 
models to support resource efficiency, waste 
reduction, circular manufacturing, carbon mitigation, 
and resilient supply chain operations. Developing 
multidimensional evaluation frameworks will enable 
a more comprehensive assessment of AI’s long-term 
strategic value.

(j)	 Autonomous manufacturing: The long-term 
evolution of AI-enabled demand forecasting lies in 
its integration within autonomous manufacturing 
ecosystems. Future research should investigate 
intelligent architectures that combine AI forecasting 
with digital twins, the Industrial Internet of Things 
(IIoT), cyber–physical systems, edge AI, robotics, 
and autonomous control technologies. Such 
ecosystems will support continuous sensing, real-time 
forecasting, adaptive optimization, and closed-loop 

decision-making, ultimately enabling self-learning 
manufacturing systems capable of autonomously 
responding to changing operational and market 
conditions.

Collectively, these research directions indicate 
that the future of AI-enabled demand forecasting 
extends beyond developing increasingly sophisticated 
forecasting algorithms. Instead, future progress will 
depend on establishing integrated AI ecosystems that 
combine advanced analytical capabilities with robust 
data infrastructures, enterprise-wide digital integration, 
organizational readiness, collaborative intelligence, and 
responsible governance. Advancing this interdisciplinary 
research agenda will accelerate the transition from 
predictive analytics to autonomous decision intelligence, 
enabling manufacturing supply chains that are more 
adaptive, explainable, resilient, sustainable, and capable of 
supporting the next generation of smart manufacturing.

Table 2. Future research agenda for AI-based demand forecasting

# Research stream Key gap Theoretical lens Research methods Future focus Expected 
contribution

1 Data-centric AI
Poor data quality 

and fragmented data 
integration

Data governance
Data fusion, IoT 
analytics, feature 

engineering

Intelligent data 
ecosystems

Robust and reliable 
forecasting

2 Explainable AI Limited model 
transparency and trust

Explainable AI 
(XAI)

SHAP, LIME, 
interpretable AI

Transparent 
forecasting models

Improved trust and 
adoption

3 Adaptive AI Concept drift and dynamic 
demand

Adaptive learning 
theory

Online, continual, and 
transfer learning

Self-learning 
forecasting systems

Long-term 
forecasting 
accuracy

4 Foundation AI
Limited industrial 

application of foundation 
models

Foundation AI LLMs, multimodal AI, 
generative AI

Scalable forecasting 
intelligence

Transferable AI 
capabilities

5 AI-driven decision 
intelligence

Weak integration with 
operational planning

Decision support 
theory

AI–optimization, 
digital twins, 
simulation

Forecasting-driven 
decision support

Smarter operational 
planning

6
Autonomous 

inventory 
optimization

Limited industrial 
validation of 

reinforcement learning

Reinforcement 
learning

Deep RL, multi-agent 
RL

Adaptive inventory 
policies

Autonomous 
inventory 

management

7 Collaborative AI Data privacy and 
interoperability constraints

Collaborative 
intelligence

Federated learning, 
blockchain

Secure collaborative 
forecasting

Enhanced supply 
chain coordination

8 AI Governance Limited organizational 
readiness and governance TOE framework Case studies, maturity 

models
Responsible AI 
implementation

Scalable industrial 
adoption

9 Sustainable AI Limited sustainability and 
resilience assessment

Sustainable supply 
chain management

Multi-objective 
optimization, scenario 

analysis

Sustainable 
forecasting systems

Resilient and 
sustainable supply 

chains

10 Autonomous 
Manufacturing

Fragmented AI 
applications across 

manufacturing
Industry 5.0 Digital twins, IIoT, 

edge AI

Intelligent 
manufacturing 

ecosystems

End-to-end 
autonomous 
operations

Abbreviations: AI: Artificial intelligence; IIoT: Industrial Internet of Things; LLM: Large language model; RL: Reinforcement learning; TOE: Theory of 
everything.
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5. Conclusion
As manufacturing systems become increasingly digitalized, 
interconnected, and data-driven, AI has become a 
strategic enabler of demand forecasting, supporting more 
accurate, adaptive, and intelligent decision-making across 
manufacturing supply chains. In this context, a systematic 
literature review of research published between 2010 and 
30 May 2026 was conducted to synthesize the evolution of 
AI methodologies, examine manufacturing applications, 
identify implementation challenges and research gaps, and 
establish future research directions for AI-enabled demand 
forecasting.

The review reveals a clear progression from 
conventional statistical forecasting techniques to 
advanced AI paradigms, including machine learning, 
deep learning, reinforcement learning, hybrid intelligence, 
transformer-based architectures, and foundation AI. These 
developments have substantially enhanced forecasting 
accuracy, production planning, inventory optimization, 
demand–supply synchronization, and overall supply chain 
responsiveness. However, the findings also demonstrate 
that advances in AI algorithms alone are insufficient to 
ensure successful industrial implementation. Persistent 
challenges—including fragmented data ecosystems, poor 
data quality and interoperability, concept drift, limited 
model explainability, enterprise system integration, 
organizational readiness, cybersecurity, AI governance, 
and cross-organizational collaboration—continue to 
hinder the effective deployment of AI-enabled forecasting 
systems. Consequently, realizing the full value of AI 
requires an integrated socio-technical approach that 
combines advanced analytical capabilities with robust 
data governance, interoperable digital infrastructure, 
organizational capabilities, and responsible governance 
frameworks.

Beyond providing a comprehensive synthesis of the 
literature, this review advances the field by systematically 
identifying unresolved theoretical, methodological, and 
practical research gaps while positioning AI-enabled 
demand forecasting as a strategic socio-technical capability 
rather than merely a predictive modeling task. From this 
perspective, demand forecasting is conceptualized as an 
intelligent decision-support ecosystem that integrates 
predictive intelligence, operational optimization, 
organizational capabilities, digital infrastructure, and 
collaborative supply chain processes to support continuous, 
adaptive, and data-driven decision-making. This 
perspective extends previous reviews that have primarily 
emphasized forecasting techniques and predictive 
performance, offering a more holistic understanding of 
how AI creates operational and strategic value across 
manufacturing supply chains.

Building on the identified research gaps, the review 
proposes a structured future research agenda encompassing 
data-centric AI, explainable and trustworthy AI, foundation 
models, AI-driven decision intelligence, autonomous 
forecasting, digital twins, responsible AI governance, 
sustainable AI, and autonomous manufacturing systems. 
Collectively, these research directions highlight the 
evolution of AI-enabled demand forecasting from 
standalone prediction models toward intelligent, 
trustworthy, adaptive, and autonomous decision-support 
ecosystems capable of supporting resilient, sustainable, 
and digitally integrated manufacturing supply chains.

This study makes three principal contributions to 
the literature. First, it provides a comprehensive and 
up-to-date systematic synthesis of AI-enabled demand 
forecasting research in manufacturing supply chains, 
consolidating a rapidly expanding body of knowledge into 
a coherent evidence base. Second, it develops an integrated 
conceptual framework that links AI methodologies with 
manufacturing applications, implementation challenges, 
organizational capabilities, governance requirements, and 
supply chain integration while systematically identifying 
the key research gaps that remain unresolved. Third, it 
proposes a structured future research agenda that offers a 
strategic roadmap for advancing both academic research 
and industrial practice in AI-enabled manufacturing 
supply chains.

The findings also provide important implications 
for theory and practice. From a theoretical perspective, 
this review contributes to the literature on intelligent 
manufacturing by integrating insights from artificial 
intelligence, manufacturing systems, operations and supply 
chain management, information systems, and responsible 
AI into a unified conceptual framework. By bridging 
methodological, technological, and organizational 
perspectives, it provides a stronger foundation for future 
theory development and interdisciplinary research. 
From a practical perspective, the findings demonstrate 
that successful AI implementation requires substantially 
more than deploying advanced forecasting algorithms. 
Manufacturing organizations should invest in high-quality 
data ecosystems, interoperable digital infrastructure, 
organizational capabilities, enterprise-wide AI integration, 
and governance mechanisms that promote transparency, 
accountability, security, and trust. These complementary 
capabilities are essential for translating AI-enabled 
forecasting into measurable operational improvements, 
strategic agility, and long-term competitive advantage.

This review is subject to several limitations. The 
analysis is restricted to studies published between 2010 
and 30 May 2026 and selected in accordance with the 
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PRISMA 2020 guidelines. Furthermore, the review relies 
primarily on qualitative synthesis and does not incorporate 
bibliometric, scientometric, or meta-analytic techniques 
that could provide complementary quantitative insights 
into the intellectual structure and evolution of the field. 
Given the rapid pace of AI innovation, future reviews 
should periodically update the evidence base, integrate 
quantitative evidence synthesis where appropriate, and 
further investigate emerging AI paradigms, industrial 
applications, and governance frameworks to ensure that 
the proposed research agenda remains aligned with 
continuing advances in intelligent manufacturing.

	 Despite the limitations, this paper has dual 
implications, both theoretical and managerial. Regarding 
the theoretical implications, this review advances the 
literature by systematically synthesizing AI-enabled 
demand forecasting research and developing an integrated 
conceptual framework that connects AI methodologies, 
manufacturing applications, implementation challenges, 
organizational capabilities, governance requirements, and 
supply chain integration. By conceptualizing AI-enabled 
demand forecasting as a strategic socio-technical decision-
support capability, the study extends existing theory and 
establishes a robust foundation for future interdisciplinary 
research on intelligent manufacturing and AI-enabled 
supply chains. Regarding the managerial implications, 
the findings demonstrate that successful AI adoption 
depends on an integrated organizational approach that 
combines advanced forecasting models with high-quality 
data ecosystems, interoperable digital infrastructure, 
organizational readiness, enterprise-wide AI integration, 
and responsible AI governance. Embedding AI-enabled 
demand forecasting within strategic and operational 
decision-making can improve forecasting accuracy, 
optimize production planning and inventory management, 
enhance organizational agility, strengthen supply chain 
resilience, and support sustainable competitive advantage.
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