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Abstract: The rapid transition from Industry 4.0 to Industry 5.0 has significantly increased the complexity of 
manufacturing systems while accelerating the development and deployment of smart and sustainable 
materials in advanced industrial applications. These emerging materials require intelligent decision-making 
approaches that integrate data, advanced analytics, optimization, digital twins, and human expertise 
throughout their design, production, monitoring, and lifecycle management. Although artificial intelligence, 
machine learning, digital twins, and mathematical optimization have independently advanced intelligent 
manufacturing, their isolated application often limits adaptability, explainability, and resilience. This study 
presents a systematic literature review of Decision Intelligence (DI) in collaborative intelligent manufacturing 
following the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) methodology, 
synthesizing evidence from 140 peer-reviewed publications. The review comprehensively examines the 
evolution of Decision Intelligence, core enabling technologies, layered architectures, industrial applications, 
human-centered decision-making, implementation challenges, and emerging research trends. The findings 
indicate that effective Decision Intelligence requires the seamless integration of artificial intelligence, 
optimization, digital twins, knowledge graphs, explainable AI, and Human-in-the-Loop AI within a unified 
decision ecosystem that combines computational intelligence with human judgment. The proposed framework 
and research roadmap provide valuable theoretical insights and practical guidance for developing resilient, 
explainable, and human-centric Decision Intelligence systems that support the realization of Industry 5.0 
manufacturing for smart and sustainable materials. 
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1. INTRODUCTION 

Manufacturing has continuously evolved to 

address increasing market complexity, 

technological advancements, and changing 

societal expectations. From the mechanization of 

production during the First Industrial Revolution 

to the emergence of intelligent cyber-physical 

ecosystems in the era of Industry 5.0, each 

industrial transformation has fundamentally 

redefined manufacturing paradigms, production 

strategies, and decision-making processes 

(Esmaeilian et al., 2016). Industry 5.0 also 

promotes the development and sustainable 

utilization of smart materials, environmentally 

friendly materials, recyclable materials, and 

circular manufacturing systems, requiring  
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intelligent decision support across the entire 

material lifecycle. The current manufacturing 

landscape is characterized by unprecedented 

levels of data generation, interconnected 

systems, autonomous machines, and human-

machine collaboration, creating opportunities as 

well as challenges for making timely, accurate, 

and sustainable decisions (Chirumalla et al., 

2025). Consequently, decision-making has 

become one of the most critical capabilities for 

modern manufacturing enterprises seeking 

competitiveness, resilience, and operational 

excellence. 

1.1. Evolution of Manufacturing 

The emergence of smart materials, 

multifunctional materials, advanced composites, 

bio-based materials, recyclable materials, and 

other sustainable materials has further increased 

manufacturing complexity. Their design, 
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processing, quality assurance, lifecycle 

monitoring, and circular utilization require 

intelligent decision-making frameworks capable 

of integrating physical data, computational 

intelligence, and human expertise. The 

development of manufacturing can be viewed as 

a sequence of technological revolutions, each 

introducing new production philosophies and 

enabling technologies. 

Industry 1.0 marked the transition from 

manual craftsmanship to mechanized production 

through the utilization of water and steam power 

(Szeszák et al., 2025). This revolution 

significantly increased production capacity but 

relied heavily on human supervision and 

experience-based decision-making. This paper 

states that industrial evolution has been a key 

driver of global economic and technological 

development, while industrial mathematics 

provides essential tools for optimizing production, 

supply chain management, and decision-making, 

thereby enabling the development of smart 

industries capable of meeting customer demands 

in uncertain business environments (Akash 

Kadam et al., 2025; Vinitha et al., 2020). 

The advent of Industry 2.0 introduced 

electricity, assembly lines, and mass production 

techniques (Al-Siah & Fioravanti, 2023; Lv, 2023). 

Standardization and division of labor dramatically 

improved productivity and reduced 

manufacturing costs. Decision-making during this 

era focused primarily on production planning, 

scheduling, and quality inspection using 

deterministic approaches. This relavent paper 

(Yin et al., 2018) discusses the evolution of 

manufacturing during Industry 2.0, emphasizing 

the transition from steam-powered production to 

electrically driven mass manufacturing. It focuses 

on the introduction of assembly lines, 

standardized production methods, 

interchangeable parts, and scientific 

management principles that significantly 

enhanced productivity, efficiency, and product 

quality. The paper further examines how 

electrification enabled continuous production, 

reduced manufacturing costs, and supported 

large-scale industrialization, laying the 

technological and organizational foundation for 

modern manufacturing systems and subsequent 

industrial revolutions. 

The emergence of Industry 3.0 transformed 

manufacturing through automation, 

programmable logic controllers (PLCs), industrial 

robotics, and computer-aided manufacturing 

(Adebayo et al., 2025; Patel & Lim, 2025). Digital 

technologies enabled greater production 

flexibility and process control; however, most 

manufacturing systems remained isolated, with 

limited communication among machines and 

enterprise systems. The concept of Industry 4.0 

represented a paradigm shift toward highly 

connected and intelligent manufacturing 

environments. Cyber-physical systems, Industrial 

Internet of Things (IIoT), cloud computing, 

artificial intelligence (AI), big data analytics, 

additive manufacturing, blockchain, and digital 

twins enabled real-time sensing, predictive 

analytics, autonomous control, and decentralized 

decision-making. Manufacturing systems evolved 

from automated production facilities into smart 

factories capable of continuously collecting and 

processing massive amounts of operational data 

(Khan et al., 2025; Subrahmanyam, 2025; 

Zakoldaev et al., 2019). 

Although Industry 4.0 significantly enhanced 

manufacturing intelligence, its primary emphasis 

remained technology-driven. Growing concerns 

regarding workforce well-being, sustainability, 

resilience, ethical AI, and environmental 

responsibility motivated the transition toward 

Industry 5.0 (Luu et al., 2025). Unlike its 

predecessor, Industry 5.0 advocates a human-

centric manufacturing philosophy in which 

intelligent technologies complement rather than 

replace human expertise. Collaborative robots, 

explainable AI, digital twins, edge intelligence, 

and human-in-the-loop systems enable effective 

collaboration between humans and machines 

while simultaneously supporting sustainable 

production and resilient supply chains (Dehghan 

et al., 2025). 

As manufacturing systems become 

increasingly interconnected and autonomous, 

organizations face a new challenge that extends 
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beyond data acquisition and automation: 

transforming vast amounts of heterogeneous 

information into actionable, reliable, and context-

aware decisions. The complexity of modern 

manufacturing environments including dynamic 

production schedules, uncertain demand, supply 

chain disruptions, energy constraints, equipment 

failures, and sustainability objectives cannot be 

effectively managed through conventional 

optimization or standalone AI models alone. This 

study highlights the importance of resilient, 

human-centric, and adaptive manufacturing 

systems, aligning with the principles of Industry 

5.0 by emphasizing supply chain agility, 

continuous learning, sustainability, and 

collaborative decision-making to effectively 

manage disruptions and uncertainty (Dey et al., 

2024; X. Li et al., 2026). 

This evolution has led to the emergence of the 

Decision Intelligence (DI) Era, representing the 

next stage in intelligent manufacturing. Decision 

Intelligence integrates artificial intelligence, 

machine learning, operations research, 

mathematical optimization, simulation, digital 

twins, knowledge graphs, causal reasoning, 

reinforcement learning, and human expertise into 

a unified decision-support framework. Rather 

than simply generating predictions or optimizing 

isolated objectives, Decision Intelligence aims to 

recommend, evaluate, explain, and continuously 

improve decisions across strategic, tactical, and 

operational levels of manufacturing. 

Within collaborative intelligent manufacturing, 

Decision Intelligence enables seamless 

coordination among humans, robots, cyber-

physical systems, and enterprise information 

systems (Dhanda et al., 2025). Digital twins 

continuously mirror physical assets, AI models 

forecast future conditions, optimization 

algorithms determine optimal actions, and human 

experts provide contextual knowledge, ethical 

judgment, and strategic oversight. This 

synergistic integration creates adaptive 

manufacturing ecosystems capable of learning 

from experience, responding to uncertainty, and 

balancing multiple conflicting objectives such as 

productivity, quality, energy efficiency, 

sustainability, resilience, and worker well-being. 

Despite the rapid growth of Decision 

Intelligence research, existing review articles 

predominantly focus on individual enabling 

technologies such as artificial intelligence, digital 

twins, collaborative robotics, optimization 

methods, or Industry 5.0 (Rahaman et al., 2025). 

A comprehensive review that systematically 

integrates these technologies under the unified 

perspective of Decision Intelligence for 

collaborative intelligent manufacturing remains 

largely absent. Furthermore, limited attention has 

been given to understanding how AI, 

optimization, digital twins, human-centered 

decision-making, and explainable intelligence 

collectively contribute to intelligent manufacturing 

ecosystems. 

To address this research gap, this review 

presents a comprehensive synthesis of Decision 

Intelligence in Collaborative Intelligent 

Manufacturing. The paper systematically 

examines the evolution of manufacturing 

intelligence, analyzes the integration of artificial 

intelligence, optimization techniques, digital 

twins, and human expertise, and reviews their 

applications across planning, scheduling, 

predictive maintenance, quality control, supply 

chain management, energy optimization, and 

autonomous manufacturing systems. In addition, 

the review discusses existing challenges, 

identifies emerging research trends, and 

proposes future research directions toward 

resilient, sustainable, explainable, and human-

centric manufacturing systems. By providing an 

integrated conceptual framework and critical 

analysis of recent developments, this review aims 

to serve as a valuable reference for researchers, 

practitioners, and policymakers working toward 

the realization of next-generation intelligent 

manufacturing. The historical evolution of 

manufacturing, from Industry 1.0 to the emerging 

Decision Intelligence era, is illustrated in Figure 

1, highlighting the progressive integration of 

automation, digitalization, artificial intelligence, 

and human-centered decision-making. 
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1.2. From Automation to Intelligent Decision-
Making 

The transition from conventional automation 

to intelligent decision-making has transformed 

modern manufacturing by enabling data-driven, 

predictive, and adaptive operational strategies. In 

this context, Nadim Mahmud and Hrittik Mural 

(2025) proposed an integrated framework that 

combines ensemble machine learning with multi-

criteria decision-making (MCDM) techniques to 

identify and prioritize the key drivers of inventory 

waste. Their study demonstrates how intelligent 

decision-support systems can optimize inventory 

management, minimize operational 

inefficiencies, and enhance manufacturing 

resilience through predictive analytics and 

automated decision-making (Mahmud & Mural, 

2026). Smart manufacturing represents the 

evolution of conventional production systems into 

interconnected and data-driven environments, 

where cyber-physical systems, Industrial Internet 

of Things (IIoT), cloud computing, and digital 

twins enable real-time monitoring, autonomous 

control, and intelligent decision-making. It 

establishes the technological foundation for 

collaborative intelligent manufacturing by 

enhancing operational efficiency, flexibility, and 

responsiveness (Leng et al., 2026). Artificial 

intelligence has transformed manufacturing from 

rule-based automation to cognitive and predictive 

systems capable of learning from data and 

optimizing complex processes. Through machine 

learning, deep learning, computer vision, and 

reinforcement learning, AI enables predictive 

maintenance, intelligent quality inspection, 

production scheduling, and autonomous process 

optimization, thereby supporting more informed 

and adaptive manufacturing decisions. 

Human-centric manufacturing shifts the focus 

from fully automated factories to collaborative 

environments where human expertise 

complements intelligent technologies (Singh et 

 

Figure 1: Evolution toward Decision Intelligence-driven Manufacturing. 



116    Journal of Sustainable Smart Materials and Structural Systems, 2026, Vol. 2 Mural et al. 

al., 2022). By integrating collaborative robots, 

explainable AI, ergonomic system design, and 

human-in-the-loop decision-making, 

manufacturing systems can improve productivity, 

safety, creativity, and worker well-being while 

maintaining flexibility in complex production 

scenarios (Talukder et al., 2026; M. Wang et al., 

2025). Decision Intelligence represents the next 

stage in manufacturing evolution by integrating 

artificial intelligence, optimization techniques, 

digital twins, and human expertise into a unified 

decision-support framework. Rather than merely 

automating tasks, Decision Intelligence enables 

explainable, collaborative, and context-aware 

decision-making that improves strategic, tactical, 

and operational performance across intelligent 

manufacturing systems. 

1.3. Why Decision Intelligence? 

The rapid evolution of Industry 4.0 and the 

transition toward Industry 5.0 have significantly 

increased the complexity of manufacturing 

systems, creating decision environments 

characterized by high-dimensional data, dynamic 

operating conditions, uncertainty, and multiple 

conflicting objectives (L. Zhang et al., 2024). As 

manufacturing enterprises adopt Industrial 

Internet of Things (IIoT), cyber–physical systems, 

cloud and edge computing, digital twins, 

autonomous robotics, and advanced analytics, 

traditional decision-support approaches have 

become increasingly inadequate for addressing 

real-time operational challenges (Bitencourt et 

al., 2025). Although numerous intelligent 

technologies have been developed to improve 

manufacturing performance, each technology 

exhibits inherent limitations when applied 

independently. Consequently, recent research 

has emphasized the need for integrated Decision 

Intelligence (DI) frameworks capable of 

combining data-driven analytics, optimization, 

simulation, and human expertise into a unified 

decision-making paradigm. 

Artificial intelligence (AI) and machine 

learning (ML) have demonstrated remarkable 

capabilities in pattern recognition, anomaly 

detection, predictive maintenance, quality 

inspection, and demand forecasting by learning 

complex relationships from large-scale 

manufacturing data (Alfaro-Viquez et al., 2025). 

Nevertheless, these methods primarily generate 

predictive insights rather than prescriptive 

decisions and often suffer from challenges 

related to explainability, transparency, model 

generalization, data dependency, and robustness 

under changing production environments 

(Moosavi et al., 2024). Mathematical optimization 

techniques, including linear programming, mixed-

integer programming, evolutionary algorithms, 

and multi-objective optimization, provide 

systematic approaches for identifying optimal 

manufacturing decisions under predefined 

objectives and constraints. However, 

conventional optimization models frequently rely 

on deterministic assumptions, require accurate 

mathematical formulations, and have limited 

capability to adapt to uncertain, stochastic, and 

rapidly changing industrial environments (Saxena 

et al., 2025). Similarly, digital twins enable real-

time monitoring, virtual simulation, and predictive 

analysis of manufacturing systems but remain 

constrained by data synchronization, 

computational complexity, interoperability, and 

scalable deployment across heterogeneous 

production environments (Barata & Kayser, 2024; 

Grieves, 2023). Furthermore, while human 

expertise contributes contextual reasoning, 

ethical judgment, and experiential knowledge that 

cannot easily be replicated by intelligent 

algorithms, purely human-centered decision-

making is often affected by cognitive bias, limited 

processing capacity, and inconsistent judgments 

under complex operational conditions. These 

complementary strengths and limitations have 

motivated the emergence of Decision Intelligence 

as a holistic framework that integrates artificial 

intelligence, optimization, digital twins, data 

analytics, and human-centered collaboration to 

deliver adaptive, explainable, trustworthy, and 

resilient decision-making across modern 

manufacturing systems. 

Digital twins provide high-fidelity virtual 

representations of physical assets and 

manufacturing processes, enabling real-time 

monitoring, simulation, and scenario analysis 

(Javaid et al., 2023). Nevertheless, digital twins 

primarily evaluate the consequences of different 
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operational scenarios rather than autonomously 

selecting the most appropriate decision among 

competing alternatives. Human experts 

contribute tacit knowledge, contextual 

understanding, ethical judgment, and practical 

experience that are difficult to encode into 

computational models. Their ability to interpret 

ambiguous situations, consider organizational 

objectives, and adapt to unforeseen events 

remains indispensable. However, purely human 

decision-making is often constrained by cognitive 

biases, limited processing capacity, and the 

increasing complexity of industrial data(Yanytska, 

2025). The overall ecosystem of Decision 

Intelligence in collaborative intelligent 

manufacturing is illustrated in Figure 2, showing 

the interactions among data acquisition, 

intelligent analytics, optimization, human 

expertise, and manufacturing applications. 

 

Figure 2: Decision Intelligence Ecosystem for 

Collaborative Intelligent Manufacturing of Smart and 

Sustainable Materials. 

1.4. Smart and Sustainable Materials in the 
Era of Decision Intelligence 

The transition from Industry 4.0 to Industry 5.0 

has significantly accelerated the development 

and adoption of smart and sustainable materials, 

which are becoming fundamental components of 

next-generation manufacturing systems. Smart 

materials possess the capability to sense, 

respond, and adapt to changes in environmental 

conditions such as temperature, stress, pressure, 

electric fields, or magnetic fields, enabling self-

monitoring, self-healing, and adaptive 

functionalities. Simultaneously, sustainable 

materials emphasize environmental responsibility 

through reduced resource consumption, lower 

carbon emissions, recyclability, circular material 

utilization, and improved lifecycle performance. 

Examples include advanced composites, shape 

memory alloys, piezoelectric materials, self-

healing polymers, bio-based materials, 

recyclable composites, nanomaterials, and 

multifunctional materials. 

The increasing complexity of these materials 

presents significant challenges throughout their 

design, characterization, processing, 

manufacturing, quality assurance, structural 

performance assessment, and end-of-life 

management. Conventional manufacturing 

approaches often lack the capability to efficiently 

integrate heterogeneous material data, predict 

material behavior under dynamic operating 

conditions, and optimize manufacturing 

processes while simultaneously satisfying 

mechanical performance, economic efficiency, 

and environmental sustainability objectives. 

Decision Intelligence offers a promising 

solution by integrating artificial intelligence, 

machine learning, digital twins, optimization 

algorithms, simulation, and human expertise into 

a unified decision-support framework. Artificial 

intelligence enables intelligent material discovery, 

property prediction, defect identification, and 

process optimization, while Digital Twins 

continuously monitor material behavior 

throughout manufacturing and operational life. 

Optimization algorithms support intelligent 

material selection, process parameter 

optimization, resource allocation, and lifecycle 

management. Human expertise further 

contributes engineering judgment, safety 
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evaluation, and sustainability assessment, 

ensuring that computational recommendations 

remain reliable and practically applicable. 

Consequently, Decision Intelligence extends 

beyond intelligent manufacturing operations to 

support the complete lifecycle of smart and 

sustainable materials, including material design, 

processing, structural performance monitoring, 

lifecycle optimization, recycling, and circular 

manufacturing. This integration strongly aligns 

with the human-centric, resilient, and sustainable 

objectives of Industry 5.0. 

1.5. Literature Gap 

Explainable Artificial Intelligence (XAI) is 

crucial for the transition from the fourth to fifth 

industrial revolution, providing transparency and 

fostering user confidence in Artificial Intelligence 

(AI) powered systems. Since 2020, XAI 

applications demonstrate potential to transform 

manufacturing. Nikiforidis et al. (2025) provides 

an extensive overview of XAI-based applications 

in Industries 4.0 and 5.0 by highlighting the 

trends regarding methods used, connecting XAI 

methods with important parameters and 

presenting XAI visualization approaches. The 

survey provides valuable insights for 

researchers, practitioners and industry leaders as 

it underscores the potential of XAI in shaping the 

future of manufacturing by enhancing 

transparency and user acceptance of AI-powered 

applications (Nikiforidis et al., 2025). Li et al. 

(2024) investigates the effects of artificial 

intelligence (AI) on manufacturing firms' energy 

intensity (EI) by examining the substitutive role of 

AI in factor inputs. We assess how AI 

advancements and the assimilation can improve 

productivity and enhance energy efficiency, 

potentially reducing EI. Using a dataset of 

Chinese listed manufacturing companies from 

2006 to 2020, this study quantifies AI adoption 

through text analysis of firms' annual reports. The 

findings indicate that AI applications can 

significantly improve production efficiency and 

energy efficiency, thereby significantly 

diminishing firms' EI (H. Li et al., 2025).  

Protyai et al. (2026) presented Digital Twin 

(DT) technology as a key enabler of the industry 

4.0 revolution, demonstrating how its integration 

with manufacturing and Project Lifecycle 

Management (PLM) enhances real-time 

monitoring, predictive maintenance, and 

operational efficiency. Their study further showed 

that DT-driven project evaluation supports data-

driven decision-making, improves project 

execution, and promotes sustainable 

manufacturing through continuous digital 

synchronization (Protyai et al., 2026). Karkaria et 

al. (2025) reviews optimization methods that 

enhance adaptability, efficiency and decision 

making in modern manufacturing, emphasizing 

the transformative role of artificial intelligence (AI) 

and digital twin technologies. By integrating AI 

and machine learning algorithms within digital 

twin frameworks, manufacturers can facilitate 

real-time monitoring, quality control and dynamic 

process adjustments (Karkaria et al., 2025). 
Tudorache et al. (2025) stated in their paper 

that many studies present generic 

implementations for DTs that do not address the 

required level of detail to achieve an effective DT 

solution. Future work should focus on 

understanding the complex additive 

manufacturing process to build integrated and 

enhanced simulation capabilities of the DT and 

on employing standard engineering 

methodologies and tools for developing DTs in 

the context of AM (Tudorache et al., 2025). 

Debnath et al. demonstrates that optimization 

techniques are increasingly being adopted in 

modern manufacturing to improve aggregate 

production planning by minimizing total 

operational costs and enhancing production 

efficiency under uncertain industrial 

environments (Debnath et al., 2025a). Shahriar et 

al. (2026) highlights the growing application of 

multi-criteria optimization and decision-making 

techniques in manufacturing and supply chain 

management to support sustainable supplier 

selection, enabling industries to balance 

economic, environmental, and social objectives 

through data-driven decision-making (Shahriar et 

al., 2026a). 

https://www.sciencedirect.com/topics/computer-science/artificial-intelligence
https://www.sciencedirect.com/topics/computer-science/industry-4-0
https://www.sciencedirect.com/topics/economics-econometrics-and-finance/factor-input
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Although numerous review studies have 

investigated artificial intelligence, digital twins, 

optimization, and Industry 5.0 manufacturing, 

limited attention has been devoted to Decision 

Intelligence for the manufacturing of smart and 

sustainable materials. Existing reviews rarely 

examine how AI, optimization, digital twins, and 

human-centered decision-making can collectively 

support intelligent material design, sustainable 

material processing, quality assurance, lifecycle 

assessment, circular economy practices, and 

resource-efficient manufacturing. Sudden 

Table 1: Comparison of Existing Review Papers 

Authors Year AI Optimization 
Digital 
Twin 

Human 
Factors 

Decision 
Intelligence 

Research Gap Novelty 

Nikiforidis 
et al. [11] 

2025 ✓ ✗ ✗ ✓ ✗ 

Focuses only on 
Explainable AI (XAI); 

lacks optimization, DT 
integration, and unified 

decision-making. 

Comprehensive review 
of XAI applications for 

transparent and 
trustworthy 

manufacturing. 

Li et al. 
[12] 

2024 ✓ ✗ ✗ ✗ ✗ 

Investigates AI for energy 
efficiency only; does not 
address manufacturing 

decision integration. 

Demonstrates AI-driven 
improvements in 

production and energy 
efficiency. 

Protyai et 
al. [13] 

2026 ✗ ✗ ✓ ✗ Partial 

DT framework is limited 
to monitoring and project 

lifecycle management 
without integrated 

optimization or human 
collaboration. 

Presents DT integration 
with PLM for real-time 
project evaluation and 

sustainable 
manufacturing. 

Karkaria 
et al. [14] 

2025 ✓ ✓ ✓ ✗ Partial 

Reviews AI, optimization, 
and DT but lacks human-

centric and Decision 
Intelligence perspectives. 

Reviews AI-enabled 
optimization within 

Digital Twin frameworks 
for smart 

manufacturing. 

Tudorache 
et al. [15] 

2025 ✗ ✗ ✓ ✗ ✗ 

Focuses on Digital Twin 
implementation 

challenges in additive 
manufacturing only. 

Identifies research 
challenges for high-

fidelity Digital Twins in 
additive manufacturing. 

Debnath 
et al. [16] 

2026 ✗ ✓ ✗ ✗ ✗ 

Concentrates on 
aggregate production 

planning without AI, DT, 
or collaborative 

intelligence. 

Develops optimization-
based production 
planning under 

uncertain 
manufacturing 
environments. 

Shahriar 
et al. [17] 

2026 ✗ ✓ ✗ ✓ Partial 

Focuses on sustainable 
supplier selection without 
integrating AI or Digital 

Twins. 

Integrates AHP-
TOPSIS for sustainable 

manufacturing and 
supply chain decision-

making. 

Pant et 
al.(Pant et 
al., 2025) 

2025 ✓ Partial Partial ✓ ✗ 

Reviews Industry 5.0 
technologies but does 
not propose a unified 
Decision Intelligence 

framework. 

Summarizes Industry 
5.0 technologies 

emphasizing 
sustainability, agility, 
and human-machine 

collaboration. 

This 
Review 

2026 ✓ ✓ ✓ ✓ ✓ 

Proposing Decision 
Intelligence as a unified 

framework integrating AI, 
optimization, Digital 
Twins, and human 

expertise for 
collaborative intelligent 

manufacturing. 

Provides the first 
comprehensive review 
centered on Decision 

Intelligence in 
Collaborative Intelligent 

Manufacturing. 
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challenges have arisen in manufacturing from the 

last few years. These changes destroyed the 

traditional manufacturing system. High 

automation was introduced in the industry by 

connecting physical and virtual world, known as 

Industry 4.0. Since Industry 4.0 was unable to 

meet the emergent need for customization, the 

term Industry 5.0 was developed to address the 

customised manufacturing. This industry 

revaluation enhanced the customer satisfaction 

by creating their customised products. The 

primary goal of industrial transformation is to take 

into account the social and environmental 

advantages of the sector in order to become a 

true source of success. Pant et al. (2025) aims to 

categorise and summarise the research results 

from some papers on Industry 5.0 and key 

challenges of Industry 4.0 in order to provide 

guidance and insight to other researchers and 

professionals (Pant et al., 2025). 

Although recent studies have made significant 

advances in applying artificial intelligence, 

optimization techniques, digital twins, and 

human-centric manufacturing (Mural et al., 2026) 

independently, the existing literature remains 

highly fragmented. Digital twin research has 

significantly improved real-time monitoring, 

simulation, and predictive maintenance; however, 

most frameworks remain simulation-oriented and 

lack integrated decision-support capabilities 

(Crespi et al., 2023; Hananto et al., 2024). 

Meanwhile, Industry 5.0 research highlights 

human-centricity, sustainability, and 

collaboration, yet human knowledge is rarely 

incorporated systematically into computational 

decision frameworks. 

Therefore, a critical research gap exists in the 

absence of a comprehensive framework that 

simultaneously integrates Artificial Intelligence for 

predictive analytics, Optimization for prescriptive 

decision-making, Digital Twins for real-time 

simulation and system awareness, and Human 

Expertise for contextual reasoning and ethical 

judgment. More importantly, the concept of 

Decision Intelligence, which unifies these 

complementary technologies into a collaborative, 

explainable, adaptive, and human-centered 

decision-making ecosystem, has received limited 

attention in the context of collaborative intelligent 

manufacturing. Addressing this gap is essential 

for realizing the full vision of Industry 5.0, where 

intelligent technologies and human expertise 

work synergistically to support resilient, 

sustainable, and data-driven manufacturing 

systems. A comparison of representative review 

studies related to Decision Intelligence, intelligent 

manufacturing, Industry 5.0, and human–AI 

collaboration is presented in Table 1, 

demonstrating the research gap addressed by 

this review. 

1.5. Research Questions 

Based on the identified research gaps, this 

review seeks to address the following research 

questions, which systematically explore the 

concepts, enabling technologies, integration 

strategies, and future challenges of Decision 

Intelligence in collaborative intelligent 

manufacturing. 

RQ1: What is Decision Intelligence, and how 

does it transform collaborative intelligent 

manufacturing beyond Industry 4.0 and Industry 

5.0? 

RQ2: Which core technologies including 

Artificial Intelligence, optimization, Digital Twins, 

and human-centric systems enable Decision 

Intelligence in manufacturing? 

RQ3: How are Artificial Intelligence and 

optimization techniques integrated to support 

predictive, prescriptive, and autonomous 

manufacturing decisions? 

RQ4: What role do Digital Twins play in real-

time monitoring, simulation, and decision support 

within collaborative manufacturing systems? 

RQ5: How can human expertise be effectively 

integrated with intelligent systems to achieve 

explainable, trustworthy, and human-centered 

decision-making? 

RQ6: What are the current research 

challenges, emerging trends, and future 

directions for implementing Decision Intelligence 

in collaborative intelligent manufacturing? 
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2. REVIEW METHODOLOGY 

This review adopts a systematic literature 

review methodology based on the Preferred 

Reporting Items for Systematic Reviews and 

Meta-Analyses (PRISMA) guidelines to ensure 

transparency, reproducibility, and methodological 

rigor. The objective of this review is to 

comprehensively examine the current state-of-

the-art in Decision Intelligence for Collaborative 

Intelligent Manufacturing, with a particular focus 

on the integration of Artificial Intelligence (AI), 

optimization techniques, Digital Twins, and 

human-centered decision-making. The review 

process consisted of literature identification, 

screening, eligibility assessment, quality 

evaluation, and final inclusion of relevant studies. 

2.1. PRISMA Framework 

The literature selection process followed the 

four stages recommended by the PRISMA 

framework: identification, screening, eligibility, 

and inclusion (Nazir & Das, 2025). Initially, 820 

records were identified through a comprehensive 

search, comprising 782 publications retrieved 

from Google Scholar and an additional 38 records 

obtained through manual reference searching. 

After removing 126 duplicate records, 694 unique 

publications remained for title and abstract 

screening. During this stage, 448 articles were 

excluded because they were outside the scope of 

this review. Consequently, 246 full-text articles 

were assessed for eligibility. Following detailed 

evaluation, 106 articles were excluded due to 

reasons including lack of relevance to 

collaborative intelligent manufacturing, 

insufficient methodological contribution, 

duplication, non-English publication, or 

unavailability of the full text. Finally, 140 peer-

reviewed studies satisfied all eligibility and quality 

assessment criteria and were included in the 

qualitative synthesis. The complete study 

selection process is illustrated in the PRISMA 

flow diagram shown in Figure 3. 

2.2. Literature Databases 

The primary literature search was conducted 

using Google Scholar, which provides broad 

coverage of multidisciplinary scientific 

publications. To ensure the quality and reliability 

of the reviewed literature, only peer-reviewed 

articles published by internationally recognized 

academic publishers were considered. Among 

the final 140 selected studies, 58 articles were 

 

Figure 3: PRISMA Flow Diagram. 
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published by Elsevier, 24 by Wiley, 21 by Taylor & 

Francis, 15 by IOP Publishing, 12 by Springer 

Nature, and 10 by IEEE. These publishers were 

selected because they consistently publish high-

impact research in manufacturing systems, 

industrial engineering, artificial intelligence, 

optimization, digital manufacturing, and Industry 

4.0/5.0. 

2.3. Search Keywords 

The search strategy was designed using 

combinations of keywords related to Decision 

Intelligence and collaborative intelligent 

manufacturing. Representative keywords 

included Decision Intelligence, Collaborative 

Intelligent Manufacturing, Artificial Intelligence, 

Machine Learning, Explainable Artificial 

Intelligence, Optimization, Digital Twin, Industry 

4.0, Industry 5.0, Human-Centered 

Manufacturing, Human-in-the-Loop, Smart 

Manufacturing, Decision Support Systems, 

Predictive Analytics, and Multi-Criteria Decision 

Making. Boolean operators such as AND and OR 

were employed to combine these terms and 

maximize the retrieval of relevant publications. 

The systematic literature selection process 

adopted in this review is summarized in Figure 3 

following the PRISMA methodology. 

2.4. Selection Criteria 

Only peer-reviewed journal articles published 

in English and directly related to intelligent 

manufacturing, artificial intelligence, optimization, 

digital twins, Industry 4.0, Industry 5.0, and 

human-centered decision-making were included 

in this review. Studies presenting novel 

methodologies, conceptual frameworks, 

industrial applications, or comprehensive review 

articles were considered eligible. Publications 

such as editorials, book chapters, conference 

abstracts with insufficient technical information, 

duplicate studies, and articles unrelated to 

manufacturing decision-making were excluded. 

The inclusion and exclusion criteria used for 

selecting the relevant literature are summarized 

in Table 2. 

2.5. Eligibility Assessment 

The eligibility assessment involved a detailed 

full-text evaluation of the screened articles to 

Table 2: Inclusion and Exclusion Criteria for Literature Selection 

Criterion Inclusion Criteria Exclusion Criteria 

Publication type Peer-reviewed journal articles and review papers 

Conference abstracts, editorials, book 
chapters, dissertations, reports, 
patents, and non-peer-reviewed 

publications 

Language Articles published in English 
Articles published in languages other 

than English 

Publication period Studies published between 2020 and 2026 
Studies published before 2020 unless 

considered seminal references 

Research domain 

Manufacturing, Industry 4.0, Industry 5.0, Artificial 
Intelligence, Optimization, Digital Twins, Human-

Centered Manufacturing, Decision Intelligence, and 
Collaborative Manufacturing 

Studies unrelated to manufacturing or 
industrial decision-making 

Research scope 
Studies presenting methodologies, frameworks, 

applications, industrial case studies, or comprehensive 
reviews 

Studies with insufficient technical 
contribution or outside the scope of the 

review 

Quality 
Articles published in reputable international journals with 

clear methodology and validated results 

Studies with poor methodological 
quality, incomplete validation, or 

insufficient technical details 

Accessibility Full-text articles available for review 
Publications with unavailable or 

inaccessible full text 

Duplicates Most recent and complete version of a study 
Duplicate publications or multiple 

versions of the same work 
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determine their relevance to the objectives of this 

review. Each study was assessed according to its 

contribution to Decision Intelligence, integration 

of enabling technologies, methodological rigor, 

industrial applicability, and significance to 

collaborative intelligent manufacturing. Only 

publications that demonstrated substantial 

technical contributions and clear relevance to the 

review scope were retained. 

2.6. Quality Assessment 

To ensure scientific quality and reliability, all 

eligible studies underwent a rigorous quality 

assessment based on methodological 

soundness, technical contribution, industrial 

relevance, validation of proposed approaches, 

and publication quality. Preference was given to 

studies published in reputable international 

journals with clearly defined objectives, validated 

methodologies, and significant contributions to 

intelligent manufacturing research. Following this 

assessment process, 140 high-quality 

publications, published predominantly between 

2020 and 2026, formed the final dataset for this 

systematic review and served as the basis for 

identifying research trends, technological 

developments, existing research gaps, and future 

directions in Decision Intelligence for 

collaborative intelligent manufacturing. 

3. CONCEPTUAL FOUNDATIONS OF 
DECISION INTELLIGENCE 

3.1. Decision Intelligence 

Decision Intelligence (DI) is an 

interdisciplinary approach that integrates artificial 

intelligence, data analytics, mathematical 

optimization, operations research, simulation, 

and human expertise to improve decision-making 

in complex systems. Unlike traditional decision 

support systems that primarily focus on data 

analysis or prediction, Decision Intelligence 

combines predictive, prescriptive, and 

explainable capabilities to support informed, 

transparent, and data-driven decisions across 

strategic, tactical, operational, and real-time 

levels. The evolution of Decision Intelligence has 

been driven by advances in digital manufacturing 

technologies (Parra-Martinez et al., 2023; Ren et 

al., 2023). Early manufacturing decisions relied 

mainly on human experience and mathematical 

models, while Industry 4.0 introduced cyber-

physical systems, the Industrial Internet of Things 

(IIoT), cloud computing, big data analytics, and 

digital twins to enable real-time data collection 

and intelligent automation. As manufacturing 

systems became increasingly interconnected and 

complex, conventional decision-making 

approaches proved insufficient, leading to the 

emergence of Decision Intelligence as an 

integrated framework for managing uncertainty 

and supporting complex industrial decisions 

(Kalinaki et al., 2024) (Zhao et al., 2025). 

Decision Intelligence combines multiple 

enabling technologies to generate actionable 

insights and optimize manufacturing performance 

(Kumar et al., 2025). Artificial intelligence and 

machine learning provide predictive capabilities, 

mathematical optimization identifies optimal 

solutions under operational constraints, while 

simulation and digital twins enable virtual 

evaluation of manufacturing processes before 

implementation. In addition, explainable AI 

enhances transparency and trust by allowing 

decision-makers to understand the reasoning 

behind AI-generated recommendations, thereby 

facilitating effective human–AI 

collaboration(Saraswat et al., 2022). Within the 

context of Industry 5.0, Decision Intelligence 

extends beyond automation by emphasizing 

human-centric, resilient, and sustainable 

manufacturing (Infant et al., 2025; Suri et al., 

2025). Rather than replacing human expertise, it 

augments decision-making through collaboration 

between intelligent computational systems and 

human operators. Consequently, Decision 

Intelligence has become a key enabler of 

collaborative intelligent manufacturing, 

supporting production planning, scheduling, 

quality management, predictive maintenance, 

supply chain optimization, resource allocation, 

and sustainable manufacturing. By integrating 

advanced digital technologies into a unified 

decision-making framework, Decision 
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Intelligence enables manufacturing systems to 

become more adaptive, efficient, and resilient in 

increasingly dynamic industrial environments (S.-

C. Chen et al., 2024). 

3.2. Collaborative Intelligent Manufacturing 

Collaborative Intelligent Manufacturing (CIM) 

is an advanced manufacturing paradigm that 

integrates human expertise, intelligent machines, 

artificial intelligence, robotics, cyber-physical 

systems, and digital communication technologies 

to enable collaborative, adaptive, and data-driven 

production environments. The architecture of 

collaborative intelligent manufacturing consists of 

multiple interconnected layers, including the 

physical layer, data layer, intelligence layer, 

decision layer, and application layer. The physical 

layer comprises manufacturing resources such 

as machines, robots, sensors, and production 

equipment that continuously generate 

operational data (Xiang et al., 2024). These data 

are collected and integrated through Industrial 

Internet of Things (IIoT) platforms, cloud 

computing, and edge computing infrastructures. 

The intelligence layer utilizes artificial 

intelligence, machine learning, optimization 

algorithms, simulation, and digital twin 

technologies to analyze manufacturing data and 

generate actionable insights (Samal, 2025; W. 

Zhang et al., 2025). The decision layer transforms 

these insights into optimized production plans, 

scheduling decisions, quality control strategies, 

predictive maintenance actions, and resource 

allocation policies, while the application layer 

implements these decisions across 

manufacturing operations. Collaborative 

intelligent manufacturing is characterized by real-

time data integration, autonomous decision 

support, human–AI collaboration, interoperability, 

adaptability, and continuous learning (Z. Wang et 

al., 2025). The integration of digital twins, artificial 

intelligence, and optimization techniques enables 

manufacturing systems to respond dynamically to 

changing production conditions, equipment 

failures, and market demands. Furthermore, 

human operators remain actively involved in 

supervising, validating, and improving intelligent 

decisions, ensuring that manufacturing systems 

remain transparent, reliable, and aligned with 

organizational objectives. As manufacturing 

evolves toward Industry 5.0, collaborative 

intelligent manufacturing serves as a key enabler 

of human-centric, resilient, and sustainable 

production systems (Xu et al., 2025). By 

combining advanced digital technologies with 

human knowledge and expertise, it enhances 

operational efficiency, resource utilization, 

product quality, and supply chain resilience while 

supporting intelligent decision-making across the 

entire manufacturing lifecycle. 

3.3. Industry 5.0 Perspective 

Industry 5.0 represents the next evolution of 

manufacturing by extending the technological 

advancements of Industry 4.0 toward a more 

human-centric, resilient, and sustainable 

production paradigm (Rijwani et al., 2025; Z. 

Wang et al., 2025). While Industry 4.0 primarily 

emphasizes automation, digitalization, and 

intelligent manufacturing through technologies 

such as artificial intelligence, the Industrial 

Internet of Things (IIoT), cloud computing, and 

digital twins, Industry 5.0 integrates these 

technologies with human creativity, expertise, 

and decision-making to achieve collaborative and 

value-driven manufacturing (Monferdini et al., 

2025; Sun & Song, 2025). Decision Intelligence 

plays a pivotal role in this transformation by 

combining artificial intelligence, optimization, 

simulation, and explainable analytics to support 

informed and transparent decision-making while 

maintaining human oversight. This collaborative 

approach enables manufacturing systems to 

respond adaptively to dynamic production 

environments, optimize resource utilization, 

improve operational resilience, and minimize 

environmental impacts. The conceptual Decision 

Intelligence framework for collaborative intelligent 

manufacturing in the industry 5.0 era is presented 

in Figure 4, illustrating the hierarchical integration 

of data acquisition, intelligent analytics, and 

decision support. 
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Figure 4: Decision Intelligence Framework for Collaborative Intelligent Manufacturing of Smart and Sustainable 

Materials in Industry 5.0. 

 

Table 3: Core Technologies Enabling Decision Intelligence in Collaborative Intelligent Manufacturing 

Technology Primary Function Manufacturing Applications Industry 5.0 Contribution 

Artificial Intelligence 
(Pan et al., 2026) 

Intelligent decision-making 
Production planning, quality 

inspection 
Human-assisted intelligent decisions 

Machine Learning 
(Sarkar et al., 2025) 

Pattern recognition and 
prediction 

Predictive maintenance, 
demand forecasting 

Adaptive manufacturing 

Digital Twin (Langås 
et al., 2026) 

Virtual representation of 
physical systems 

Process simulation, 
performance monitoring 

Real-time decision support 

Industrial Internet of 
Things (IIoT) (P. Li et 

al., 2026) 
Real-time data acquisition 

Equipment monitoring, smart 
factories 

Connected manufacturing 

Cloud Computing 
(Pradhan et al., 2025) 

Large-scale data storage 
and processing 

Enterprise-wide collaboration Scalable decision support 

Edge Computing 
(Pradhan et al., 2025) 

Low-latency data 
processing 

Real-time machine control Faster operational decisions 

Mathematical 
Optimization 

Optimal resource 
allocation 

Scheduling, production 
optimization 

Efficient resource utilization 

Simulation (Jiang et 
al., 2026) 

Performance evaluation 
Process validation and system 

analysis 
Risk reduction before implementation 

Explainable AI (XAI) 
(D. H. Nguyen et al., 

2026) 

Transparent AI 
recommendations 

Human–AI collaborative 
decision-making 

Improved trust and accountability 

Robotics and 
Automation (Shabur 

et al., 2025) 

Automated manufacturing 
operations 

Material handling, assembly, 
inspection 

Human–robot collaboration 
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Figure 4. Conceptual framework illustrating 

how Decision Intelligence integrates advanced 

digital technologies with collaborative intelligent 

manufacturing to support the human-centric, 

resilient, and sustainable objectives of Industry 

5.0. The core digital technologies enabling 

Decision Intelligence in collaborative intelligent 

manufacturing and their respective industrial 

contributions are summarized in Table 3. 

4. CORE TECHNOLOGIES ENABLING 
DECISION INTELLIGENCE 

Decision Intelligence is built upon the 

integration of several advanced digital 

technologies that collectively enable intelligent, 

adaptive, and data-driven decision-making in 

collaborative manufacturing systems. Rather 

than relying on a single technology, Decision 

Intelligence combines the predictive capabilities 

of Artificial Intelligence (AI) and Machine Learning 

(ML), the real-time virtual representation offered 

by Digital Twins, the optimal resource allocation 

achieved through Mathematical Optimization, 

and the contextual knowledge and expertise 

provided by Human-Centered Decision-Making 

(Chander et al., 2022). Together, these 

technologies form a comprehensive decision-

making ecosystem capable of improving 

production efficiency, operational flexibility, 

product quality, and system resilience. The 

following subsections discuss these four core 

technologies and their roles in enabling 

collaborative intelligent manufacturing within the 

context of Industry 5.0. 

Human-centricity is the core value behind the 

evolution of manufacturing towards Industry 5.0. 

Nevertheless, there is a lack of architecture that 

considers safety, trustworthiness, and human-

centricity at its core (Rožanec et al., 2023). 
Artificial intelligence (AI) algorithms have proven 

to play a key role in Industry 4.0. Moving to 

Industry 5.0, with the human-centric orientation, 

AI was developed in combination with human 

intelligence (HI), leading to the new concept of 

Augmented Intelligence (AuI). AI and AuI 

algorithms are expected to bring significant 

benefits for enabling smart manufacturing in 

Industry 5.0. In this study, we provide a survey on 

AI-based methods, applications, and challenges 

for smart manufacturing in Industry 5.0 (H. D. 

Nguyen & Tran, 2023). Martini et al’s paper 

concludes with the challenges HCAI poses to 

Table 4: Comparison of Enabling Technologies 

Technology Key Advantages Limitations 
Contribution to 

Decision Intelligence 
Typical Manufacturing 

Applications 

Artificial Intelligence 
(AI) 

High prediction 
accuracy, automation, 

adaptive learning 

Requires large 
datasets, 

computational 
resources, and 

model 
interpretability 

Enables predictive 
analytics, anomaly 

detection, and intelligent 
decision support 

Quality inspection, fault 
diagnosis, predictive 

maintenance, process 
monitoring 

Digital Twins 

(Mon et al., 2025; T. 
Wang et al., 2025) 

Real-time 
visualization, virtual 
testing, performance 

optimization 

High 
implementation 

cost and 
dependence on 
accurate data 

integration 

Supports simulation-
driven decision-making 
and continuous system 

optimization 

Production planning, 
equipment monitoring, 
process optimization, 
lifecycle management 

Mathematical 
Optimization 

Improves efficiency, 
minimizes cost, and 
optimizes resource 

allocation 

Computational 
complexity for 

large-scale 
problems and 

dependence on 
mathematical 

models 

Provides prescriptive 
decision support for 

optimal manufacturing 
operations 

Scheduling, resource 
allocation, production 
planning, supply chain 

optimization 

Human-Centered 
Decision-Making 

(Rajyakalshmi et al., 
2026; J. Zhang, 2025) 

Transparency, 
explainability, 

flexibility, and trust 

Subject to human 
bias and limited 

scalability 

Enhances collaboration 
between human experts 
and intelligent systems 

for reliable decision-
making 

Strategic planning, 
supervisory control, risk 

assessment, collaborative 
manufacturing 
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public policymakers, who face significant policy 

challenges in regulating artificial intelligence, and 

addressing the socioeconomic and technological 

impacts. Decision-makers are required to 

address these challenges by adopting some 

tentative policy recommendations (Martini et al., 

2024). A comparative analysis of the major 

enabling technologies, including their 

advantages, limitations, and manufacturing 

applications, is provided in Table 4. 

4.5. Artificial Intelligence and Digital Twins for 
Smart and Sustainable Materials 

Artificial Intelligence (AI) and Digital Twin 

technologies have emerged as key enablers for 

the intelligent design, characterization, 

processing, and lifecycle management of smart 

and sustainable materials. Unlike conventional 

manufacturing systems that primarily optimize 

production processes, modern material systems 

require continuous analysis of complex physical, 

chemical, and mechanical interactions occurring 

throughout their lifecycle. AI algorithms facilitate 

material property prediction, microstructure 

analysis, defect detection, process optimization, 

and accelerated material discovery by learning 

complex relationships from large experimental 

and simulation datasets. Machine learning 

models are increasingly employed to predict 

mechanical strength, fatigue behavior, corrosion 

resistance, thermal conductivity, and durability of 

advanced materials, thereby reducing 

experimental costs and accelerating product 

development. 

Digital Twins complement these capabilities 

by creating high-fidelity virtual representations of 

materials, components, and manufacturing 

processes that continuously synchronize with 

physical systems through real-time sensor data. 

During manufacturing, Digital Twins enable 

monitoring of material processing conditions, 

simulation of microstructural evolution, prediction 

of residual stresses, and optimization of 

manufacturing parameters. Throughout the 

operational lifecycle, Digital Twins support 

structural health monitoring, predictive 

maintenance, degradation assessment, and 

remaining useful life estimation for intelligent 

infrastructure and engineering systems. 

The integration of AI and Digital Twins 

establishes a closed-loop Decision Intelligence 

framework capable of continuously learning from 

operational data while adapting manufacturing 

decisions in real time. This capability is 

particularly important for advanced composites, 

functional materials, smart sensors, additive 

manufacturing, aerospace components, 

biomedical materials, and energy systems where 

material performance directly influences system 

reliability and sustainability. Furthermore, 

combining AI-driven analytics with Digital Twin 

technology enables intelligent lifecycle 

management, circular material utilization, and 

environmentally responsible manufacturing 

practices that align with the sustainability 

objectives of Industry 5.0. 

5. DECISION INTELLIGENCE ARCHITECTURE 

Decision Intelligence in collaborative 

intelligent manufacturing is enabled through a 

layered architecture that integrates data 

acquisition, intelligent analytics, decision-making, 

and human expertise into a unified framework 

(Fanfani et al., 2026). Each layer performs a 

distinct function while continuously exchanging 

information with the others to support real-time, 

adaptive, and explainable decision-making. The 

data layer collects and integrates information 

from diverse manufacturing resources, the 

intelligence layer transforms data into actionable 

knowledge using advanced computational 

techniques, the decision layer generates 

optimized operational strategies, and the human 

layer ensures that intelligent recommendations 

remain transparent, reliable, and aligned with 

organizational objectives (Rajyakalshmi et al., 

2026). Together, these interconnected layers 

establish the foundation for human-centric, 

resilient, and sustainable manufacturing systems 

envisioned in Industry 5.0. 

5.1. Data Layer 

The data layer forms the foundation of the 

Decision Intelligence architecture by continuously 
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collecting, integrating, and managing information 

from multiple manufacturing sources. Industrial 

sensors provide real-time operational data on 

machine conditions and production processes, 

while Enterprise Resource Planning (ERP) 

systems manage organizational resources, 

inventory, and business operations (Varma Alluri, 

2026). Manufacturing Execution Systems (MES) 

monitor and control shop-floor activities, whereas 

Supervisory Control and Data Acquisition 

(SCADA) systems enable real-time monitoring 

and control of industrial equipment. Product 

Lifecycle Management (PLM) systems maintain 

product information throughout its lifecycle, and 

Digital Twins create virtual representations of 

physical assets for continuous monitoring and 

simulation. Together, these technologies 

establish a comprehensive and reliable data 

infrastructure for intelligent manufacturing 

(Nemati et al., 2002). 

5.2. Intelligence Layer 

The intelligence layer transforms raw 

manufacturing data into meaningful knowledge 

through advanced analytical and computational 

techniques. Artificial Intelligence (AI) and 

Machine Learning (ML) identify complex patterns, 

predict system behavior, and support intelligent 

decision-making (Lawniczak & Di Stefano, 2010). 

Mathematical optimization determines the best 

operational strategies while satisfying production 

constraints, and simulation models evaluate 

manufacturing scenarios before physical 

implementation (Spelt et al., 1991). Knowledge 

graphs organize and represent relationships 

among manufacturing entities, enabling semantic 

reasoning and contextual understanding. The 

integration of these technologies provides the 

analytical capabilities required for adaptive and 

data-driven manufacturing systems. 

5.3. Decision Layer 

The decision layer converts analytical insights 

into actionable manufacturing decisions. 

Predictive models estimate future system 

conditions and identify potential operational risks, 

while planning algorithms optimize production 

strategies according to demand and resource 

availability (Callaghan et al., 2001). Scheduling 

techniques allocate manufacturing tasks 

efficiently to improve productivity and reduce idle 

time. Resource allocation models optimize the 

utilization of machines, materials, labor, and 

energy, whereas risk assessment techniques 

evaluate operational uncertainties and support 

resilient manufacturing decisions. This layer 

ensures that manufacturing operations remain 

efficient, responsive, and aligned with 

organizational objectives (Ma et al., 2018). 

5.4. Human Layer 

The human layer represents the collaborative 

component of Decision Intelligence by integrating 

human expertise with intelligent computational 

systems (Huang et al., 2020). Manufacturing 

experts contribute domain knowledge for 

complex engineering decisions, operators 

supervise production processes and validate 

automated recommendations, and managers 

make strategic decisions based on analytical 

insights and organizational goals. Collaborative 

AI serves as an intelligent assistant that 

augments rather than replaces human decision-

making by providing explainable 

recommendations, scenario analysis, and real-

time decision support (Sanepalli, 2024; 

Trihandaru et al., 2025). This human-centered 

approach enhances transparency, trust, 

adaptability, and ethical decision-making, making 

it a defining characteristic of Industry 5.0 

manufacturing systems. 

6. DECISION INTELLIGENCE APPLICATIONS 

Decision Intelligence has transformed modern 

manufacturing by enabling intelligent, data-

driven, and collaborative decision-making across 

various industrial functions (González Rodríguez 

et al., 2020). By integrating artificial intelligence, 

machine learning, optimization, digital twins, 

simulation, and human expertise, Decision 

Intelligence supports both strategic and 

operational decisions throughout the 

manufacturing lifecycle. Its applications extend 

beyond traditional production management to 

encompass quality assurance, predictive 

maintenance, supply chain optimization, 
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sustainable manufacturing, and autonomous 

production systems. The following subsections 

discuss the major applications of Decision 

Intelligence in collaborative intelligent 

manufacturing and their contributions to the 

realization of Industry 5.0 (Ahmad et al., 2017; 

Haque & Rahman, 2025). 

6.1. Production Planning 

Decision Intelligence enhances production 

planning by integrating demand forecasting, 

resource availability, production capacity, and 

operational constraints into a unified decision-

making framework (Chan & Ding, 2023). AI-

driven predictive analytics and optimization 

algorithms enable manufacturers to generate 

adaptive production plans that respond to market 

fluctuations and resource uncertainties. By 

combining real-time shop-floor data with digital 

twins and simulation models, Decision 

Intelligence improves production efficiency, 

minimizes idle time, and supports flexible 

manufacturing operations (Ahmad et al., 2017). 

6.2. Scheduling 

Production scheduling is one of the most 

important applications of Decision Intelligence, 

where AI, optimization algorithms, and real-time 

data analytics are employed to allocate 

manufacturing tasks efficiently. Intelligent 

scheduling systems dynamically adjust 

production sequences based on machine 

availability, workforce capacity, equipment 

failures, and changing customer demands 

(Aissani et al., 2012). This adaptive scheduling 

capability improves machine utilization, reduces 

production delays, and enhances overall 

manufacturing productivity. 

6.3. Quality Control 

Decision Intelligence significantly improves 

quality management by combining machine 

vision, artificial intelligence, sensor technologies, 

and statistical process control to detect product 

defects in real time(Yu et al., 2025). Machine 

learning models continuously analyze production 

data to identify abnormal process conditions and 

predict quality deviations before defective 

products are manufactured. This proactive quality 

assurance approach reduces waste, improves 

product consistency, and enhances customer 

satisfaction(Mahmud & Mural, 2026). 

6.4. Predictive Maintenance 

Predictive maintenance utilizes Decision 

Intelligence to continuously monitor equipment 

health and predict potential failures before they 

occur (J. Chen et al., 2025; Rojas et al., 2025). 

Data collected from industrial sensors are 

analyzed using artificial intelligence and machine 

learning algorithms to identify abnormal operating 

conditions and estimate the remaining useful life 

of critical machinery. This approach minimizes 

unexpected equipment failures, reduces 

maintenance costs, improves equipment 

availability, and increases manufacturing 

reliability. 

6.5. Supply Chain 

Decision Intelligence supports intelligent 

supply chain management by integrating demand 

forecasting, inventory optimization, logistics 

planning, supplier evaluation, and risk 

assessment into a unified decision-making 

process. AI-powered predictive models enable 

organizations to anticipate supply disruptions and 

optimize procurement strategies, while 

optimization algorithms improve transportation 

efficiency and warehouse operations. 

Consequently, Decision Intelligence enhances 

supply chain resilience, responsiveness, and 

operational efficiency (Hussain et al., 2025). 

6.6. Inventory 

Effective inventory management is achieved 

through intelligent forecasting, demand 

prediction, and optimization techniques that 

balance inventory availability with operational 

costs. Decision Intelligence continuously 

analyzes sales patterns, production schedules, 

and supplier performance to determine optimal 

inventory levels and replenishment strategies. 

This data-driven approach minimizes stock 

shortages, reduces excessive inventory, and 

improves resource utilization across 

manufacturing operations. 
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Table 5: Decision Problems and Artificial Intelligence Methods in Collaborative Intelligent Manufacturing 

Decision 
Problem 

AI Method Input Data Expected Output 
Manufacturing 

Benefit 

Production 
planning 

Machine Learning, 
Reinforcement Learning 

Demand, capacity, 
inventory 

Optimal production plan 
Improved productivity 

and flexibility 

Production 
scheduling 

Genetic Algorithm, Deep 
Reinforcement Learning 

Machine status, job 
priority 

Optimized scheduling 
sequence 

Reduced makespan 
and idle time 

Quality control 
Computer Vision, Convolutional 

Neural Networks (CNNs) 
Product images, 

sensor data 
Defect detection and 

classification 
Improved product 

quality 

Predictive 
maintenance 

Machine Learning, Deep 
Learning 

Vibration, 
temperature, 

acoustic signals 

Failure prediction and 
Remaining Useful Life 

(RUL) estimation 

Reduced maintenance 
cost and downtime 

Supply chain 
optimization 

Artificial Intelligence, Bayesian 
Networks 

Supplier data, 
logistics, demand 

Supply chain risk 
assessment 

Enhanced resilience 
and responsiveness 

Inventory 
management 

Time-Series Forecasting, 
Machine Learning 

Sales history, 
inventory records 

Inventory optimization 
Reduced stockouts 
and inventory costs 

Energy 
management 

Artificial Neural Networks 
(ANN), Reinforcement Learning 

Energy consumption, 
production data 

Energy optimization 
strategy 

Improved energy 
efficiency 

Human–robot 
collaboration 

Computer Vision, 
Reinforcement Learning 

Human motion, robot 
sensors 

Safe collaborative 
operations 

Enhanced workplace 
safety 

Autonomous 
manufacturing 

Multi-Agent Systems, Deep 
Learning 

Production and 
sensor data 

Autonomous operational 
decisions 

Increased 
manufacturing 

autonomy 

Sustainable 
manufacturing 

AI-based Multi-objective 
Optimization 

Environmental and 
operational data 

Sustainable production 
strategies 

Reduced 
environmental impact 

 

Table 6: Optimization Models by Manufacturing Application 

 
Manufacturing 

Application 
Optimization Model 

Objective 
Function 

Decision 
Variables 

Performance 
Indicators 

(Shapiro, 
1993) 

Production 
planning 

Linear Programming 
(LP) 

Maximize 
production 
efficiency 

Production 
quantity, 
capacity 

Throughput, utilization 

(Bakirtzis et 
al., 2012) 

Production 
scheduling 

Mixed Integer Linear 
Programming (MILP) 

Minimize 
makespan 

Job sequence, 
machine 
allocation 

Makespan, machine 
utilization 

(Oraei Zare 
et al., 2012) 

Quality control 
Multi-objective 
Optimization 

Minimize defect 
rate 

Inspection 
parameters 

Defect rate, process 
capability 

(Teoh et al., 
2023) 

Predictive 
maintenance 

Genetic Algorithm 
(GA) 

Minimize 
maintenance cost 

Maintenance 
interval 

Equipment availability 

(Shahriar et 
al., 2026b) 

Supply chain Network Optimization 
Minimize logistics 

cost 

Supplier 
allocation, 

transportation 
Total supply chain cost 

(Silver, 
1981) 

Inventory 
management 

Inventory Optimization 
Models 

Minimize inventory 
cost 

Reorder point, 
order quantity 

Inventory turnover 

(Rathor & 
Saxena, 

2020) 

Energy 
management 

Multi-objective 
Optimization 

Minimize energy 
consumption 

Machine 
operation 
schedule 

Energy usage, carbon 
emissions 

(Talukder et 
al., 2026) 

Human–robot 
collaboration 

Task Allocation 
Optimization 

Balance workload 
Human–robot 

task assignment 
Productivity, safety 

(Ding et al., 
2019) 

Autonomous 
manufacturing 

Reinforcement 
Learning Optimization 

Maximize 
operational 
efficiency 

Machine actions System adaptability 

(Machado et 
al., 2020) 

Sustainable 
manufacturing 

Multi-objective 
Evolutionary 

Algorithms (MOEA) 

Balance cost, 
quality, and 

sustainability 

Resource 
allocation 

Sustainability index 
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6.7. Energy Management 

Decision Intelligence contributes to 

sustainable manufacturing by optimizing energy 

consumption across production systems. AI-

based energy forecasting models, combined with 

optimization algorithms and real-time monitoring, 

enable manufacturers to identify energy-intensive 

processes and recommend efficient operating 

strategies. Intelligent energy management 

reduces operational costs, lowers carbon 

emissions, and supports environmental 

sustainability while maintaining production 

performance (Lee & Cheng, 2016). 

6.8. Human-Robot Collaboration 

Human–robot collaboration represents a key 

application of Decision Intelligence in Industry 

5.0, where intelligent systems assist rather than 

replace human workers. Decision Intelligence 

enables collaborative robots (cobots) to interact 

safely with operators by combining sensor 

information, AI-based perception, and real-time 

decision-making. This collaboration enhances 

productivity, improves workplace safety, reduces 

repetitive tasks, and allows human workers to 

focus on complex decision-making and creative 

problem-solving. 

6.9. Autonomous Manufacturing 

Decision Intelligence enables autonomous 

manufacturing by integrating artificial intelligence, 

digital twins, optimization, robotics, and Industrial 

Internet of Things (IIoT) technologies into self-

adaptive production systems (H. Wang et al., 

2024). Autonomous manufacturing systems 

continuously monitor production processes, 

detect operational changes, and implement 

corrective actions with minimal human 

intervention. This capability improves operational 

flexibility, manufacturing efficiency, and system 

resilience in dynamic production environments. 

6.10. Sustainable Manufacturing 

Sustainability has become a central objective 

of Industry 5.0, and Decision Intelligence plays a 

crucial role in achieving environmentally 

responsible manufacturing (Sartal et al., 2020). 

By integrating environmental data, life-cycle 

assessment, resource optimization, and energy 

management, Decision Intelligence supports 

decisions that minimize waste generation, reduce 

carbon emissions, and improve resource 

efficiency. Furthermore, intelligent decision-

making facilitates circular economy practices, 

enabling manufacturers to balance economic 

performance with environmental and social 

sustainability (Carvalho et al., 2018). 

The application of artificial intelligence in 

collaborative intelligent manufacturing varies 

according to the nature of the decision problem. 

Different AI techniques, including machine 

learning, deep learning, reinforcement learning, 

computer vision, and Bayesian networks, have 

been developed to address specific 

manufacturing challenges such as production 

planning, scheduling, quality inspection, 

predictive maintenance, supply chain 

optimization, and energy management. The 

selection of an appropriate AI method depends on 

the availability of manufacturing data, the 

complexity of the decision problem, and the 

desired operational objectives. Table 5 

summarizes the major manufacturing decision 

problems, corresponding AI methods, required 

input data, expected outputs, and their 

associated industrial benefits. 

Optimization is a fundamental component of 

Decision Intelligence because it transforms 

analytical insights into actionable manufacturing 

decisions. Various optimization models have 

been developed to solve different industrial 

problems, including production planning, 

scheduling, inventory management, predictive 

maintenance, supply chain design, and energy 

optimization (Debnath et al., 2025b). The choice 

of an optimization technique depends on the 

characteristics of the manufacturing problem, 

decision variables, and performance objectives. 

Table 6 presents a comparative overview of 

commonly used optimization models, their 

objective functions, decision variables, and key 

performance indicators across different 

manufacturing applications 
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Figure 5. Application landscape of Decision 

Intelligence in collaborative intelligent 

manufacturing of smart materials, illustrating how 

artificial intelligence, optimization, and data-

driven decision-making support major 

manufacturing functions, ranging from production 

planning and scheduling to sustainable and 

autonomous manufacturing within the industry 

5.0 paradigm. 

6.11. Smart and Sustainable Materials 
Manufacturing 

Decision Intelligence plays an increasingly 

important role in the development and 

manufacturing of smart and sustainable materials 

by integrating artificial intelligence, optimization, 

digital twins, and lifecycle analytics. AI models 

support material discovery, property prediction, 

and process optimization, while digital twins 

enable real-time monitoring of material behavior 

during manufacturing. Optimization techniques 

improve resource utilization, minimize waste 

generation, and reduce energy consumption, 

thereby supporting sustainable production. 

Human-centered decision-making further 

enhances material selection, circular economy 

implementation, and environmentally responsible 

manufacturing practices aligned with the 

objectives of Industry 5.0. 

7. HUMAN-CENTERED DECISION 
INTELLIGENCE 

7.1. Human-in-the-Loop Artificial Intelligence 

Kumar et al. proposed a comprehensive 

review of Human-in-the-Loop Artificial 

 

Figure 5: Application Landscape of Decision Intelligence in Collaborative Intelligent Manufacturing. 

 

Table 7: Decision Intelligence Applications in Smart and Sustainable Materials 

Material Domain AI Applications Digital Twin Applications 
Decision Intelligence 

Contribution 

Advanced Composites Property prediction Process simulation Process optimization 

Smart Materials Material characterization Real-time monitoring Intelligent control 

Sustainable Materials Material selection Lifecycle assessment Sustainable manufacturing 

Structural Systems Damage detection 
Structural Health 

Monitoring 
Predictive maintenance 

Intelligent Infrastructure Anomaly detection Asset management Infrastructure resilience 

Additive Manufacturing Process optimization Build monitoring Quality improvement 
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Intelligence (HITL-AI), emphasizing the 

integration of human expertise with machine 

learning algorithms to improve decision-making 

accuracy, transparency, and accountability. Their 

study demonstrated that incorporating human 

knowledge through active learning, iterative 

machine learning, and reinforcement learning 

significantly enhances model performance while 

maintaining human oversight. (Panigutti et al., 

2023a). Kim et al. reviewed Human-in-the-Loop 

Smart Manufacturing (H-SM) from the 

perspectives of Industry 4.0, Industry 5.0, and 

Operator 5.0, identifying seven major technology 

clusters and twenty-one enabling technologies 

supporting human participation throughout 

manufacturing decision processes. Their review 

emphasized that HITL frameworks enhance 

production flexibility, decision quality, and 

operational resilience by enabling continuous 

collaboration between intelligent systems and 

manufacturing personnel (Kim et al., 2025). 

Denno proposed a human-centered AI 

framework for future manufacturing systems, 

arguing that AI should augment engineers in 

refining manufacturing models rather than 

replacing human expertise (Denno, 2024). 

Hartikainen et al. investigated Human–AI 

collaboration in smart manufacturing and 

proposed a design framework highlighting the 

complementary roles of AI-enabled agents and 

human operators (Hartikainen et al., 2024). 

Collectively, these studies demonstrate that 

Human-in-the-Loop Artificial Intelligence is a 

fundamental pillar of Human-Centered Decision 

Intelligence. By combining computational 

intelligence with human expertise, HITL-AI 

enhances decision accuracy, transparency, 

adaptability, and accountability while ensuring 

that manufacturing decisions remain aligned with 

operational objectives and human values. 

7.2. Explainable Artificial Intelligence 

Panigutti et al. investigated the role of 

Explainable Artificial Intelligence (XAI) in 

supporting human decision-makers through 

transparent and interpretable AI systems. Their 

study focused on the development of an 

explainable clinical decision support system and 

demonstrated that the design of effective 

explanation interfaces is equally important as the 

underlying explanation algorithms. Through 

iterative prototype development and user 

evaluation, the authors found that interpretable 

explanations significantly increased users' trust in 

AI-generated recommendations while improving 

their understanding of system behavior (Panigutti 

et al., 2023b). Ali et al. (2024) reviewed the 

current state of Explainable Artificial Intelligence 

(XAI) and emphasized that explainability is 

fundamental for achieving trustworthy AI in 

safety-critical applications. The authors 

discussed the strengths and limitations of existing 

post-hoc and intrinsic explanation methods and 

highlighted that future XAI systems should 

improve transparency, fairness, robustness, and 

user trust while maintaining predictive 

performance (Ali et al., 2023). Hassija et al. 

(2024) presented a comprehensive review of 

explainable AI techniques for interpreting black-

box machine learning models. Their study 

classified existing explanation approaches into 

model-specific, model-agnostic, local, and global 

methods, concluding that interpretable AI 

improves transparency, accountability, and user 

confidence, particularly in high-risk decision-

making environments (Hassija et al., 2024). Yang 

et al. (2023) conducted a systematic survey on 

Explainable Artificial Intelligence, reviewing 

explanation methodologies, applications, and 

existing challenges. Their study highlighted that 

effective XAI should balance model accuracy with 

interpretability while addressing fairness, 

robustness, and human-centered interaction to 

improve trust in AI-assisted decision-making 

(Yang et al., 2023). 

7.3. TRUST IN HUMAN-CENTERED 
ARTIFICIAL INTELLIGENCE 

Almpani et al. presented a comprehensive 

survey on Human-Centered Artificial Intelligence, 

emphasizing the importance of trust, 

communication, and collaborative reasoning in 

intelligent decision-making. The authors argued 

that trustworthy AI systems should not only 

generate accurate predictions but also support 

meaningful interactions between humans and 
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intelligent agents through transparent reasoning 

and argumentation. To achieve this objective, 

they introduced the Argumentation-based Proof-

Event Calculus (APEC), a framework designed to 

strengthen collaboration in multi-agent decision 

environments by incorporating temporal 

reasoning and iterative refinement of decisions. 

(Almpani & Stefaneas, 2026). Zhai proposed the 

Human-Centered AI (HCAI) framework, 

emphasizing that trustworthy AI should augment 

rather than replace human capabilities (Zhai et 

al., 2020) .Zeng et al. investigated trust 

calibration in human–AI collaboration and 

demonstrated that appropriately calibrated trust 

significantly improves decision quality, task 

performance, and human acceptance of AI-

generated recommendations (Zeng et al., 2024). 

Shneiderman proposed the Human-Centered 

Artificial Intelligence (HCAI) framework, 

emphasizing that AI systems should augment 

rather than replace human capabilities 

(Shneiderman, 2020). Glikson and Woolley 

conducted a comprehensive review of empirical 

studies on trust in artificial intelligence and found 

that users' trust is influenced by system 

transparency, explainability, perceived reliability, 

task characteristics, and human factors (Glikson 

& Woolley, 2020). Carter et al. investigated trust 

calibration in human–automation interaction and 

demonstrated that meaningful communication 

and contextually relevant explanations 

significantly improve users' confidence and trust 

in intelligent systems, whereas superficial 

anthropomorphic features alone do not enhance 

trust. Their Human–Automation Trust 

Expectation Model (HATEM) highlights the 

importance of informative interactions for 

establishing appropriate trust in AI-assisted 

decision-making (Carter et al., 2024). 

7.4. Ethical Decision Making 

Handoko introdu.ced the Adaptive Cognitive 

and Ethical Learning Decision System 

(ACELDS), a human-centered framework that 

integrates artificial intelligence, data analytics, 

ethical governance, and collaborative decision-

making. The proposed framework consists of five 

interconnected modules that support data 

integration, learning analytics, ethical AI 

governance, personalized decision support, and 

human–AI collaboration. Experimental evaluation 

involving educators demonstrated improvements 

in transparency, ethical awareness, 

inclusiveness, and collaborative decision-making 

compared with existing intelligent learning 

frameworks. The study highlighted the 

significance of embedded ethical auditing, 

participatory decision mechanisms, and 

responsible AI governance in ensuring fairness 

and accountability. These findings emphasize 

that ethical considerations should be integrated 

throughout the Decision Intelligence lifecycle to 

develop responsible and human-centric 

intelligent systems (Handoko et al., 2025). 

7.5. Human–AI Collaboration 

Li conducted a systematic literature review 

and bibliometric analysis to investigate the 

evolving relationship between humans and 

artificial intelligence in collaborative decision-

making. The authors demonstrated that decision 

outcomes depend on both the degree of AI 

involvement and the level of human participation 

throughout the decision process. Their framework 

illustrates that effective Decision Intelligence 

should balance computational efficiency with 

human judgment, contextual understanding, and 

ethical reasoning. Consequently, Human–AI 

collaboration is identified as a key enabler of 

Industry 5.0, where intelligent technologies 

augment rather than replace human expertise, 

leading to more adaptive, transparent, and 

resilient manufacturing systems (H. Li & Tian, 

2026). 

As illustrated in Figure 6, the Human-

Centered Decision Loop places human expertise 

at the core of intelligent decision-making while 

leveraging artificial intelligence to provide 

analytical support and predictive insights. Human 

experts define decision objectives, validate AI-

generated recommendations, and ensure ethical 

compliance before operational implementation. 

The continuous feedback mechanism enables 

both AI models and human decision-makers to 

learn from system performance, thereby 

improving prediction accuracy, transparency, 

trust, and overall decision quality. This iterative 
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collaboration between humans and AI aligns with 

the principles of Industry 5.0 by promoting 

human-centric, resilient, and sustainable 

manufacturing systems through explainable, 

trustworthy, and adaptive Decision Intelligence. 

8. CHALLENGES 

Recent advances in Decision Intelligence 

have demonstrated significant potential for 

improving manufacturing performance through 

the integration of artificial intelligence, machine 

learning, digital twins, optimization, and human-

centered decision-making. However, despite 

these technological developments, several 

challenges continue to limit the large-scale 

adoption of Decision Intelligence in collaborative 

intelligent manufacturing. The literature identifies 

multiple barriers spanning technical integration, 

organizational readiness, economic feasibility, 

cybersecurity, data privacy, interoperability, 

computational scalability, model generalization, 

and human trust. In addition, ensuring ethical, 

transparent, and explainable AI has become 

increasingly important as manufacturing systems 

transition toward the human-centric principles of 

Industry 5.0. Addressing these challenges 

requires not only technological innovations but 

also standardized architectures, robust data 

governance, explainable AI frameworks, secure 

communication protocols, workforce upskilling, 

and collaborative human–AI decision-making 

strategies. Table 8 summarizes the major 

challenges reported in recent studies together 

with their corresponding mitigation strategies, 

providing a comprehensive overview of current 

research directions for developing trustworthy, 

resilient, and sustainable Decision Intelligence 

systems in collaborative intelligent 

manufacturing. 

9. FUTURE RESEARCH DIRECTIONS 

This review comprehensively addressed the 

research questions by examining the evolution of 

Decision Intelligence, identifying its core enabling 

technologies, analyzing its architectural 

framework, reviewing major manufacturing 

applications, exploring the role of human-

centered decision-making, and synthesizing the 

technical, organizational, ethical, and operational 

challenges associated with its implementation in 

collaborative intelligent manufacturing. The 

findings demonstrate that Decision Intelligence 

has evolved into a multidisciplinary paradigm that 

integrates artificial intelligence, machine learning, 

optimization, digital twins, simulation, and human 

expertise to support intelligent, adaptive, and 

 

Figure 6: Human-Centered Decision Loop. 
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explainable manufacturing decisions. 

Furthermore, the review highlights that 

successful implementation depends not only on 

technological advancement but also on human 

trust, ethical governance, interoperability, and 

organizational readiness, thereby addressing the 

primary objectives and research questions of this 

study. 

Despite these advances, several important 

research opportunities remain. First, future 

studies should investigate unified Decision 

Intelligence architectures that seamlessly 

integrate artificial intelligence, digital twins, 

Industrial Internet of Things (IIoT), knowledge 

graphs, optimization algorithms, and edge–cloud 

computing into interoperable manufacturing 

platforms. Current implementations often focus 

on individual technologies, while comprehensive 

end-to-end Decision Intelligence frameworks 

remain limited. 

Second, explainable and trustworthy artificial 

intelligence requires further investigation. 

Although Explainable AI (XAI) has improved 

transparency, additional research is needed to 

develop adaptive explanation mechanisms, 

uncertainty-aware decision models, and human-

centered interfaces that increase user confidence 

while maintaining high predictive performance in 

complex manufacturing environments. 

Table 7: Challenges and Possible Solutions 

Author Challenge Description Possible Solutions 

Abhilash et al. 
(2024); (Abhilash et 

al., 2024) 

Technical 
Complexity 

Integration of AI, Digital Twins, IIoT, and 
cyber-physical systems increases 

implementation complexity. 

Modular system architectures, edge–
cloud computing, standardized AI 

deployment frameworks. 

Gallego et al. (2025) 
(Gálvez Del Postigo 
Gallego et al., 2025) 

Organizational 
Readiness 

Resistance to digital transformation, lack 
of AI expertise, and insufficient workforce 

training hinder adoption. 

Continuous workforce training, cross-
functional collaboration, change 
management strategies, human-

centered AI. 

El Kalach et al. 
(2024) (El Kalach et 

al., 2025) 

Economic Cost High investment requirements for 
infrastructure, sensors, computing 
resources, and AI implementation. 

Scalable cloud platforms, phased 
implementation, return-on-investment 

(ROI) assessment, digital transformation 
roadmaps. 

Abhilash et al. 
(2025) (Puthanveettil 

Madathil et al., 
2025) 

Ethical 
Decision-
Making 

AI bias, fairness, accountability, and 
transparency remain significant concerns. 

Explainable AI (XAI), ethical AI 
governance, bias auditing, responsible 

AI frameworks. 

Decision Analytics 
Journal Review 

(2025) (Balaha et 
al., 2025) 

Cybersecurity Connected manufacturing systems are 
increasingly vulnerable to cyberattacks 

and malicious manipulation. 

Zero-trust architecture, AI-driven 
intrusion detection, secure 

communication protocols, blockchain-
based security. 

Buggineni et al. 
(2024) (Buggineni et 

al., 2024a) 

Data Privacy Industrial data sharing raises concerns 
regarding confidentiality, ownership, and 

regulatory compliance. 

Privacy-preserving AI, federated 
learning, encryption, secure data 

governance policies. 

Buggineni et al. 
(2024) (Buggineni et 

al., 2024b) 

Data Quality Missing, noisy, inconsistent, and 
imbalanced datasets reduce AI model 

reliability and prediction accuracy. 

Data preprocessing, synthetic data 
generation, data validation, automated 

cleaning pipelines. 

Nilsson et al. (2024); 
(Nilsson et al., 2024) 

Interoperability Heterogeneous manufacturing systems 
often lack standardized communication 

and semantic compatibility. 

OPC UA, standardized ontologies, 
semantic interoperability frameworks, 

knowledge graphs. 

Data–Model Fusion 
Review (2025) (Tao 

et al., 2025) 

Model 
Generalization 

AI models trained in one manufacturing 
environment often perform poorly in 

different production settings. 

Transfer learning, foundation models, 
domain adaptation, continual learning. 

Kerrouchi et al. 
(2024); (Kerrouchi et 

al., 2024) 

Computational 
Cost 

Large AI models, simulations, and Digital 
Twins require substantial computational 
resources and low-latency processing. 

Edge computing, model compression, 
distributed computing, hybrid cloud 

architectures. 

Abhilash et al. 
(2025) (Abhilash et 

al., 2024) 

Human Trust Limited transparency and explainability 
reduce user confidence in AI-generated 

decisions. 

Explainable AI, Human-in-the-Loop AI, 
interactive decision support, transparent 

interfaces. 
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Third, future research should focus on 

developing robust and transferable AI models 

capable of generalizing across different 

manufacturing processes, products, and 

industrial sectors (C. Chen et al., 2025). Domain 

adaptation, continual learning, transfer learning, 

and foundation models offer promising directions 

for improving the scalability and robustness of 

Decision Intelligence systems. 

Another important research direction involves 

strengthening cybersecurity, privacy 

preservation, and ethical governance. As 

manufacturing systems become increasingly 

interconnected, future Decision Intelligence 

platforms should integrate privacy-preserving 

machine learning, federated learning, blockchain-

enabled data sharing, secure communication 

protocols, and continuous ethical auditing to 

ensure trustworthy and responsible industrial 

decision-making (Leng et al., 2024). The 

integration of advanced optimization techniques 

with real-time decision support also presents 

significant opportunities. Future studies should 

investigate hybrid optimization frameworks 

combining mathematical programming, 

metaheuristic algorithms, reinforcement learning, 

and digital twins to enable adaptive, multi-

objective, and real-time manufacturing 

optimization under uncertainty. 

Human-centered manufacturing will remain a 

defining characteristic of Industry 5.0 (Rejeb et 

al., 2025). Consequently, future research should 

explore more effective Human-in-the-Loop AI 

frameworks, collaborative decision-support 

systems, cognitive digital twins, and human–AI 

co-learning mechanisms that preserve human 

expertise while leveraging intelligent automation. 

These systems should emphasize explainability, 

transparency, fairness, and collaborative 

intelligence rather than fully autonomous 

decision-making. Another promising direction is 

the development of sustainability-aware Decision 

Intelligence models capable of simultaneously 

optimizing economic performance, environmental 

impact, energy efficiency, circular manufacturing, 

and social responsibility. Multi-objective decision 

frameworks integrating sustainability indicators 

with intelligent manufacturing technologies will 

play a critical role in supporting net-zero 

manufacturing and circular economy initiatives. 

Finally, although the reviewed studies 

demonstrate considerable progress in 

computational methods and intelligent decision 

support, relatively few have reported large-scale 

industrial validation. Future research should 

prioritize experimental implementation, industrial 

case studies, benchmark datasets, and 

standardized performance evaluation 

frameworks to validate Decision Intelligence 

solutions under realistic manufacturing 

conditions. Such efforts will facilitate technology 

transfer from academic research to industrial 

practice and accelerate the adoption of 

collaborative intelligent manufacturing systems 

aligned with the principles of Industry 5.0. Future 

research should investigate Decision Intelligence 

frameworks that support intelligent material 

discovery, sustainable material selection, circular 

material flows, lifecycle assessment, recyclable 

materials, and AI-assisted design of next-

generation smart materials. 

9.1. Future Research Directions for Smart 
Materials and Structural Systems  

Future research should move beyond 

technology-specific applications toward 

integrated, scalable, trustworthy, and 

autonomous Decision Intelligence ecosystems 

for Industry 5.0. Several emerging research 

opportunities are particularly important. 

First, Generative AI and Foundation Models 

offer opportunities for intelligent material 

discovery, process design, knowledge extraction, 

and adaptive decision support. Future studies 

should investigate domain-specific foundation 

models that combine manufacturing data, 

material properties, simulation results, and 

engineering knowledge to support design and 

decision-making across different manufacturing 

environments. Second, Edge AI and distributed 

intelligence should be investigated for real-time 

Decision Intelligence. Deploying AI models closer 

to machines, sensors, and production equipment 

can reduce latency, communication 

requirements, and dependence on centralized 

cloud infrastructure, enabling faster responses to 
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process deviations and equipment failures. Third, 

Federated Learning and privacy-preserving 

intelligence represent promising directions for 

collaborative manufacturing environments where 

sensitive industrial data cannot be directly 

shared. Future research should develop 

federated Decision Intelligence frameworks that 

enable organizations or manufacturing sites to 

collaboratively train models while maintaining 

data privacy and security. Fourth, Trustworthy 

and explainable AI requires greater attention, 

particularly for safety-critical manufacturing and 

structural applications. Future Decision 

Intelligence systems should incorporate 

uncertainty estimation, explainability, fairness, 

robustness, and human oversight so that AI-

generated recommendations can be understood 

and validated by engineers and operators. 

Fifth, the cybersecurity of Digital Twins and 

interconnected manufacturing systems requires 

systematic investigation. Future work should 

address secure data exchange, cyberattack 

detection, authentication, privacy preservation, 

and resilient Digital Twin architectures to prevent 

manipulation of real-time industrial data and 

intelligent decisions. 

Finally, future research should explore 

autonomous and human–AI collaborative 

decision-making in Industry 5.0. Rather than 

pursuing complete automation, research should 

investigate adaptive human-in-the-loop and 

agent-based Decision Intelligence systems 

capable of learning from operational feedback, 

evaluating alternatives, and autonomously 

recommending or executing decisions while 

maintaining appropriate human supervision. 

Collectively, these directions can transform 

the proposed conceptual framework from a 

technology-integration architecture into a 

scalable, secure, trustworthy, and increasingly 

autonomous Decision Intelligence ecosystem for 

sustainable Industry 5.0 manufacturing. 

10. PROPOSED RESEARCH FRAMEWORK 

Based on the comprehensive analysis of 

existing literature, this review proposes an 

integrated Decision Intelligence framework for 

collaborative intelligent manufacturing that unifies 

data acquisition, intelligent analytics, 

optimization, human-centered decision-making, 

and continuous learning within a single 

architecture. Unlike existing studies that primarily 

investigate individual technologies such as 

artificial intelligence, digital twins, machine 

learning, optimization, or explainable AI 

independently, the proposed framework 

integrates these complementary technologies 

into a closed-loop decision ecosystem that 

supports adaptive, explainable, and sustainable 

manufacturing in the context of Industry 5.0. 

The proposed framework consists of six 

interconnected layers. The first layer is the Data 

Foundation Layer, where heterogeneous 

manufacturing data are continuously collected 

from Industrial Internet of Things (IIoT) sensors, 

Enterprise Resource Planning (ERP), 

Manufacturing Execution Systems (MES), 

Supervisory Control and Data Acquisition 

(SCADA), Product Lifecycle Management (PLM) 

systems, and Digital Twins. These data provide 

real-time visibility into manufacturing operations 

and establish the foundation for intelligent 

decision-making. 

The second layer is the Intelligence Layer, 

where artificial intelligence, machine learning, 

knowledge graphs, simulation, digital twins, and 

data analytics transform raw manufacturing data 

into actionable knowledge. This layer 

continuously predicts equipment conditions, 

product quality, production performance, and 

operational risks while generating contextual 

intelligence for downstream decision processes. 

The third layer is the Optimization Layer, 

where mathematical optimization, multi-objective 

optimization, reinforcement learning, and 

simulation-based optimization determine optimal 

production plans, scheduling policies, inventory 

levels, energy utilization, maintenance strategies, 

and supply chain decisions under multiple 

operational constraints and uncertainties. 

The fourth layer is the Human-Centered 

Decision Layer, which represents the core 

novelty of the proposed framework. Rather than 
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allowing fully autonomous AI decision-making, 

this layer integrates Human-in-the-Loop Artificial 

Intelligence, Explainable AI, ethical governance, 

collaborative intelligence, and trust-aware 

decision support. Human experts validate AI-

generated recommendations, provide contextual 

knowledge, evaluate ethical implications, and 

participate in final decision-making, ensuring 

transparency, accountability, and organizational 

acceptance. 

The fifth layer is the Application Layer, 

where optimized decisions are implemented 

across production planning, intelligent 

scheduling, quality control, predictive 

maintenance, inventory management, supply 

chain optimization, energy management, 

autonomous manufacturing, human–robot 

collaboration, and sustainable manufacturing. 

Continuous monitoring enables adaptive 

responses to changing operational conditions 

and evolving customer requirements. 

Finally, the Continuous Learning Layer 

establishes a feedback mechanism that captures 

operational outcomes and manufacturing 

performance indicators to continuously retrain AI 

models, update optimization strategies, refine 

digital twins, and improve future decision quality. 

This self-improving capability enables resilient, 

adaptive, and sustainable manufacturing 

systems that evolve over time. 

The proposed framework contributes to the 

literature in four major ways. First, it integrates 

multiple Decision Intelligence technologies into a 

unified architecture rather than treating them as 

isolated research domains. Second, it explicitly 

incorporates human-centered decision-making 

through explainability, trust, ethics, and Human-

in-the-Loop AI as fundamental components of 

intelligent manufacturing. Third, it establishes a 

continuous learning mechanism that enables 

adaptive improvement through operational 

feedback and digital twin synchronization. Finally, 

the framework aligns technological innovation 

with the principles of Industry 5.0 by 

simultaneously supporting operational efficiency, 

human-centricity, resilience, and sustainability. 

Consequently, the proposed framework provides 

both a conceptual foundation for future academic 

research and a practical roadmap for industrial 

implementation of Decision Intelligence in 

collaborative intelligent manufacturing. 

Figure 7 illustrates the proposed conceptual 

framework developed in this review, integrating 

the core technologies, human-centered 

intelligence, and continuous learning 

mechanisms required for Industry 5.0 

manufacturing. 

11. CONCLUSIONS 

This review comprehensively examined the 

emerging role of Decision Intelligence (DI) in 

 

Figure 7: Integrated Decision Intelligence Framework for Smart and Sustainable Materials Manufacturing. 



140    Journal of Sustainable Smart Materials and Structural Systems, 2026, Vol. 2 Mural et al. 

collaborative intelligent manufacturing of smart 

and sustainable materials, by synthesizing 

recent advances in artificial intelligence, machine 

learning, optimization, digital twins, knowledge 

graphs, and human-centered decision-making 

within the context of Industry 5.0. The study 

demonstrated that Decision Intelligence extends 

beyond conventional data-driven analytics by 

integrating intelligent technologies with human 

expertise to support adaptive, explainable, 

trustworthy, and sustainable manufacturing 

decisions across applications such as production 

planning, scheduling, quality control, predictive 

maintenance, supply chain management, energy 

optimization, human–robot collaboration, 

autonomous manufacturing, and sustainable 

production. Beyond summarizing the existing 

literature, this review contributes by identifying 

current research trends, implementation 

challenges, future research opportunities, and 

proposing a novel integrated Decision 

Intelligence framework that unifies data 

acquisition, intelligent analytics, optimization, 

human-centered collaboration, and continuous 

learning into a single conceptual architecture. 

The review further highlights the industrial 

significance of Decision Intelligence in improving 

operational efficiency, resilience, flexibility, 

transparency, and sustainability while 

acknowledging existing limitations related to 

interoperability, data quality, cybersecurity, 

computational scalability, explainability, and 

limited industrial-scale validation. Overall, the 

findings indicate that future research should focus 

on developing interoperable, trustworthy, and 

human-centric Decision Intelligence ecosystems 

that integrate emerging technologies such as 

foundation AI models, large language models, 

cognitive digital twins, federated learning, and 

explainable AI, thereby accelerating the 

realization of resilient, sustainable, and intelligent 

manufacturing systems envisioned under the 

industry 5.0 paradigm. 

12. DISCUSSIONS 

Although Decision Intelligence provides a 

strong conceptual basis for smart and sustainable 

materials manufacturing, its practical 

effectiveness depends on validation under 

realistic industrial conditions. The reviewed 

literature demonstrates that individual enabling 

technologies—particularly Artificial Intelligence 

(AI), Digital Twins (DTs), optimization, and IoT—

have already been applied to manufacturing-

related tasks such as process monitoring, defect 

detection, predictive maintenance, material 

property prediction, process optimization, and 

lifecycle management. AI can support prediction 

of material properties, identification of 

manufacturing defects, and process optimization, 

while Digital Twins enable continuous monitoring, 

virtual testing, degradation assessment, and 

predictive maintenance.  

From an industrial perspective, these 

applications demonstrate the potential of 

Decision Intelligence to move from prediction 

toward actionable decision support. For example, 

AI-based monitoring can identify abnormal 

process or quality conditions, after which Digital 

Twins can evaluate the expected consequences 

of alternative operating conditions and 

optimization methods can identify appropriate 

process adjustments. In structural and advanced-

material applications, the same architecture can 

support damage detection, structural health 

monitoring, predictive maintenance, and lifecycle 

assessment. The manuscript's application 

landscape therefore extends Decision 

Intelligence beyond conventional production 

planning to include advanced composites, 

structural systems, intelligent infrastructure, and 

additive manufacturing.  

However, the literature also reveals an 

important limitation: most reported 

implementations concentrate on individual 

technologies or specific application stages rather 

than fully integrated, end-to-end Decision 

Intelligence systems. Integration of 

heterogeneous data sources, interoperability 

between AI and Digital Twin platforms, 

computational scalability, cybersecurity, 

explainability, and the availability of reliable real-

time data remain major barriers to industrial 

deployment. Consequently, high predictive 

accuracy in laboratory or pilot environments does 

not necessarily guarantee reliable performance in 

complex industrial environments. 
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The quality assessment conducted in this 

review considered industrial applicability and 

validation as important criteria, and 140 studies 

were retained for the systematic review. 

Nevertheless, the synthesis indicates that large-

scale industrial validation remains relatively 

limited. Future studies should therefore move 

toward longitudinal industrial case studies, pilot-

scale demonstrations, benchmark datasets, 

standardized performance indicators, and 

quantitative comparisons with conventional 

decision-making approaches. Validation should 

assess not only prediction accuracy but also 

decision quality, computational cost, 

implementation complexity, sustainability impact, 

reliability, scalability, and human acceptance. 

Accordingly, the proposed Decision 

Intelligence framework should be viewed as an 

integrative architecture that provides a pathway 

for connecting currently demonstrated AI, Digital 

Twin, optimization, and human-centered 

technologies into a closed-loop industrial 

decision ecosystem. Its practical validation 

should be conducted through real manufacturing 

environments involving smart materials, 

advanced composites, additive manufacturing, 

structural systems, and sustainable production 

processes. This would help establish the 

transition from technology-specific 

demonstrations to scalable, trustworthy, and 

industry-ready Decision Intelligence solutions. 
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