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Abstract 

This study investigates the influence of artificial intelligence (AI) technologies on contemporary 
manufacturing operations, aiming to understand how AI adoption shapes operational efficiency, 
decision-making, workforce dynamics, supply chain performance, sustainability, and innovation. 
The research employed a qualitative methodology, using semi-structured interviews with 
manufacturing professionals, including production managers, AI specialists, engineers, and supply 
chain executives from diverse sectors. Data were analyzed thematically to identify key patterns and 
dimensions of AI impact. The findings reveal that AI significantly enhances operational performance 
by optimizing production processes, reducing downtime, improving product quality, and enabling 
data-driven decision-making. Workforce adaptation and human-AI collaboration emerged as critical 
factors, allowing employees to focus on strategic and analytical tasks while routine operations are 
automated. Technological integration, including IoT connectivity, cloud platforms, and digital twins, 
strengthened real-time monitoring, supply chain coordination, and operational resilience. AI also 
supports sustainability through reduced energy consumption, waste minimization, and circular 
material management, while promoting innovation via predictive analytics, generative design, and 
process simulation. The study highlights that strategic alignment, workforce training, and change 
management are essential for maximizing AI benefits. These insights provide practical guidance for 
manufacturing organizations seeking to implement AI effectively and offer a foundation for future 
research on intelligent technologies in industrial operations. 

Keywords: artificial intelligence; manufacturing operations; operational efficiency; workforce 
adaptation; supply chain optimization; sustainability; innovation; decision-making 
 

1. Introduction 

The rapid evolution of manufacturing systems in the twenty-first century has been profoundly 
shaped by the emergence and integration of artificial intelligence (AI) technologies, which are 
increasingly redefining the operational, strategic, and competitive dynamics of contemporary 
industrial environments. Manufacturing, traditionally characterized by labor-intensive processes and 
mechanistic production systems, has undergone a significant transformation toward highly 
automated, data-driven, and intelligent ecosystems. This transformation is largely attributed to the 
convergence of AI with other advanced technologies such as the Internet of Things (IoT), big data 
analytics, cloud computing, and cyber-physical systems, collectively forming the foundation of 
Industry 4.0 and the emerging paradigm of Industry 5.0. Within this context, AI is not merely an 
auxiliary tool but a central enabler of intelligent decision-making, predictive capabilities, and 
adaptive operational processes, which are critical for enhancing efficiency, productivity, and 
competitiveness in manufacturing sectors worldwide (Shi et al., 2026; Jia et al., 2026). 

The integration of AI technologies into manufacturing operations has introduced unprecedented 
levels of automation and intelligence across the entire production lifecycle, from design and planning 
to execution and maintenance. Machine learning algorithms, computer vision systems, natural 
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language processing, and robotic process automation are increasingly being deployed to optimize 
production schedules, detect defects, forecast demand, and facilitate real-time decision-making. 
These advancements have enabled manufacturers to transition from reactive to proactive and even 
predictive operational strategies, thereby minimizing downtime, reducing waste, and improving 
product quality. Moreover, AI-driven analytics allow organizations to extract valuable insights from 
vast amounts of data generated within manufacturing systems, enabling more informed and strategic 
decision-making processes (Srinivasan, 2026; Yan et al., 2026). In addition to enhancing operational 
efficiency, AI technologies are also playing a crucial role in enabling greater flexibility and 
customization in manufacturing processes. The traditional mass production model, which prioritizes 
uniformity and scale, is gradually being replaced by mass customization, where products are tailored 
to meet specific customer preferences without compromising efficiency. AI facilitates this shift by 
enabling dynamic production planning, adaptive control systems, and intelligent resource allocation, 
which collectively support the production of highly customized products at scale. This capability is 
particularly important in today’s highly competitive and rapidly changing market environments, 
where customer expectations are continuously evolving, and manufacturers must be able to respond 
quickly and effectively to these changes (Fahim et al., 2026; Yu & Xin, 2026). 

Furthermore, the adoption of AI in manufacturing is significantly influencing supply chain 
management and logistics operations, which are integral components of the broader manufacturing 
ecosystem. AI-powered systems can analyze complex supply chain networks, predict potential 
disruptions, and optimize inventory management, transportation, and distribution processes. By 
enhancing visibility and coordination across the supply chain, AI enables manufacturers to improve 
resilience, reduce costs, and enhance overall operational performance. This is particularly relevant in 
the context of global supply chains, which are increasingly vulnerable to disruptions caused by 
geopolitical tensions, natural disasters, and other unforeseen events. The ability of AI to provide real-
time insights and predictive analytics is therefore critical for ensuring the continuity and stability of 
manufacturing operations (Shen & Jiang, 2026; Jumʹa et al., 2026). Another significant dimension of 
AI’s influence on contemporary manufacturing operations is its impact on workforce dynamics and 
organizational structures. The integration of AI technologies is reshaping the nature of work in 
manufacturing, leading to the emergence of new roles and skill requirements while rendering certain 
traditional roles obsolete. This shift necessitates a reconfiguration of workforce strategies, including 
the upskilling and reskilling of employees to ensure they can effectively collaborate with AI systems 
and leverage their capabilities. At the same time, AI is enabling more collaborative and human-centric 
manufacturing environments, where human workers and intelligent machines work together to 
achieve optimal outcomes. This aligns with the principles of Industry 5.0, which emphasize the 
importance of human-machine collaboration and the integration of human creativity and expertise 
with advanced technological capabilities (Rahman et al., 2026; Wang et al., 2026). 

Despite the numerous benefits associated with the adoption of AI in manufacturing, there are also 
significant challenges and barriers that must be addressed to fully realize its potential. These challenges 
include issues related to data quality and availability, integration with legacy systems, cybersecurity 
risks, and the high costs associated with implementing and maintaining AI technologies. Additionally, 
there are ethical and social considerations related to the use of AI in manufacturing, such as concerns 
about job displacement, data privacy, and algorithmic bias. Addressing these challenges requires a 
comprehensive and multidisciplinary approach that involves not only technological innovation but also 
organizational, regulatory, and policy-level interventions (Cheng & Zhang, 2026; Abourida et al., 2026). 
The role of AI in enhancing sustainability and environmental performance in manufacturing is another 
critical area of consideration. As global concerns about climate change and environmental degradation 
continue to intensify, manufacturers are under increasing pressure to adopt more sustainable and 
environmentally friendly practices. AI technologies can support these efforts by enabling more efficient 
use of resources, reducing energy consumption, and minimizing waste and emissions. For example, 
AI-driven optimization algorithms can be used to improve energy efficiency in production processes, 
while predictive maintenance systems can reduce equipment failures and associated environmental 
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impacts. Furthermore, AI can facilitate the development of circular economy models by enabling better 
tracking and management of materials throughout their lifecycle, thereby promoting recycling and 
reuse (Fang et al., 2026; Azis et al., 2026). 

In addition to operational and environmental benefits, AI is also contributing to innovation and 
competitiveness in manufacturing by enabling the development of new products, services, and 
business models. The ability to analyze large volumes of data and generate actionable insights allows 
manufacturers to identify emerging trends, understand customer needs, and develop innovative 
solutions that create value for customers and stakeholders. AI-driven innovation is not limited to 
product development but also extends to process innovation, where new methods and techniques are 
developed to improve efficiency, quality, and flexibility in manufacturing operations (Hassan et al., 
2025). This continuous innovation is essential for maintaining a competitive edge in an increasingly 
globalized and technologically advanced industrial landscape (Ashraf et al., 2026; Zhang, 2026). 
Moreover, the adoption of AI in manufacturing is facilitating greater integration and interoperability 
across different components of the production system, leading to the development of smart factories 
and digital ecosystems. These systems are characterized by seamless communication and coordination 
between machines, systems, and human operators, enabling real-time monitoring and control of 
manufacturing processes (Hassan et al., 2025). The concept of the digital twin, which involves creating 
a virtual representation of physical assets and processes, is a key example of how AI is being used to 
enhance visibility, predict performance, and optimize operations in manufacturing environments 
(Khan & Emon, 2025). Such advancements are transforming manufacturing into a highly 
interconnected and intelligent system that is capable of adapting to changing conditions and 
continuously improving its performance (Palandella et al., 2026; Zhang et al., 2026). 

The global diffusion of AI technologies in manufacturing is also influenced by various contextual 
factors, including economic conditions, technological infrastructure, regulatory frameworks, and 
organizational readiness (Jamil et al., 2025). Developing countries, in particular, face unique 
challenges in adopting AI technologies, such as limited access to advanced technologies, lack of 
skilled workforce, and inadequate infrastructure (Arafat et al., 2025). However, these countries also 
have significant opportunities to leverage AI for industrial development and economic growth, 
provided that appropriate strategies and policies are implemented to support the adoption and 
integration of AI technologies in manufacturing (Emon & Khan, 2025). This highlights the importance 
of understanding the contextual and institutional factors that influence AI adoption and its impact 
on manufacturing operations (Raza et al., 2026; Tahmouresi & Behnamian, 2026). Furthermore, the 
increasing reliance on AI technologies in manufacturing underscores the importance of data 
governance, cybersecurity, and ethical considerations. As manufacturing systems become more 
interconnected and data-driven, the risk of cyberattacks and data breaches also increases, posing 
significant threats to operational continuity and organizational reputation (Khan et al., 2024). 
Ensuring the security and integrity of data is therefore a critical priority for manufacturers adopting 
AI technologies. In addition, ethical considerations related to transparency, accountability, and 
fairness in AI systems must be addressed to ensure that these technologies are used responsibly and 
do not lead to unintended negative consequences (Dey et al., 2026; Hasanein et al., 2026). 

The transformative impact of AI on manufacturing operations is also driving changes in 
organizational culture and leadership approaches (Hossen et al., 2024). The successful 
implementation of AI technologies requires a shift toward a more data-driven and innovation-
oriented culture, where experimentation, learning, and continuous improvement are encouraged 
(Emon, 2023). Leadership plays a crucial role in facilitating this transformation by setting a clear 
vision, fostering collaboration, and providing the necessary resources and support for AI adoption. 
Additionally, organizations must develop effective change management strategies to address 
resistance to change and ensure the successful integration of AI technologies into existing processes 
and systems (Borana et al., 2026; Chin et al., 2026). 

The future of manufacturing is expected to be increasingly shaped by the continued 
advancement and integration of AI technologies, which will further enhance the intelligence, 
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flexibility, and sustainability of manufacturing systems (Hassan et al., 2024). Emerging trends such 
as autonomous manufacturing, human-AI collaboration, and the integration of AI with advanced 
robotics and additive manufacturing are likely to redefine the boundaries of what is possible in 
manufacturing. As these technologies continue to evolve, it is essential for researchers and 
practitioners to develop a deeper understanding of their implications for manufacturing operations, 
as well as the opportunities and challenges they present (Khan & Hasan Emon, 2024). This 
underscores the importance of conducting comprehensive and rigorous research on the influence of 
AI technologies on contemporary manufacturing operations, which can provide valuable insights for 
both academia and industry and contribute to the development of more efficient, sustainable, and 
resilient manufacturing systems (Pun & Sakurai, 2026). 

2. Literature Review 

The rapid proliferation of artificial intelligence technologies within manufacturing has attracted 
substantial scholarly attention, reflecting the transformative potential of these technologies in 
redefining operational paradigms, organizational capabilities, and competitive dynamics. 
Contemporary research emphasizes that AI serves as a foundational enabler of intelligent 
manufacturing systems by integrating data-driven decision-making with advanced automation, 
thereby enhancing operational efficiency, responsiveness, and adaptability. The integration of AI into 
manufacturing environments is increasingly viewed not as a standalone technological advancement 
but as a systemic transformation that reshapes value creation processes and industrial ecosystems 
(Khan et al., 2024). This perspective underscores the multifaceted nature of AI adoption, encompassing 
technological, organizational, and strategic dimensions that collectively influence manufacturing 
performance and innovation outcomes (Borana et al., 2026; Chin et al., 2026). The conceptualization of 
AI-driven manufacturing often aligns with the broader framework of Industry 4.0, where cyber-
physical systems, IoT-enabled devices, and advanced analytics converge to create interconnected and 
intelligent production environments (Emon, 2025). Within this framework, AI technologies facilitate 
real-time data processing, predictive analytics, and autonomous decision-making, enabling 
manufacturers to optimize production processes and respond dynamically to changing conditions. 
Empirical studies highlight that AI-enhanced systems contribute to significant improvements in 
production efficiency, quality control, and resource utilization by enabling predictive maintenance, 
defect detection, and process optimization (Emon, 2025). These capabilities are particularly critical in 
complex manufacturing environments characterized by high variability and uncertainty, where 
traditional decision-making approaches may be insufficient (Pun & Sakurai, 2026; Wang et al., 2026). 

Recent investigations further explore the role of machine learning algorithms and deep learning 
models in enhancing operational intelligence within manufacturing systems. These technologies 
enable the analysis of large-scale datasets generated by sensors and production equipment, 
facilitating the identification of patterns, anomalies, and optimization opportunities (Emon, 2025). 
The ability to derive actionable insights from data not only improves operational performance but 
also supports strategic decision-making by providing a comprehensive understanding of system 
dynamics and performance indicators. In this context, AI-driven analytics is increasingly recognized 
as a critical capability for achieving data-driven manufacturing excellence and sustaining competitive 
advantage (Wei & Xia, 2026; Ullah et al., 2026). Another important dimension of the literature focuses 
on the impact of AI on supply chain integration and coordination within manufacturing ecosystems 
(Emon & Khan, 2024). AI technologies enable enhanced visibility and synchronization across supply 
chain networks by providing real-time information on inventory levels, production status, and 
demand fluctuations. This improved visibility supports more accurate demand forecasting, 
inventory optimization, and logistics planning, thereby reducing costs and improving service levels 
(Khan & Emon, 2024). Moreover, AI-driven supply chain systems can proactively identify and 
mitigate risks by analyzing potential disruptions and recommending appropriate responses, 
contributing to greater resilience and robustness in manufacturing operations (Bahamón-Monje et al., 
2026; Fiałkowska-Filipek et al., 2026). The relationship between AI adoption and sustainability in 
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manufacturing has also gained considerable attention in recent studies. Researchers highlight that AI 
technologies can significantly enhance environmental performance by optimizing energy 
consumption, reducing waste, and enabling more efficient use of resources (Emon et al., 2024). For 
instance, AI-driven optimization models can identify energy-saving opportunities in production 
processes, while predictive maintenance systems can reduce equipment failures and associated 
environmental impacts. Additionally, AI supports the implementation of circular economy practices 
by facilitating the tracking and management of materials throughout their lifecycle, thereby 
promoting reuse, recycling, and resource efficiency (Emon & Khan, 2024). These findings suggest that 
AI not only contributes to economic performance but also supports the broader goal of sustainable 
industrial development (Contractor et al., 2026; Crenna et al., 2026). 

The human dimension of AI integration in manufacturing represents another critical area of 
scholarly inquiry. The adoption of AI technologies is reshaping workforce dynamics by altering job roles, 
skill requirements, and organizational structures. While AI-driven automation can enhance productivity 
and reduce labor-intensive tasks, it also raises concerns about job displacement and the need for workforce 
reskilling. Studies emphasize the importance of developing human-AI collaboration frameworks that 
leverage the complementary strengths of humans and machines (Khan & Emon, 2025). Such frameworks 
promote the integration of human creativity, problem-solving abilities, and contextual understanding 
with the computational power and precision of AI systems, resulting in more effective and innovative 
manufacturing processes (Yannam et al., 2026; Zhang & Yang, 2026). Organizational readiness and 
strategic alignment are identified as key determinants of successful AI implementation in manufacturing 
contexts (Khan et al., 2024). Research indicates that firms with a clear digital strategy, strong leadership 
commitment, and a culture of innovation are more likely to achieve positive outcomes from AI adoption. 
Additionally, the integration of AI technologies requires significant investments in infrastructure, data 
management systems, and workforce development, which can pose challenges for organizations with 
limited resources (Emon & Khan, 2025). The alignment of AI initiatives with organizational goals and the 
establishment of robust governance frameworks are therefore essential for maximizing the benefits of AI 
in manufacturing operations (Sun et al., 2026; Sun & Gong, 2026). Technological challenges associated 
with AI adoption are also extensively discussed in the literature. Issues related to data quality, data 
integration, and interoperability remain significant barriers to the effective implementation of AI systems 
(Emon & Khan, 2025). Manufacturing environments often involve heterogeneous data sources and legacy 
systems, which can complicate the integration of AI technologies and limit their effectiveness. 
Furthermore, the reliability and interpretability of AI models are critical concerns, particularly in high-
stakes manufacturing applications where errors can have significant consequences (Emon et al., 2024). 
Addressing these challenges requires the development of robust data management practices, 
standardized protocols, and explainable AI models that enhance transparency and trust (Pawde et al., 
2026; Duong et al., 2026). 

The role of AI in driving innovation within manufacturing systems is another prominent theme in 
recent research. AI technologies enable the development of new products, processes, and business models 
by facilitating the exploration of complex design spaces and the identification of novel solutions. For 
example, generative design algorithms can create optimized product designs based on specified 
constraints and performance criteria, while AI-driven simulation tools can evaluate the feasibility and 
performance of different design alternatives (Hasan et al., 2026). These capabilities support a more 
iterative and data-driven approach to innovation, enabling manufacturers to accelerate product 
development cycles and improve the quality and performance of their offerings (Fernando et al., 2026; 
Yang & Zhang, 2026). In addition to technological and organizational aspects, the literature also examines 
the broader economic and competitive implications of AI adoption in manufacturing. Firms that 
successfully integrate AI technologies are often able to achieve significant improvements in productivity, 
cost efficiency, and market responsiveness, thereby enhancing their competitive position (Hasan et al., 
2026). At the same time, the widespread adoption of AI is intensifying competition by raising the 
standards of performance and innovation across industries. This dynamic creates both opportunities and 
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challenges for manufacturers, as they must continuously invest in technological capabilities and adapt to 
rapidly changing market conditions to remain competitive (Wu et al., 2026; Zhao & Wang, 2026). 

The concept of smart manufacturing, characterized by interconnected and autonomous 
production systems, is closely linked to the adoption of AI technologies. Smart factories leverage AI 
to enable real-time monitoring, control, and optimization of manufacturing processes, resulting in 
increased efficiency, flexibility, and responsiveness. The integration of digital twins, which provide 
virtual representations of physical systems, further enhances the capabilities of smart manufacturing 
by enabling predictive analysis and scenario planning (Ahmed et al., 2026). These technologies 
collectively contribute to the development of intelligent and adaptive manufacturing systems that 
can continuously learn and improve over time (Zhang et al., 2026; Shin et al., 2026). Ethical, legal, and 
social implications of AI adoption in manufacturing are increasingly being recognized as important 
areas of concern. Issues related to data privacy, algorithmic bias, and accountability are particularly 
relevant in the context of AI-driven decision-making systems (Ahmed & Ahmed, 2026). Ensuring that 
AI technologies are used in a responsible and ethical manner requires the development of appropriate 
regulatory frameworks and governance mechanisms. Additionally, organizations must address the 
potential social impacts of AI adoption, such as job displacement and inequality, by implementing 
strategies that promote inclusive and sustainable development (Khan et al., 2026; Chang et al., 2026). 
Further analysis of the literature reveals a growing emphasis on the integration of AI with other 
emerging technologies to enhance manufacturing capabilities. The convergence of AI with IoT, 
blockchain, and advanced robotics is enabling the development of more sophisticated and 
interconnected manufacturing systems. For instance, IoT devices provide real-time data from 
production processes, which can be analyzed by AI algorithms to optimize performance and detect 
anomalies (Emon et al., 2025). Similarly, blockchain technology can enhance transparency and 
security in supply chain operations, while AI-driven robotics can perform complex tasks with high 
precision and efficiency. This technological convergence is creating new opportunities for innovation 
and value creation in manufacturing (Borana et al., 2026; Chin et al., 2026). 

The role of data as a critical resource in AI-driven manufacturing is also extensively discussed in 
recent studies. High-quality data is essential for training AI models and ensuring their accuracy and 
reliability. However, many manufacturing organizations face challenges related to data availability, 
quality, and governance, which can limit the effectiveness of AI systems (Emon & Ahmed, 2025). 
Addressing these challenges requires the implementation of robust data management practices, 
including data collection, storage, processing, and analysis. Additionally, organizations must develop 
strategies for leveraging data as a strategic asset, enabling them to derive maximum value from their 
AI investments (Wei & Xia, 2026; Ullah et al., 2026). Another significant area of research focuses on the 
impact of AI on decision-making processes within manufacturing organizations. AI technologies enable 
more informed and data-driven decision-making by providing insights and recommendations based 
on advanced analytics. This capability is particularly valuable in complex and dynamic manufacturing 
environments, where decisions must be made quickly and accurately (Emon & Ahmed, 2025). 
However, the reliance on AI for decision-making also raises questions about the role of human 
judgment and the potential risks associated with algorithmic errors. Balancing the use of AI with human 
expertise is therefore a critical consideration for organizations seeking to leverage AI effectively 
(Bahamón-Monje et al., 2026; Fiałkowska-Filipek et al., 2026). 

The scalability and adaptability of AI technologies are also highlighted as important factors 
influencing their adoption and impact in manufacturing. Scalable AI solutions enable organizations to 
expand their capabilities and apply AI across different processes and functions, while adaptable 
systems can respond to changing conditions and requirements (Hasan Emon et al., 2026). These 
characteristics are particularly important in the context of global manufacturing operations, where 
organizations must manage diverse and dynamic environments. Research suggests that organizations 
that invest in scalable and adaptable AI technologies are better positioned to achieve long-term success 
and resilience (Contractor et al., 2026; Crenna et al., 2026). The literature underscores the importance of 
collaboration and knowledge sharing in advancing the adoption and impact of AI in manufacturing. 
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Collaboration between industry, academia, and government plays a critical role in developing new 
technologies, sharing best practices, and addressing common challenges (Hasan Emon et al., 2026). 
Additionally, knowledge sharing within and across organizations can facilitate learning and 
innovation, enabling manufacturers to leverage AI more effectively. These collaborative efforts are 
essential for overcoming barriers to AI adoption and realizing its full potential in transforming 
manufacturing operations (Yannam et al., 2026; Zhang & Yang, 2026). 

3. Method 

The study adopted a qualitative research design to explore and analyze the influence of artificial 
intelligence technologies on contemporary manufacturing operations, as this approach was considered 
most suitable for capturing in-depth insights, contextual interpretations, and experiential perspectives 
from industry stakeholders. A qualitative methodology was particularly appropriate given the 
exploratory nature of the research, which aimed to understand complex technological, organizational, 
and human dimensions associated with AI adoption in manufacturing environments. The research was 
grounded in an interpretivist paradigm, which emphasizes the subjective meanings and interpretations 
constructed by individuals based on their experiences and interactions within specific contexts. This 
philosophical stance enabled the study to examine how different actors within manufacturing settings 
perceived and engaged with AI technologies and how these technologies influenced operational practices 
and decision-making processes. A purposive sampling technique was employed to select participants 
who possessed relevant knowledge and experience in manufacturing operations and AI implementation. 
The sample consisted of professionals including production managers, operations executives, AI 
specialists, engineers, and supply chain managers working in manufacturing firms that had either 
implemented or were in the process of adopting AI technologies. The selection criteria ensured that 
participants had direct exposure to AI-driven systems such as predictive maintenance tools, automated 
quality inspection systems, intelligent planning platforms, or data analytics solutions. The sampling 
process continued until data saturation was reached, meaning that no new significant themes or insights 
were emerging from additional data collection. In total, a diverse group of participants representing 
different manufacturing sectors such as automotive, electronics, textiles, and consumer goods was 
included to ensure a comprehensive understanding of the phenomenon. 

Data were collected primarily through semi-structured interviews, which provided a flexible yet 
systematic approach for gathering rich and detailed information. An interview guide was developed 
based on the research objectives and existing literature, including open-ended questions designed to 
elicit participants’ experiences, perceptions, and opinions regarding the use of AI technologies in 
manufacturing operations. The interviews explored various aspects such as operational efficiency, 
decision-making processes, workforce implications, technological challenges, and strategic outcomes 
associated with AI adoption. Each interview was conducted either face-to-face or through virtual 
platforms, depending on participants’ availability and preferences, and lasted between 40 to 60 
minutes. All interviews were conducted in a professional and ethical manner, ensuring that 
participants felt comfortable sharing their views openly. 

In addition to interviews, secondary data sources such as organizational reports, industry 
publications, and relevant policy documents were reviewed to complement and triangulate the primary 
data. This triangulation enhanced the credibility and validity of the findings by providing multiple 
perspectives on the research topic. Field notes were also maintained during the data collection process to 
capture contextual details, non-verbal cues, and initial reflections, which contributed to a deeper 
understanding of the data during analysis. All interviews were audio-recorded with the consent of the 
participants and subsequently transcribed verbatim to ensure accuracy and completeness. The transcribed 
data were carefully reviewed and organized for analysis. A thematic analysis approach was employed to 
identify, analyze, and interpret patterns and themes within the data. The analysis followed a systematic 
process, beginning with familiarization with the data, followed by initial coding, theme development, and 
refinement. Open coding was initially conducted to label significant statements and segments of the data, 
which were then grouped into broader categories based on similarities and relationships. These categories 
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were further refined into key themes that captured the core dimensions of AI influence on manufacturing 
operations. To ensure the rigor and trustworthiness of the study, several strategies were implemented 
throughout the research process. Credibility was enhanced through prolonged engagement with the data, 
member checking, and triangulation of data sources. Participants were given the opportunity to review 
and validate the interpretations of their responses to ensure accuracy and authenticity. Transferability was 
addressed by providing detailed descriptions of the research context, participants, and processes, 
allowing readers to assess the applicability of the findings to other settings. Dependability was ensured 
by maintaining a clear and transparent audit trail of the research procedures, including data collection 
and analysis steps. Confirmability was achieved by minimizing researcher bias through reflexivity and 
by grounding interpretations in the data. 

Ethical considerations were carefully observed throughout the study. Participants were informed 
about the purpose of the research, their voluntary participation, and their right to withdraw at any stage 
without any consequences. Informed consent was obtained prior to data collection, and confidentiality 
was strictly maintained by anonymizing participants’ identities and ensuring that the data were used 
solely for research purposes. All data were securely stored and accessed only by the researcher to maintain 
privacy and integrity. The methodological approach adopted in this study allowed for a comprehensive 
and nuanced exploration of the influence of artificial intelligence technologies on manufacturing 
operations. By focusing on participants’ lived experiences and perspectives, the study was able to capture 
the complexities and contextual factors associated with AI adoption, providing valuable insights into how 
these technologies are transforming contemporary manufacturing practices. 

4. Results 

The data collected through semi-structured interviews were analyzed thematically, revealing 
multiple dimensions through which artificial intelligence technologies impact manufacturing 
operations. The thematic analysis identified key areas such as operational efficiency, decision-making 
processes, workforce adaptation, technological integration, supply chain optimization, sustainability, 
innovation, risk management, and organizational strategy. Each theme reflects distinct yet 
interconnected influences of AI on contemporary manufacturing, demonstrating both the benefits 
and challenges associated with adoption. 

Table 1. Operational Efficiency. 

AI Application Observed Effect Operational Impact 

Predictive maintenance systems Reduced machine downtime Enhanced production continuity 

Automated quality control Early detection of defects Improved product quality 

Process optimization algorithms Reduced cycle time Increased throughput 

Real-time monitoring Immediate issue identification Faster corrective actions 

Robotics integration Reduced manual intervention Higher precision in production 

Scheduling algorithms Optimized shift allocation Reduced idle time 

Energy management AI Monitored energy usage Decreased operational cost 

Workflow automation Streamlined routine tasks Increased overall efficiency 

This theme reflects that AI has significantly enhanced operational efficiency by automating 
routine tasks, minimizing production disruptions, and improving process accuracy. Participants 
reported that intelligent systems allowed managers to monitor multiple production lines 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 24 March 2026 doi:10.20944/preprints202603.1935.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202603.1935.v1
http://creativecommons.org/licenses/by/4.0/


 9 of 20 

 

simultaneously, respond to anomalies rapidly, and allocate resources more effectively. Overall, AI 
contributed to higher output consistency, reduced waste, and better utilization of resources across 
manufacturing processes. 

Table 2. Decision-Making Enhancement. 

AI Tool Observed Effect Operational Impact 

Predictive analytics Forecasted production demand Reduced overproduction 

Machine learning models Analyzed production data Supported strategic planning 

Decision-support systems Offered multiple scenarios Improved decision quality 

Simulation platforms Modeled process outcomes Reduced trial-and-error cycles 

Data visualization AI Consolidated complex data Increased clarity in planning 

Cognitive computing Identified trends Enhanced operational foresight 

Resource allocation AI Recommended task assignments Minimized bottlenecks 

Risk assessment AI Evaluated potential disruptions Enhanced proactive responses 

Decision-making was improved across operational, strategic, and tactical levels through the 
implementation of AI tools. Participants emphasized that predictive and prescriptive analytics 
enabled more informed decisions, reduced uncertainty, and helped prioritize actions effectively. AI-
supported simulations provided managers with reliable forecasts and alternative scenarios, resulting 
in faster problem-solving and better alignment between operational targets and strategic objectives. 

Table 3. Workforce Adaptation. 

AI Influence Observed Effect Operational Impact 

Skill enhancement programs Employees trained for AI use Increased digital competency 

Job role restructuring Tasks reassigned Reduced repetitive workload 

Human-AI collaboration Workers guided by AI Improved accuracy in operations 

Cognitive support systems Provided operational guidance Reduced human error 

Change management AI Monitored adaptation Smoother transition to AI systems 

Knowledge-sharing platforms Facilitated AI learning Faster employee onboarding 

Performance analytics Assessed productivity Enabled targeted interventions 

Employee feedback AI Captured operational insights Improved workforce engagement 

AI transformed workforce dynamics by enabling more collaborative interactions between 
humans and machines. Participants noted that AI-driven guidance systems reduced errors, while 
training programs and knowledge platforms helped employees acquire necessary technical 
competencies. The adoption of AI encouraged upskilling and enhanced workforce adaptability, 
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allowing employees to focus on tasks requiring judgment, creativity, and problem-solving rather 
than repetitive operations. 

Table 4. Technological Integration. 

Integration Aspect Observed Effect Operational Impact 

IoT connectivity Linked machines and sensors Improved process visibility 

Cloud platforms Centralized production data Enhanced data accessibility 

AI-ERP integration Automated reporting Streamlined administrative tasks 

System interoperability Connected legacy and new systems Reduced operational friction 

Digital twin adoption Virtual replication of assets Enabled scenario testing 

Real-time analytics Continuous performance monitoring Accelerated response times 

AI-driven robotics Synchronized operations Enhanced manufacturing flexibility 

Cybersecurity AI Monitored system security Reduced potential threats 

Technological integration emerged as a critical factor supporting effective AI adoption. 
Participants highlighted that connectivity between IoT devices, cloud platforms, and AI tools 
facilitated comprehensive data access, improved system coordination, and strengthened operational 
monitoring. Digital twins and real-time analytics allowed managers to simulate changes and 
anticipate outcomes before implementing process adjustments on the shop floor. 

Table 5. Supply Chain Optimization. 

AI Application Observed Effect Operational Impact 

Demand forecasting AI Predicted customer requirements Reduced inventory excess 

Logistics AI Optimized delivery routes Decreased transportation costs 

Inventory management AI Monitored stock levels Minimized stockouts 

Supplier evaluation AI Analyzed performance Improved supplier reliability 

Risk monitoring AI Detected potential disruptions Enhanced supply chain resilience 

Production scheduling AI Aligned supply and demand Reduced lead times 

Procurement AI Recommended orders Improved procurement efficiency 

Warehouse automation Automated sorting and storage Increased handling accuracy 

AI contributed to greater efficiency and resilience across supply chain operations. Participants 
reported that advanced forecasting and automated logistics reduced waste, lowered operational 
costs, and improved service levels. Supplier evaluation and risk monitoring enhanced the reliability 
of procurement processes, while warehouse automation facilitated faster, more accurate handling of 
materials and products. 
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Table 6. Sustainability and Environmental Performance. 

AI Initiative Observed Effect Operational Impact 

Energy consumption AI Monitored usage patterns Reduced energy waste 

Emission tracking AI Measured pollutants Improved environmental compliance 

Material optimization AI Minimized raw material use Lowered production waste 

Predictive maintenance Reduced unnecessary replacements Extended equipment lifespan 

Circular economy support Tracked reusable materials Increased recycling 

Resource scheduling AI Optimized equipment operation Decreased energy cost 

Waste management AI Identified waste hotspots Enhanced efficiency 

Sustainability dashboards Visualized environmental metrics Improved management accountability 

Participants emphasized that AI adoption facilitated environmentally responsible 
manufacturing practices. By monitoring energy use, reducing material waste, and supporting 
recycling initiatives, AI enabled manufacturers to achieve higher sustainability standards while 
simultaneously improving operational efficiency and cost management. 

Table 7. Innovation Facilitation. 

AI Capability Observed Effect Operational Impact 

Generative design AI Created optimized product designs Accelerated product development 

Process simulation AI Tested process modifications Reduced experimentation costs 

Predictive R&D analytics Identified trends Supported new product innovation 

Knowledge discovery AI Extracted insights from data Enabled solution creativity 

Automation for prototyping Reduced manual prototyping Shortened development cycle 

Quality improvement AI Suggested design adjustments Increased product reliability 

Innovation dashboards Monitored R&D progress Enhanced decision support 

AI-assisted collaboration Supported cross-functional teams Fostered innovative culture 

AI technologies enabled higher levels of innovation by supporting both product and process 
development. Participants highlighted that AI facilitated experimentation, optimized design 
processes, and enabled more effective collaboration across teams. These outcomes contributed to 
faster time-to-market, better-quality products, and enhanced competitive positioning for 
manufacturing firms. 
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Table 8. Risk Management. 

AI Application Observed Effect Operational Impact 

Predictive risk analytics Forecasted operational risks Enabled proactive measures 

Quality deviation AI Detected anomalies Reduced defective products 

Supply chain risk monitoring Identified vulnerabilities Minimized disruptions 

Equipment failure prediction Anticipated breakdowns Reduced downtime 

Cybersecurity AI Monitored network threats Enhanced data protection 

Compliance AI Checked regulatory adherence Avoided legal penalties 

Scenario analysis AI Simulated potential crises Improved preparedness 

Decision-support risk AI Recommended mitigation actions Strengthened operational resilience 

AI-enabled risk management mechanisms were widely reported as transformative for 
operational stability. Participants emphasized that predictive analytics and anomaly detection helped 
prevent failures, reduce financial losses, and maintain consistent production quality. Integration of 
risk-focused AI tools allowed firms to plan strategically and respond swiftly to potential disruptions. 

Table 9. Organizational Strategy. 

AI Integration Aspect Observed Effect Operational Impact 

Strategic planning AI Modeled future scenarios Aligned operations with goals 

Performance monitoring AI Tracked KPIs Supported informed adjustments 

Competitive intelligence AI Analyzed market trends Enhanced strategic decisions 

Resource optimization AI Recommended resource allocation Increased efficiency 

Knowledge management AI Stored organizational insights Facilitated learning 

Decision-support AI Guided leadership decisions Strengthened organizational agility 

Culture transformation AI Encouraged innovation Improved adoption of AI initiatives 

Change management AI Monitored employee adaptation Reduced resistance 

The role of AI in shaping organizational strategy was evident in participants’ accounts of how 
these technologies influenced planning, monitoring, and decision-making. AI provided leadership 
teams with actionable insights, supported proactive adjustments, and encouraged a culture of 
continuous improvement and innovation. Organizations reported that AI integration strengthened 
operational alignment with strategic objectives and enhanced adaptability in dynamic industrial 
environments. 

The findings indicate that AI technologies impact manufacturing operations across multiple 
interconnected dimensions. Operational efficiency, decision-making, workforce dynamics, 
technological integration, supply chain coordination, sustainability, innovation, risk management, 
and organizational strategy collectively demonstrate that AI adoption is a multifaceted process. The 
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analysis revealed that while AI provides substantial benefits in terms of productivity, quality, and 
responsiveness, successful integration also requires workforce adaptation, system interoperability, 
and strategic alignment. Moreover, the adoption of AI contributes to both competitive advantage and 
sustainability outcomes, highlighting its significance as a central driver of modern manufacturing 
transformation. Overall, these results underscore that AI is not merely a technological tool but a 
comprehensive enabler of intelligent, adaptive, and resilient manufacturing operations. 

5. Discussion 

The findings of the study reveal that artificial intelligence technologies have a profound and 
multifaceted impact on contemporary manufacturing operations, shaping both operational processes 
and strategic outcomes. The integration of AI into manufacturing systems has significantly enhanced 
operational efficiency by streamlining workflows, reducing downtime, and improving production 
accuracy. Automated monitoring, predictive maintenance, and process optimization enabled 
manufacturers to achieve greater continuity and reliability in production, while intelligent 
scheduling and resource allocation reduced bottlenecks and minimized idle time. These 
improvements indicate that AI not only increases productivity but also allows organizations to 
allocate resources more effectively and respond dynamically to operational challenges, establishing 
a more resilient and agile production environment. The ability of AI to process large volumes of real-
time data and generate actionable insights supports informed decision-making at multiple levels, 
transforming operational management from reactive problem-solving to proactive and predictive 
planning. This shift enhances overall manufacturing performance, reduces operational risk, and 
strengthens the capacity for strategic foresight. 

The study also highlights the critical role of AI in transforming workforce dynamics and human-
machine collaboration. AI adoption necessitated the reskilling and upskilling of employees to work 
effectively with intelligent systems, fostering an environment where human judgment and creativity 
complemented automated processes. Workers were able to focus on tasks requiring problem-solving 
and analytical skills, while routine and repetitive tasks were managed by AI-driven systems. This 
integration improved both productivity and employee engagement, as employees were empowered 
to contribute in more meaningful ways rather than being constrained by manual or monotonous 
duties. The findings suggest that AI has the potential to redefine traditional job roles, creating a 
workforce that is more digitally competent, adaptable, and aligned with the evolving needs of 
intelligent manufacturing systems. 

Technological integration emerged as a key enabler of AI’s influence, with connectivity, system 
interoperability, and digital twins enhancing visibility, coordination, and adaptability across 
manufacturing processes. The seamless interaction between AI systems, IoT devices, and cloud 
platforms allowed for continuous monitoring, rapid response to deviations, and informed scenario 
testing. This interconnectedness strengthened operational control and facilitated data-driven 
decision-making, enabling organizations to respond effectively to both internal and external 
challenges. By linking production, maintenance, and supply chain activities, AI technologies fostered 
a more cohesive and responsive operational environment that could adapt to fluctuations in demand, 
supply, and market conditions. 

The study further demonstrates that AI significantly influences supply chain optimization and 
sustainability initiatives within manufacturing organizations. Intelligent forecasting, inventory 
management, and logistics planning allowed for more accurate demand alignment, reduced excess 
inventory, and minimized operational costs. Risk monitoring and supplier evaluation mechanisms 
improved supply chain resilience, ensuring continuity in operations and enhancing organizational 
responsiveness. Moreover, AI-enabled sustainability practices, such as energy optimization, waste 
reduction, and circular material tracking, allowed manufacturers to meet environmental goals while 
simultaneously improving operational efficiency. These findings underscore the dual role of AI in 
promoting both economic performance and environmental responsibility, positioning it as a key 
driver of sustainable manufacturing practices. 
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Innovation and continuous improvement were additional dimensions where AI demonstrated 
significant influence. Generative design, process simulation, and predictive analytics facilitated faster 
product development, improved quality, and the discovery of novel solutions. AI supported 
collaborative and cross-functional innovation, enabling teams to explore design alternatives, 
optimize processes, and implement improvements with greater efficiency. The integration of AI into 
research and development processes also shortened time-to-market for new products, enhanced 
reliability, and encouraged the adoption of data-driven innovation approaches. These outcomes 
reflect that AI not only supports operational performance but also serves as a catalyst for strategic 
innovation and competitive differentiation. 

Risk management and organizational strategy were also strengthened by AI adoption. 
Predictive analytics, scenario modeling, and anomaly detection tools allowed organizations to 
anticipate potential disruptions, mitigate operational risks, and maintain continuity in manufacturing 
activities. The capacity for proactive risk assessment supported both short-term operational decisions 
and long-term strategic planning, reinforcing organizational resilience and adaptability. Moreover, 
AI provided leadership with actionable insights to guide resource allocation, monitor performance, 
and foster an innovation-oriented culture. The study suggests that AI contributes to the development 
of strategic agility, enabling organizations to adjust quickly to market dynamics and technological 
shifts while maintaining alignment with broader business objectives. 

The implications of these findings are significant for both practice and research. From a 
managerial perspective, the study highlights the necessity of integrating AI strategically into 
manufacturing operations, emphasizing the importance of aligning technological adoption with 
workforce development, process redesign, and organizational goals. Organizations must invest in 
training, change management, and system integration to fully realize the benefits of AI, while 
ensuring that human expertise and judgment complement technological capabilities. Furthermore, 
the role of AI in promoting sustainability, innovation, and supply chain resilience suggests that 
manufacturers can achieve multiple strategic outcomes simultaneously by leveraging intelligent 
technologies across operational and strategic domains. 

For researchers, the findings provide evidence of the complex interactions between AI 
technologies, workforce dynamics, operational processes, and strategic outcomes in manufacturing 
contexts. The study underscores the importance of examining AI adoption from a holistic perspective 
that considers technological, organizational, and human dimensions. Future research could explore 
longitudinal effects of AI implementation, comparative studies across manufacturing sectors, and the 
integration of emerging technologies such as advanced robotics, blockchain, and edge computing 
with AI to further understand their synergistic effects on operations and strategy. Additionally, the 
ethical, social, and governance implications of AI adoption present avenues for research into 
responsible implementation practices, workforce adaptation, and equitable distribution of 
technological benefits. 

6. Conclusion 

The study demonstrates that artificial intelligence technologies have a transformative influence 
on contemporary manufacturing operations, shaping efficiency, decision-making, workforce 
dynamics, supply chain coordination, sustainability, and innovation. AI enables manufacturers to 
optimize processes, reduce downtime, improve product quality, and make data-driven decisions that 
enhance both operational performance and strategic outcomes. The integration of intelligent systems 
fosters human-AI collaboration, allowing employees to focus on higher-value tasks while automating 
routine and repetitive activities. Technological integration, including IoT connectivity, cloud 
platforms, and digital twins, further strengthens operational adaptability and real-time monitoring, 
contributing to more resilient and agile manufacturing systems. Additionally, AI supports 
sustainable practices by minimizing energy consumption, waste, and material usage, while 
simultaneously promoting innovation through advanced design, simulation, and predictive 
analytics. The study highlights that successful AI adoption requires strategic alignment, workforce 
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development, and effective change management, ensuring that human expertise complements 
technological capabilities. Overall, AI functions as a central enabler of intelligent, adaptive, and 
competitive manufacturing, providing significant economic, environmental, and organizational 
benefits. These insights offer critical guidance for practitioners seeking to implement AI effectively 
and for researchers aiming to explore the broader implications of intelligent technologies in modern 
industrial environments. 

References 

Shi, Y., Tang, H., Li, Y., & Zhang, Z. (2026). Digital transformation of supply chain considering intelligent 

information platform: A tripartite evolutionary game analysis. Mathematics, 14(4). 

https://doi.org/10.3390/math14040656 

Jia, Z., Holliday, E. G., Tang, E. C., Russo, H. B., Rootes, T. R., Luo, Y., Yu, H., Wang, D., & Zhang, B. (2026). 

Machine learning–driven nanoparticle–enhanced paper chromogenic array sensor approach for detecting 

sub-lethally injured Salmonella in low moisture food. Food Research International, 229. 

https://doi.org/10.1016/j.foodres.2026.118523 

Srinivasan, S. (2026). The phantom shipment threat: Strengthening transportation security against freight fraud in 

global supply chains. Journal of Transportation Security, 19(1). https://doi.org/10.1007/s12198-025-00325-8 

Yan, J., Tang, Z., Yang, K., Li, D., & Fan, X. (2026). Digital innovation and the cost-of-equity capital: Evidence 

from the supply chain. Research in International Business and Finance, 84. 

https://doi.org/10.1016/j.ribaf.2026.103307 

Fahim, M., Grida, M., Ashour, M., & Naeem, D. (2026). Integrating sustainability in green supply chains: 

Optimizing carbon emissions and operational efficiency. Environmental Impact Assessment Review, 117. 

https://doi.org/10.1016/j.eiar.2025.108226 

Yu, L. I., & Xin, X. (2026). Riding the wind: Environmental dynamism and the sustainable takeoff of Chinese 

electric vehicle manufacturers. Sustainable Futures, 11. https://doi.org/10.1016/j.sftr.2026.101715 

Shen, F., & Jiang, F. (2026). The resilience of agricultural product supply chain: An empirical analysis based on 

spatial spillover and threshold effects. Sustainability (Switzerland, 18(4). 

https://doi.org/10.3390/su18041975 

Jum’a, L., Hazaimeh, I., Ikram, M., & Saqib, Z. A. (2026). Integrated Industry 4.0, circular economy, and low-

carbon management framework: Implications for sustainability performance in the manufacturing sector. 

Business Strategy and Development, 9(1). https://doi.org/10.1002/bsd2.70291 

Rahman, M. A., Anam, M. Z., Bhuiyan, M. S., Mia, M., Hafiz, N., & Tasrin, I. (2026). Developing a framework of 

key performance indicators for Dhaka Metropolitan’s vegetable supply chain: A digitalization approach to 

sustainability. Cleaner Logistics and Supply Chain, 18. https://doi.org/10.1016/j.clscn.2025.100293 

Wang, S., Chen, X., & Han, N. (2026). Intelligent development of manufacturing enterprises and supply chain 

resilience: A perspective based on internal capabilities and external linkages. Expert Systems with 

Applications, 310. https://doi.org/10.1016/j.eswa.2026.131338 

Cheng, G., & Zhang, H. (2026). The impact of China’s artificial intelligence pilot policies on enterprise supply 

chain resilience. Scientific Reports, 16(1). https://doi.org/10.1038/s41598-025-32003-z 

Abourida, M., Short, M., Klymenko, O. V., Khamis, N. M., Mahammedi, C., Al-Mhdawi, M. K. S., & Sakr, A.-H. 

(2026). The evolving landscape of AI-driven risk management in the biogas production: A systematic and 

bibliometric review. Waste Management Bulletin, 4(1). https://doi.org/10.1016/j.wmb.2025.100271 

Fang, W., Liu, H., & Zhang, C. (2026). Spatial-temporal evolution analysis of the impact of climate change 

adaptation policy on industry chain resilience. Humanities and Social Sciences Communications, 13(1). 

https://doi.org/10.1057/s41599-025-06425-z 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 24 March 2026 doi:10.20944/preprints202603.1935.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202603.1935.v1
http://creativecommons.org/licenses/by/4.0/


 16 of 20 

 

Azis, A. M., Irjayanti, M., & Murti, Y. R. (2026). Advancing traceability and sustainability through a digital 

information system in Indonesia’s rice supply chain. Discover Sustainability, 7(1). 

https://doi.org/10.1007/s43621-025-02544-4 

Hasan Emon, M. M., Mustafizur Rahman, K., Ahmed, M., Ara Chowdhury, M. S., Ferdous Emee, A., & Kutub, J. 

(2026). AI Enabled Industry 4.0 Practices for Enhancing Sustainability Performance: Evidence from 

Manufacturing Firms in an Emerging Economy. 2026 5th International Conference on Electrical, Computer 

&amp; Telecommunication Engineering (ICECTE), 1–6. https://doi.org/10.1109/ICECTE69292.2026.11429215 

Hasan Emon, M. M., Rahman, K. M., Ahmed, M., Islam, M. R., Kabir, S. M. I., & Emee, A. F. (2026). 

Understanding Employees’ Behavioral Intentions Toward Cybersecurity Adoption in Banks: Evidence 

from an Emerging Economy. 2026 5th International Conference on Electrical, Computer &amp; 

Telecommunication Engineering (ICECTE), 1–6. https://doi.org/10.1109/ICECTE69292.2026.11429312 

Emon, M. M. H. (2023). A Systematic Review of the Causes and Consequences of Price Hikes in Bangladesh. Review 

of Business and Economics Studies, 11(2), 49–58. https://doi.org/10.26794/2308-944X-2023-11-2-49-58 

Emon, M. M. H. (2025). Digital transformation in emerging markets: Adoption dynamics of AI image generation 

in marketing practices. Telematics and Informatics Reports, 20, 100267. 

https://doi.org/10.1016/j.teler.2025.100267 

Emon, M. M. H. (2025). The Mediating Role of Supply Chain Responsiveness in the Relationship Between Key 

Supply Chain Drivers and Performance: Evidence from the FMCG Industry. Brazilian Journal of 

Operations & Production Management, 22(1), 2580. https://doi.org/10.14488/BJOPM.2580.2025 

Emon, M. M. H., & Khan, T. (2024). A Systematic Literature Review on Sustainability Integration and Marketing 

Intelligence in the Era of Artificial Intelligence. Review of Business and Economics Studies, 12(4), 6–28. 

https://doi.org/10.26794/2308-944X-2024-12-4-6-28 

Emon, M. M. H., & Khan, T. (2024). Unlocking Sustainability through Supply Chain Visibility: Insights from the 

Manufacturing Sector of Bangladesh. Brazilian Journal of Operations & Production Management, 21(4), 

2194. https://doi.org/10.14488/BJOPM.2194.2024 

Emon, M. M. H., & Khan, T. (2025). Corporate Social Responsibility for Sustainable Development: A Systematic 

Review of Business Contributions to Address Global Challenges. Review of Business and Economics 

Studies, 13(2), 6–39. https://doi.org/10.26794/2308-944X-2025-13-2-6-39 

Emon, M. M. H., & Khan, T. (2025). The mediating role of attitude towards the technology in shaping artificial 

intelligence usage among professionals. Telematics and Informatics Reports, 17, 100188. 

https://doi.org/10.1016/j.teler.2025.100188 

Emon, M. M. H., & Khan, T. (2025). The transformative role of Industry 4.0 in supply chains: Exploring digital 

integration and innovation in the manufacturing enterprises. Journal of Open Innovation: Technology, 

Market, and Complexity, 11(2), 100516. https://doi.org/10.1016/j.joitmc.2025.100516 

Arafat, Y., PK., M. K., Hossen, A., & Sarker, M. N. (2025). Adaptive Temporal Convolution Framework for Multi-

Channel Sales Forecasting Through Dynamic EMA-XGBoost. International Journal of Research, Innovation 

and Commercialisation, 6(1). https://doi.org/10.1504/IJRIC.2025.10073445 

Hassan, M. M., Fahim Abrar, M., Kakon, S., Hossen, A., & Arafat, Y. (2024). Improving Loan Approval Decisions: 

The Impact of Data Balancing on the Classifier’s Performance in Predicting Borrower Reliability. 2024 27th 

International Conference on Computer and Information Technology (ICCIT), 1690–1695. 

https://doi.org/10.1109/ICCIT64611.2024.11022094 

  

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 24 March 2026 doi:10.20944/preprints202603.1935.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202603.1935.v1
http://creativecommons.org/licenses/by/4.0/


 17 of 20 

 

Hassan, M. M., Hossen, A., Arafat, Y., Sarker, M. N., Jamil, M. H., & Siddika, A. (2025). Exploratory Analysis of 

the Impact of Data Balancing on the Classifier’s Performance in Predicting Creditworthiness Reliability. 

Indonesian Journal of Electrical Engineering and Informatics (IJEEI), 13(3). 

https://doi.org/10.52549/ijeei.v13i3.6667 

Hassan, M. M., Hossen, A., Sarker, M. N., Arafat, Y., Khan, A., Talukder, S. I., & Roy, B. K. S. (2025). An Empirical 

Analysis on Renewable Energy: Biogas Production Prediction Using Machine Learning. Journal of Power 

and Energy Engineering, 13(07), 40–59. https://doi.org/10.4236/jpee.2025.137002 

Hossen, A., Arafat, Y., Sarker, M. N., Jamil, M. H., Islam, M. A., & Hasan, R. (2024). A Predictive Framework for 

Financial Crashes Using Advanced Time Series Techniques. 2024 International Conference on Progressive 

Innovations in Intelligent Systems and Data Science (ICPIDS), 476–483. 

https://doi.org/10.1109/ICPIDS65698.2024.00080 

Jamil, M. H., Hossen, A., Talukder, S. I., Arafat, Y., & Sozib, H. M. (2025). Big Data Analytics and Its Usage on 

Financial Fraud Detection in the USA. Advances in Machine Learning IoT and Data Security, 1. 

https://doi.org/10.63471/amlid25001 

Emon, M. M. H., Khan, T., Rahman, M. A., & Siam, S. A. J. (2024). Factors Influencing the Usage of Artificial 

Intelligence among Bangladeshi Professionals: Mediating role of Attitude Towards the Technology. 2024 

IEEE International Conference on Computing, Applications and Systems (COMPAS), 1–7. 

https://doi.org/10.1109/COMPAS60761.2024.10796110 

Emon, M. M. H., Khan, T., & Siam, S. A. J. (2024). Quantifying the influence of supplier relationship management 

and supply chain performance: an investigation of Bangladesh’s manufacturing and service sectors. 

Brazilian Journal of Operations & Production Management, 21(2), 2015. 

https://doi.org/10.14488/BJOPM.2015.2024 

Khan, T., & Emon, M. M. H. (2024). Exploring the Potential of the Blue Economy: A Systematic Review of 

Strategies for Enhancing International Business in Bangladesh in the context of Indo-Pacific Region. Review 

of Business and Economics Studies, 12(2), 55–73. https://doi.org/10.26794/2308-944X-2024-12-2-55-73 

Khan, T., & Emon, M. M. H. (2025). Supply chain performance in the age of Industry 4.0: evidence from 

manufacturing sector. Brazilian Journal of Operations & Production Management, 22(1), 2434. 

https://doi.org/10.14488/BJOPM.2434.2025 

Khan, T., & Emon, M. M. H. (2025). The role of digital supply chain practices in enhancing firm performance: 

insights from the manufacturing sector of Bangladesh. Brazilian Journal of Operations & Production 

Management, 22(2), 2493. https://doi.org/10.14488/BJOPM.2493.2025 

Khan, T., Emon, M. M. H., & Nath, A. (2024). Quantifying the Effects of AI-Driven Inventory Management on 

Operational Efficiency in Online Retail. 2024 27th International Conference on Computer and Information 

Technology (ICCIT), 2092–2097. https://doi.org/10.1109/ICCIT64611.2024.11021996 

Khan, T., Emon, M. M. H., & Rahman, M. A. (2024). A systematic review on exploring the influence of Industry 

4.0 technologies to enhance supply chain visibility and operational efficiency. Review of Business and 

Economics Studies, 12(3), 6–27. https://doi.org/10.26794/2308-944X-2024-12-3-6-27 

Khan, T., Emon, M. M. H., & Rahman, S. (2024). Marketing Strategy Innovation via AI Adoption: A Study on 

Bangladeshi SMEs in the Context of Industry 5.0. 2024 6th International Conference on Sustainable 

Technologies for Industry 5.0 (STI), 1–6. https://doi.org/10.1109/STI64222.2024.10951050 

Khan, T., & Hasan Emon, M. M. (2024). Determinants of AI Image Generator Adoption Among Marketing 

Agencies: The Mediating Effects of Perceived Usefulness. 2024 IEEE 3rd International Conference on 

Robotics, Automation, Artificial-Intelligence and Internet-of-Things (RAAICON), 177–182. 

https://doi.org/10.1109/RAAICON64172.2024.10928548 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 24 March 2026 doi:10.20944/preprints202603.1935.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202603.1935.v1
http://creativecommons.org/licenses/by/4.0/


 18 of 20 

 

Ahmed, M., & Ahmed, M. J. (2026). Sustainable Industrial Operations Through IoT-Generated Big Data Insights. 

In Sustainable Operations in the Age of AI and Big Data (pp. 37–82). https://doi.org/10.4018/979-8-2600-

0216-2.ch002 

Ahmed, M., Amareen, O. S. Al, & Arafat, Y. (2026). Harnessing Big Data for Reverse Logistics and Waste 

Management: Pathways to Sustainable Supply Chains. In Enhancing Sustainability in Global Supply 

Chains With Big Data Analytics (pp. 175–210). IGI Global Scientific Publishing. https://doi.org/10.4018/979-

8-3373-6896-2.ch006 

Emon, M. M. H., & Ahmed, M. (2025). Digital Readiness as a Catalyst for Talent Transformation in Hospitality. 

In Talent Management in Hotels and Hospitality (pp. 461–502). IGI Global Scientific Publishing. 

https://doi.org/10.4018/979-8-3373-4485-0.ch014 

Emon, M. M. H., & Ahmed, M. (2025). Technological adoption in green practices as a mediator between green 

supply chain practices and operational performance: evidence from the agro-processing and food industry. 

Brazilian Journal of Operations & Production Management, 22(4), 2695. 

https://doi.org/10.14488/BJOPM.2695.2025 

Emon, M. M. H., Mazid-Ul-Haque, M., Ahmed, M., & Rahman, K. M. (2025). AI-Powered Smart Buildings: The 

Role of Semiconductors in Urban Energy Sustainability (pp. 123–156). https://doi.org/10.4018/979-8-3373-

3481-3.ch005 

Hasan, M. K., Emon, M. M. H., Hlali, A., & Khan, T. (2026). Sustainable Operations in the Age of AI and Big Data 

(M. K. Hasan, M. M. H. Emon, A. Hlali, & T. Khan (eds.)). IGI Global Scientific Publishing. 

https://doi.org/10.4018/979-8-2600-0216-2 

Hasan, M. K., Khan, T., Hlali, A., & Emon, M. M. H. (2026). Enhancing Sustainability in Global Supply Chains 

With Big Data Analytics (M. K. Hasan, T. Khan, A. Hlali, & M. M. H. Emon (eds.)). IGI Global Scientific 

Publishing. https://doi.org/10.4018/979-8-3373-6896-2 

Ashraf, M., Ali, I., & Eltawil, A. (2026). A hybrid deep learning-based approach for disruption detection and 

recovery planning in a prototype cognitive digital supply chain twin. Expert Systems with Applications, 

297. https://doi.org/10.1016/j.eswa.2025.129531 

Zhang, J. (2026). Supply chain digitalization and disruption risk: The roles of resilience and financing constraints. 

Finance Research Letters, 93. https://doi.org/10.1016/j.frl.2026.109623 

Palandella, L., Perea Muñoz, L., & Ruiz, A. (2026). Development of a compass framework to achieve an agile and 

sustainable supply network. Sustainability (Switzerland, 18(4). https://doi.org/10.3390/su18041865 

Zhang, W., Qian, Z., Ma, S., & Zhu, Z. (2026). Optimization of intelligent logistics strategies for platform-based 

supply chain management networks. Computers and Industrial Engineering, 212. 

https://doi.org/10.1016/j.cie.2025.111689 

Raza, A., Lu, H., Ma, X., & Yang, T. (2026). Digitalizing agriculture in Pakistan: Enhancing grain supply chains 

via ICT, environmental literacy, and eco-innovation. Agricultural and Food Economics, 14(1). 

https://doi.org/10.1186/s40100-026-00457-y 

Tahmouresi, M. M., & Behnamian, J. (2026). Data-driven risk mitigation and flexibility enhancement in 

perishable supply chain networks. Array, 29. https://doi.org/10.1016/j.array.2025.100641 

Dey, S. K., Kundu, K., & Das, P. (2026). Digital and greening strategies for financial resilience in a three-echelon 

supply chain. International Transactions in Operational Research, 33(4), 2289–2324. 

https://doi.org/10.1111/itor.70072 

Hasanein, A. M., Khairy, H. A., Aljoghaiman, A., & Al-Romeedy, B. S. (2026). Tackling supply chain disruptions 

through digital agility: Evidence from the hotel industry. Logistics, 10(2). 

https://doi.org/10.3390/logistics10020034 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 24 March 2026 doi:10.20944/preprints202603.1935.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202603.1935.v1
http://creativecommons.org/licenses/by/4.0/


 19 of 20 

 

Borana, N., Gaur, T. S., & Yadav, V. (2026). Modeling of barriers to digital transformations in Indian 

manufacturing small and medium-sized enterprises. Journal of Science and Technology Policy 

Management, 17(1), 100–117. https://doi.org/10.1108/JSTPM-10-2023-0175 

Chin, T., Zhang, Z., Nazrul, A., & Wang, S. (2026). Balancing resilience and circularity in an artificial intelligence-

augmented humanitarian aid supply chain: A practice-based view of Yin–Yang dialectical systems. 

Technovation, 151. https://doi.org/10.1016/j.technovation.2025.103427 

Pun, S., & Sakurai, T. (2026). Spatial market integration and the Covid-19 pandemic: Evidence from the potato 

markets of Nepal and India. Journal of Agriculture and Food Research, 26. 

https://doi.org/10.1016/j.jafr.2026.102718 

Wang, S., Meng, J., & Li, Y. (2026). From Douyin Shop to TikTok Shop: The platformized supply chain, 

spatialized business model, and regional partnership in cross-border e-commerce. Policy and Internet, 

18(1). https://doi.org/10.1002/poi3.70026 

Wei, R., & Xia, Y. (2026). FinTech, heterogeneous innovation, and firm total factor productivity. Journal of 

Innovation and Knowledge, 15. https://doi.org/10.1016/j.jik.2026.101003 

Ullah, Q., Qiu, Y., Khan Kakar, S., & Sami, M. (2026). Revolutionizing European digital exports: The intersection 

of global supply chains, green FinTech, and sustainable infrastructure. Technology in Society, 85. 

https://doi.org/10.1016/j.techsoc.2025.103209 

Bahamón-Monje, A. F., Collazos-Escobar, G. A., & Gutiérrez-Guzmán, N. (2026). Data-driven modeling of water 

adsorption isotherms in cocoa beans: Dataset and Python-based machine learning tools for multivariate 

analysis and storage management. Data in Brief, 65. https://doi.org/10.1016/j.dib.2026.112616 

Fiałkowska-Filipek, M., Karpavičė, J., & Wangwacharakul, P. (2026). Smart packaging as a digital enabler for 

circularity in sustainable supply chains. Cleaner Logistics and Supply Chain, 18. 

https://doi.org/10.1016/j.clscn.2026.100299 

Contractor, F. J., Cantwell, J., Gereffi, G., & Sauvant, K. P. (2026). The shift to a more turbulent IB environment, 

and how MNEs respond to this shift. International Business Review, 35(2). 

https://doi.org/10.1016/j.ibusrev.2025.102538 

Crenna, E., Hischier, R., Defraeye, T., & Onwude, D. (2026). Ecological hotspots across the global citrus supply 

chain: A comprehensive life cycle assessment. Environmental Challenges, 22. 

https://doi.org/10.1016/j.envc.2025.101396 

Yannam, Y. R., Gao, J., Shi, J., Datta, A., Wang, K., Krishnamoorti, R., Powell, J. B., Sengupta, D., & Ye, X. (2026). 

Toward a human-centered energy transition: Concepts, models, challenges, and research opportunities. 

Utilities Policy, 99. https://doi.org/10.1016/j.jup.2026.102145 

Zhang, J., & Yang, J. (2026). Blockchain-enabled data supply chain governance: An evolutionary game model 

based on prospect theory. Mathematics, 14(3). https://doi.org/10.3390/math14030432 

Sun, K., Zhong, X., Xiong, D., & Han, Z. (2026). Cross-border e-commerce comprehensive pilot zones and urban 

entrepreneurial activity: Causal evidence from double-debiased machine learning. Journal of Asian 

Economics, 103. https://doi.org/10.1016/j.asieco.2026.102131 

Sun, Y., & Gong, Q. (2026). Digital economy empowering low-carbon collaborative governance and ecological 

restoration in forestry. Journal of Forestry Research, 37(1). https://doi.org/10.1007/s11676-026-01986-4 

Pawde, S. V., Kaewprachu, P., Kingwascharapong, P., Sai-Ut, S., Zhang, W., Jung, Y. H., & Rawdkuen, S. (2026). 

Addressing postharvest losses in mango: Current challenges and role of packaging-based solutions. Future 

Foods, 13. https://doi.org/10.1016/j.fufo.2025.100896 

  

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 24 March 2026 doi:10.20944/preprints202603.1935.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202603.1935.v1
http://creativecommons.org/licenses/by/4.0/


 20 of 20 

 

Duong, Q. H., Arranz, C. F. A., Xu, M., Zhou, L., & Sun, W. (2026). Towards Web3- and metaverse-enabled 

decentralisation of electric vehicle battery closed-loop supply chains: Insights from advanced text mining 

techniques. Transportation Research Part E: Logistics and Transportation Review, 206. 

https://doi.org/10.1016/j.tre.2025.104583 

Fernando, W. M., Ratnayake, R. M. C., Thibbotuwawa, A., & Perera, H. N. (2026). Supply chain inefficiencies 

undermining smallholder farmer sustainability: Insights from a developing economy. Sustainable Futures, 

11. https://doi.org/10.1016/j.sftr.2025.101638 

Yang, Y., & Zhang, X. (2026). Co-creating value and building resilience: A digital era framework for competitive 

advantage in electronics retailing. Scientific Reports, 16(1). https://doi.org/10.1038/s41598-025-32423-x 

Wu, J.-H., Hsia, T.-L., Huo, J.-Z., Robinson, S., & Wei, K.-K. (2026). Effects of information technology platforms 

and governance on relational value creation in digital supply chains. Information and Management, 63(2). 

https://doi.org/10.1016/j.im.2025.104292 

Zhao, G., & Wang, H. (2026). Research on supply chain performance evaluation of geographical indication 

agricultural products: A case study of tea categories. Sustainability (Switzerland, 18(3). 

https://doi.org/10.3390/su18031617 

Zhang, Z.-Q., Chen, S., Tang, B.-J., & Zhang, Y. (2026). Do customer climate risk perceptions promote green 

innovation along the supply chain? Journal of Cleaner Production, 547. 

https://doi.org/10.1016/j.jclepro.2026.147751 

Shin, S.-J., Kim, S.-E., Kwon, M.-J., Kang, Y.-S., & Eom, J.-H. (2026). Digitalization and automation for supply 

chain resilience using asset administration shell. Computers and Industrial Engineering, 212. 

https://doi.org/10.1016/j.cie.2025.111718 

Khan, S., Zhang, J. X., Ballesteros-Pérez, P., & Skitmore, M. (2026). Unlocking latent value: The twin-transition 

of innovation and technology in activating sustainable supply chains for environmental performance. 

Journal of Cleaner Production, 543. https://doi.org/10.1016/j.jclepro.2026.147645 

Chang, C.-C., Chang, T.-C., & Chang, C.-L. (2026). Trade and containment policies during COVID-19: 

Disaggregated evidence for adaptive public health governance. Journal of Infection and Public Health, 

19(3). https://doi.org/10.1016/j.jiph.2026.103130 

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those 
of the individual author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) 
disclaim responsibility for any injury to people or property resulting from any ideas, methods, instructions or 
products referred to in the content. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 24 March 2026 doi:10.20944/preprints202603.1935.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202603.1935.v1
http://creativecommons.org/licenses/by/4.0/

