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1. Introduction to AI-Driven Decision Support Systems

The emergence of disruptive technologies has propelled several recently-industrialized
regions towards a new era of smart manufacturing growth in order to collaboratively keep up
with industry rivals. Despite U.S. dominance in advanced manufacturing, systems-centric
approaches remain poorly examined given rapid changes in the manufacturing landscape; an
issue dramatically magnified across localities lacking advanced human, capital, and fiscal
systems. Manufacturing Decision Support Systems (MDSSs), building on factory data-
integrating management practices widely implemented across discrete sectors, enhance
transparency around capabilities used to generate product-level economic impact [1]. Such
systems further model investment hypotheses surrounding enduring human capital, broader
investments, and better technology. Preliminary implementation in small- and mid-sized
discrete manufacturers across Indiana resulted in a framework of manufacturing economics
surrounding productivity and unit cost [2] ; an initial step towards addressing urgent
questions. Such modeling can also empower localities through identification of operations
lacking basic practices to model their impact on economic growth. The research articulates
pressing issues, data-centric methodologies able to confront them, and an optimistic
perspective on the ability of MDSSs to permit U.S. producers to effectively navigate the wave
of industrial challenges posed by global rivals equipped with newer, better systems.
Enhanced understanding of manufacturing investment dynamics will further enable
proactive, enabling approaches to building productive capacity amongst legacy systems on

slower trajectories regarding technological adaptability /uptake.
2. Overview of U.S. Manufacturing Operations

Manufacturing operations in the United States comprise a diverse and complex landscape,

characterized by a myriad of industries, products, and processes. As of recent years, the U.S.
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manufacturing sector has been reported to employ approximately 12 million workers,
accounting for about 8% of total employment in the country [3]. The scale and scope of the
manufacturing sector can be captured by the fact that it consists of 295 industries as
categorized by the 2-digit North American Industry Classification System (NAICS), and is
estimated to generate annual revenue of $5.5 trillion dollars, accounting for approximately
23% of nominal GDP. These industries are further grouped into four categories by the Federal
Reserve (Fed) to reflect their output profile: durable goods industries, nondurable goods
industries, semiconductors and electronic components, and miscellaneous manufacturing

industries.

The manufacturing production of the U.S. economy is not only partitioned into many
industries with diverse products but also conducted at numerous unique physical locations,
which will be referred to as manufacturing plants or factories in the ensuing discussion.
Generally, a multi-site, multi-product, multi-process, and multi-level hierarchy structure is
adopted to design the manufacturing network of each plant [2]. For instance, Ford Motor
Company, with its headquarters located in Michigan, operates 90 manufacturing plants across
the country as well as abroad, producing a diverse family of products, such as gasoline cars,
electric cars, pick-up trucks, and sport utility vehicles. Each manufacturing plant is a complex
network of interconnected production equipment and operates many production lines or cells

producing various parts of the products.
3. Challenges in U.S. Manufacturing Operations

The performance and competitive position of U.S. manufacturing operations overlook its
diverse chemical, material, or mechanical processing efforts. There are performance-
dependent killing or mitigating bottlenecks, such as metal chips on a shop floor, that generate
manufacturing wastes. Low waste or scrap generation cannot solely be achieved through the
optimality of equipment utilization or energy consumption owing to an imperfect
manufacturing sequence determined by a set of historical operating conditions. Efforts
towards U.S. energy efficiency enhancement and greenhouse gas emission reduction have
engendered performance-dependent bottlenecks including the enhanced energy or electricity
consumption of some manufacturing operations. As a consequence, observations of complex

energy or greenhouse gas utilizations in the U.S. manufacturing industry illustrate its need
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for optimization of operational decision-rules so as to ensure energy efficiency, processing

competitiveness, and industrial sustainability [2].

Bottlenecks related to III-V Compound Semiconductor Manufacturing Efforts in the U.S.
resulted from undesirable fabrication, assembly, and inspection performance and decision-
rules. The recovery effort to unsatisfied processing requests on a shop floor generally requires
modification on the already scheduled or on-going sequencing plan and intention, such as the
change of allocation decisions on systems and lots, which highlights the diversity of
performance-dependent bottlenecks. Attributed to a more diversified and entangled
performance-dependent bottleneck, the desire for multiple goals necessitates the adjustment
of multiple decision-rules. As a result, a computationally simple and manageable Off-Line
Learning Optimization Framework employing Hierarchical and Auxiliary Neural Networks
captures the characteristics of each type of equipment and processing on-line manufacturers
[4]. With awareness of the current performance status, the Off-Line Learning Optimization
Framework realizes an off-line optimization of operational decision-rules in a manufacturing

system so as to ensure the satisfaction of desired performance goals.
4. The Need for Optimization in Manufacturing Operations

As the manufacturing sector becomes increasingly competitive, there exists an imperative for
optimizing manufacturing operations. In this context, optimization is taken to mean the need
to enhance efficiency, productivity, and resource utilization, among other aspects.
Manufacturing processes exist across various industries, including pharmaceuticals, food and
beverage, metals and mining, electronics, and textiles, among others. There coexist many
types of manufacturing processes, ranging from batch operations to continuous production
processes. In view of the complexity and heterogeneity of such processes, there can be
numerous conditions and indicators under which optimization can be investigated [5]. This
study justifies the need to optimize the operation of a specific class of manufacturing processes
— discrete parts manufacturing processes. Additionally, it presents an overview of how this
can be achieved. A set of characteristics is defined that characterize the desired level of

optimization in manufacturing processes.

Artificial intelligence (Al), and more specifically Al-driven decision support systems, are
presented as a means to tackle the problem of process optimization in U.S. manufacturing

operations. The basic principles of how the available Al techniques can address the

Australian Journal of Machine Learning Research & Applications
Volume 4 Issue 2
Semi Annual Edition | July - Dec, 2024
This work is licensed under CC BY-NC-SA 4.0.



https://sydneyacademics.com/
https://sydneyacademics.com/index.php/ajmlra

Australian Journal of Machine Learning Research & Applications
By Sydney Academics 189

aforementioned optimization characteristics are described with the aid of a framework that
classifies such techniques into five groups [2]. Furthermore, a subset of techniques, which
appears to be most suitable for U.S. manufacturing operations, is highlighted. Specific
problems and several implementation challenges that need to be overcome to harness Al-

driven decision support systems for manufacturing operations are discussed.
5. Fundamentals of Decision Support Systems

These Decision Support Systems are the information application programs that analyze data
and present it in a way that makes it easier to make acumen decisions dependent on the
prevailing circumstance. A decision support systems (DSS) are a class of information that has
been computerized that mainly supports business and some of the organizational activities
[6]. A well designed DSS should be able to help the people or an organization to compile
information from documentations or even raw data and use the information to come up with

decisions that will later help to solve the problems within the organization or firm.

With that efficiently, DSS help the organizations or the individuals to quickly solve the
problems that they may be having in their firms by using the past data or raw data. This may
also help the organizations to effectively adapt and implement the decision support system.
The current work proposes a reference framework to foster alignment between business
processes and DSS, which consist of business process monitoring and DSS design and analysis

phases [1].
6. Integration of Al in Decision Support Systems

As manufacturing enterprises adopt increasingly automated production systems, there is a
growing reliance on data to support decisions at local and global control levels. To effectively
utilize the data available, it is crucial to devise decision support systems (DSS) that make
intelligent recommendations based on insightful analyses of the data [7]. The concept of DSS
is fairly conventional, where sophisticated and intelligent possibilities for data analyses have
been somewhat reserved for the executive level. As a solution approach, the infusion of
artificial intelligence (Al) as computational intelligence into the DSS framework is proposed.
The aim is to make decision recommendations rather than just supporting decision making,
thus enhancing local operations management at different hierarchical levels. These Al-driven

DSS have conventionally been referred to as management support systems (MSS). The
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evolution of such Al-driven DSS is described in three stages: conventional DSS, present Al-

driven DSS, and future functional DSS and MSS.

Conventional DSS focus on reporting data, handling simple queries, and providing basic
interactive analyses based on statistical methods, optimization techniques, and simulation
models. Requests for decision support typically come in the form of what-if questions related
to pre-defined formulas and models. Present Al-driven DSS go beyond these conventions.
They explicitly integrate domain knowledge with the data (e.g., forecasts, production plans)
and understanding of the basic operational objectives (e.g., optimal throughput, efficiency) in
data-intensive technologies for analyses based on sophisticated and intricate mathematical
models [8]. Al is applied in scripting the technology, automation and reactivity of which
enable it to support even process-related decisions on an ad hoc basis at a local shop floor
level. So far, efforts have been made to provide a generic framework of Al-driven DSS for
supervisory management at the national level and control of line-wide production in large

plants at the local level.
7. Applications of AI-Driven Decision Support Systems in Manufacturing

Within the manufacturing landscape, a variety of specific applications and use cases of Al-
driven decision support systems can be identified. Primarily, these Al technologies are used
to enhance decision support regarding the storage and internal transportation of materials,
which is a sizable portion of total manufacturing costs [7]. While this particular decision-
making process can appear straightforward, its complexity increases significantly in practice
because it has to be adjusted to many constantly varying conditions, necessitating regular

reevaluation and adjustment.

A similar range of variations and complexities appears in decisions regarding the selection of
process technologies, which is another sizable portion of potentially beneficial support for Al
technologies [1]. Additionally, there are multiple choices of Al technologies for the selection
of safety stock levels, given parameters like desired service levels, variance of demand,
product lifecycles, and supply chain uncertainty. Also, Al technologies can contribute to the
support of market-entry decisions, where the extent of social, administrative, and
geographical distances in question generates significant complexity in the evaluation of many

key parameters.
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8. Case Studies and Examples

The manufacturing sector is a crucial part of the U.S. economy, consisting of over 300,000
manufacturing companies in the United States. In 2022, the manufacturing sector contributed
$2.4 trillion to the U.S. economy, or 15.4 percent of the U.S. gross domestic product (GDP). A
few examples of U.S. manufacturing industries include food manufacturing, chemical
manufacturing, computer and electronic product manufacturing, machinery manufacturing,
and transportation equipment manufacturing. Most manufacturing companies in the United
States are small to medium size businesses, with 73.5 percent of manufacturers having fewer
than 20 employees. Small manufacturers contributed approximately 24.8 percent of the total

value-added manufacturing output in the U.S. in 2021.

Despite the advantages of Al technologies, small manufacturers still face challenges adopting
these technologies. Some technologies developed to satisfy the Al application requirements
of larger manufacturers may be too expensive for and difficult to use by small manufacturers.
This work proposes a cost-effective Al-assisted machine supervision solution named the
ASAP solution. ASAP provides small and medium-sized manufacturers with an Al-assisted
machine supervision system that consists of two subsystems: a direct machine monitoring
(DMM) subsystem and a human-machine interaction monitoring (HIM) subsystem. In a case
study with a small manufacturer, a 66.2 percent reduction in machine downtime was achieved
within four months using the AIMS system. The DMM and HIM subsystems empower small
and medium-sized manufacturers with actionable intelligence to minimize their costs and

enhance production efficiency [2].

9. Benefits and Impacts of AIl-Driven Decision Support Systems in U.S. Manufacturing

Operations

The United States is the world's leading manufacturer of manufactured goods as of 2021, with
the largest manufacturing output. However, many U.S. manufacturers face declining global
market share due to rising offshore competition. Production costs are escalating, especially
energy costs, making operations less competitive. Moreover, shortage of skilled workers and
big data from smart factory deployment challenges operations. As intended by industry 4.0,
it's essential to New Digital Economy and U.S. Manufacturing Resurgence Initiative 2025 to

add Al-driven DSS to traditional static DSS.
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In summary, Al-driven DSS via Al technologies can maintain the U.S. manufacturing
industry’s globally leading status [2]. Various Al-driven DSS applications via product,
process, and plant level are concretely illustrated to proactively address many challenges. It's
desirable to stimulate more research interest and efforts to tap Al technologies for sustaining,
upgrading, expanding, and optimizing traditional DSS in a more efficient and advanced way
across various domains and applications. It's also necessary to address Al security and

interpretability risks to improve trust and guarantee Al safety applications [4].
10. Future Trends and Innovations in Al for Manufacturing Operations

As global manufacturing competition intensifies, Artificial Intelligence (AI) driven research
and development on next generation industrial Artificial Intelligence (AI) technologies is
becoming critical for strengthening U.S. manufacturing vitality and economic security [4]. A
multi-dimensional roadmap is proposed to consider the role of Al driven decision support
systems (DSS) in optimizing U.S. manufacturing operations spanning information gathering,
data fusion and analytics, knowledge generation and optimization, and decision support and
visualization. The roadmap identifies needs and goals, current states and barriers, and R&D
actions and initiatives by considering the perspectives of manufacturing systems,
technologies, and industries. It emphasizes several innovations and enhancements of Al
driven DSS technologies for the manufacturing industry. Next generation DSS technologies
can achieve adaptive knowledge generation and optimization over smart manufacturing
networks and accelerate the frontiers of DSS service provisioning beyond corporate intranets
to be visioned as a next generation manufacturing infrastructure within the broader

autonomous world.

The execution of sustainment, level of repair analysis and stock and distribution operations,
simulation developments now include Al techniques such as Machine Learning (ML) based
clustering and predictive modeling [2]. Future trajectories and innovations of Al driven DSS
technologies in optimizing manufacturing operations are envisioned. Large artificial neural
networks consisting of billions of non-linear equations have shown a remarkable competency
of overarching human road maps. Therefore the manufacturing community has started to
follow suit investigating the im/potential impacts of this emerging technology on the
manufacturing domain systems, including their design, operation, and control. Large

generative models pre-trained on wide manufacturing knowledge, expert datasets and
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information and further fine-tuned by each manufacturing application context are envisioned
to become a modeling framework to address manufacturing challenges in next generation

science and capability.
11. Ethical and Regulatory Considerations in AI-Driven Decision Support Systems

The deployment of Al-driven decision support systems in manufacturing operations brings
forth a range of ethical and regulatory considerations. As these systems increasingly influence
critical decisions related to productivity improvements, quality control, and resource
allocation, it is essential to address the ethical implications of Al utilization. Several prominent
ethical dimensions must be considered, including fairness, privacy, transparency,
accountability, security, and system reliability [9]. Manufacturers and researchers developing
such systems must design safeguards to avoid exacerbating biases in production data,
employing fair labeling, and inclusive sampling techniques to ensure equitable insights across

all production parameters.

Additionally, the integration of data, including employee data, across multiple operational
units raises privacy concerns. Manufacturers must maintain strict access controls and
safeguards to protect privacy and confidentiality while harnessing potential data insights.
Moreover, enhanced algorithmic complexity challenges the transparency of Al-decision-
making processes, necessitating efforts to design interpretable algorithms capable of justifying
decisions based on the input parameters considered. Responsibility for adverse outcomes
resulting from algorithmic behavior also becomes a complex issue of accountability,
demanding consideration at multiple levels within a manufacturing enterprise, including
individual engineers, operational units, and potentially even algorithm developers and
vendors. Furthermore, the extensive utilization of Al algorithms introduces concerns about
security and resistance to adversarial attacks and manipulation, which manufacturers must
safeguard against. System reliability must ensure robustness in algorithmic performance

under varying input conditions to avoid producing misleading or erroneous decisions [4].

Regulatory considerations emerge from the ethical implications of Al utilization, particularly
in addressing potential ethical risks and clarifying liability in cases of adverse outcomes.
Several regulatory frameworks are currently under consideration or in development, which
manufacturers must comply with to ensure responsible and ethical Al utilization. Proposed

European legislative action offering a risk-based approach to regulating Al applications is
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currently being discussed (i.e., EU Al Act), and similar initiatives are being undertaken at the

national levels in the UK and the USA.
12. Comparison of Traditional Decision Support Systems with AI-Driven Systems

Al-driven decision support systems distinguish themselves from traditional counterparts in
various aspects. Traditional systems operate on a rules-based logic dictated by analysts and
must be regularly updated to account for changes in data distribution or business rules [8]. To
compensate for this lack of adaptability, non-Al systems can resort to advisory systems or
recommendations based on the utmost solution according to key performance indicators
(KPIs). Nevertheless, such systems depend heavily on experts who need to be active and up-
to-date with the latest recommendations, a task that becomes increasingly complicated over

time.

On the other hand, Al-infused decision support systems autonomously learn the rules of
decision-making from historical data. As a result, they possess a distinctive value proposition
compared to non-Al systems that has to be examined individually with respect to specific
industry or firm characteristics. However, this self-learning capability represents the most
significant difference. AI models do not ensure the most optimal solution is proposed but
instead compute recommendations according to the most likely firings of decision rules,
encompassing all the limitations of the models [1]. This emphasizes the importance of
inclusive proactive modeling strategies, incorporating both human and artificial intelligence
decision alternatives. Such Al-augmented systems mitigate the risks corporate decision-
making could face regarding the absence of appropriate or timely historical solutions.
Nonetheless, given the challenges of comprehensible Al in business-processing situations, the
mere implementation of artificial intelligence models cannot be urged as enough to improve
decision quality. To satisfy transparency and explanatory requirements, there is a need for

parsimonious and understandable representations of artificial decision-making systems.
13. Key Technologies and Algorithms Used in AI-Driven Decision Support Systems

The transformative impact of Al-driven decision support systems in optimizing U.S.
manufacturing operations hinges on key technologies and algorithms. Unraveling the
technical dimensions of these Al-driven decision support systems, this section details the

computational frameworks and systems that support their Al capabilities. Constituting the
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foundational technology components are the following primary elements and mechanisms: 1)
data collection, data preprocessing, and vulnerability identification, 2) vulnerability
consequence evaluation and risk profiling, 3) Al-driven vulnerability mitigation
recommendations, 4) decentralized system architecture, 5) cloud-enabled system architecture,

and 6) interactive UI dashboards.

The foundational technology components are supported by the following core algorithms and
models: 1) circular supply chain network model (based on mathematical optimization
technique), 2) fuzzy fault tree analysis model (based on probabilistic model), 3) fuzzy
association rule mining (based on data mining technique), 4) fuzzy cognitive map (based on
knowledge-based technique), 5) anti-fraud findings ranking model (based on statistical
technique), and 6) multi-agent based system (based on network architecture design). The
computational sub-systems are coupled with the above-mentioned foundational technology
components and core models to form integrated systems. Computation sub-systems include
data preprocessing sub-system, decision support system, cloud-based simulation service,
front-end user interactive dynamic dashboard, and Al-driven separation and mitigation

systems [1].
14. Data Collection and Preprocessing in Manufacturing Operations

Data collection and preprocessing are crucial aspects of manufacturing operations, often
overlooked or implemented poorly. Simple and accurate data-driven processes enhance
performance and help avoid automate downstream analysis. Inseparable from Al, data-
driven processes are at the core of many ongoing or planned automation initiatives. The data,
however, comes from humans and machines in different formats, structures, and precisions.
Data handling, mining, killing data, and summarizing (via KPIs calculation) is needed and

relevant to modeling and AI [10].

Optimizing manufacturing operations is a challenging and paramount task for many
companies. Adopting automation and digitalization of operations addresses the information
flow throughout the organization. In this context, Al-driven decision support systems (DSS)
offer solutions for automated suggestions and supports for short-term decisions in
manufacturing operations. Al-driven DSS requires large, trustworthy data and modeling.
Hence, data-driven work is considered necessary for organizations aiming for Al-based

support. At the same time, the data, humans, and processes are needed for continuous
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improvement processes involving quality, lead time, efficiency, and resource consumption.
Many industries are reconsidering their automation of operations and emerging new
responsibilities related to the increased involvement of data, models, calculations, and Al

methods in manufacturing operations.
15. Modeling and Simulation Techniques for Decision Support Systems

Modeling and simulation techniques are widely used in decision support systems for a variety
of applications. Manufacturing operations, with their complexity and importance for the
economy, have been extensively applied. Advanced modeling frameworks to support
decisions have been in demand. Examples include Workflow Management and Workflow
Management Systems for coordinating production within shared resources in an ordered
way, Meta-Modeling for effectively working with large and complex models, and Agent-
Based Modeling for making larger models more manageable. In addition to the utilization of
these advanced modeling frameworks, there has also been a demand for new ways of entering
decisions [1] [11]. Modeling and simulation can support two very different areas of decision

making processes.

On one hand, models can be established to support the actual decision making. These models
can highlight bottlenecks, quantify effects of possible decisions, evaluate the consequences
associated with them, rank possibilities, or provide direct decision support. Consequently, the
models can enhance the decision making itself, and thereby enhance either insightful,
qualitative, or possibly quantitative knowledge about the situation. It would then be possible
to base decisions on knowledge and understanding rather than on gut feeling, which is the
case in a lot of situations. On the other hand, modeling and simulation techniques can enhance
and support the decision making process. It is then not the models themselves that support,
but the accompanying modeling environments. These environments can facilitate the
communication between involved actors, help coordinating and structuring the decision

making process, and thereby enhance the quality of the deliberation and discussion.
16. Evaluation and Performance Metrics for AI-Driven Systems in Manufacturing

In domain of smart manufacturing, Artificial Intelligence (Al) and Internet of Things (IoT)
technologies are rapidly being adopted and developed. Market research firms have predicted

various penetrating rates for Al and IoT technologies in smart manufacturing. Al technologies
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are predicted to help in achieving a productivity increase in the manufacturing industry
growth rate of 30% globally and thus creating around 38.7 million jobs [2]. Some of the Al
technologies that are predicted to become prevalent in the manufacturing industry within the
next two decades include demand forecasting models, predictive maintenance models, and
deep learning Computer Vision (CV) defect detection. The implementations of up-to-date Al
technologies in the smart manufacturing industry implementation will require a drastic
change in the demands for computational hardware and workforce skills. "Explainable AI" is
expected to ease the understanding of results from the Al and provide trust in the blueprints
of the used Al models. Implementing Al technologies in black-box modes would require Al-
specific and complex infrastructure systems utilized to automatically monitor and redistribute

the workload arising from the harsh document and compute requirements of the AI models.

In order to evaluate the impact of individual Al technologies, there is a need to clarify the
main customer benefits that are addressed by the used Al system [12]. These customer benefits
are various customer costs either avoided or changed to different areas from manufacturing
to finance. To generalize company-specific figures, there is a need for macro profitability
impact calculation ($/year) by tackling many customer cost classes and so mitigating the
detrimental impact of the inherent database peculiarities on economic ramifications. It
remains a matter of further research to constitute an Al Toolbox for Al engineers to track the
fulfillment of customer benefits, and to consider any additional circumstance not covered by
the Toolbox. Native data/definition-based errors or model assumption flaws would not be

picked up by the Toolbox.
17. Implementation Strategies and Best Practices

Integration of Al-driven decision support systems into manufacturing operations requires
strategic planning and careful consideration of several factors. Prior to implementation, it is
crucial to conduct a comprehensive assessment of the existing manufacturing processes,
technology infrastructure, and operational challenges. This analysis will inform the selection
of appropriate Al technologies, as well as the identification of key performance indicators
(KPIs) for optimization efforts. It is essential to ensure data availability, integrity, and quality,

as these are the foundation for Al-driven solutions.

Given the complexity and multidisciplinary nature of Al deployment, it is advisable to engage

with external Al technology vendors or consultants who have prior experience and domain
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expertise in manufacturing. Establishing a collaborative working relationship with
technology partners can bridge knowledge gaps and facilitate effective design and
deployment of Al systems [2]. An integrated approach to implementation is recommended,
where solutions are developed holistically across interrelated areas of optimization, such as
process monitoring, scheduling, and maintenance. This ensures that interdependencies are
considered, enabling Multiple Integrated Problem Solving. Successful implementation of Al-
driven decision support systems in manufacturing also requires appropriate change

management processes to promote workforce engagement and skill training programs.

Following the deployment of Al systems, continuous evaluation and performance auditing
should be undertaken with five major objectives. Regular monitoring of the Al systems is
crucial to identify malfunctions or declining performance, which can be addressed by
adjusting system parameters or refining underlying Al algorithms. Documented performance
data can be compared with the predefined KPIs to determine the improvement made by
integrated Al technologies. Periodic audits of the sophisticated Al algorithms will assess
potential drifts in their operation away from initial development objectives, ensuring
alignment with spatial and operational conditions. The audit process should also identify
opportunities for system improvement and continuous retraining, adjusting to evolving
conditions. Finally, a pathway for the development of follow-up and novel Al systems should

be established [3].
18. Training and Skill Development for AI-Driven Decision Support Systems

There have been tremendous advances in artificial intelligence (Al) applications within the
last decade, spurred by transformative productivity growth in North America, Europe, and
Asia [4]. This progress has been enabled by major advances in related technologies such as
sensor systems, advanced communications and Internet of Things capabilities, cloud
computing, edge computing, hardware development for Al applications, machine learning
algorithms, artificial neural networks, and natural language processing systems. However,
there have been very limited Al applications in manufacturing activities, even in adjacent
sectors that are in closer proximity to Al technologies amid the growing attention to Al’s

promises for the economies and societies as a whole.

Thus far, Al technologies have been largely applied to manufacturing non-assembly processes

such as additive, casting, compressing, deforming, die, machining, and polymerization
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processes, where 83% of these applications are in machining and casting processes and these
could be categorized as preceded technologies focused on products, machines, and processes
[2]. While the AI applications in manufacturing development design, planning, scheduling,
process monitoring, fault detection, and quality control activities are more recent and
represent process technologies addressing MEW, they still only captured 3-4% of the
manufacturing sector, which offers significant growth potential. However, there remains a
severe lack of human capital capable of supporting the development and implementations of
Al applications in manufacturing since many existing manufacturing workforces are ill-
equipped to adjust to the required changes even disregarding the recently raised larger

obstacles for the future growth of Al applications in manufacturing in the U.S.

19. Collaboration and Partnerships in Implementing AI Solutions in Manufacturing

Operations

[2]. Three collaborative paradigms are proposed based on different views of adding value
through cooperation: a production optimization-oriented paradigm, an asset aggregation-
oriented paradigm, and a technology supplement-oriented paradigm. Then, six distinctive
partnership models are examined based on the interactive roles in cooperation and the
partnership nature: collaborative research, partnership for co-innovation, strategic alliance for
shared technology, industry playing field, standardization consortium and multisector
partnership, and ecosystem enabling stakeholder interaction. These partnership models can
be implemented in multiple ways, with manufacturers and stakeholders forming partnerships
according to their preferences for paradigm choices, challenges, and expected outcomes of

cooperation [4].
20. Case-Based Learning and Transfer of Knowledge in Manufacturing Settings

Manufacturing quality management relies on diverse knowledge sources, including expert
insight and sophisticated information technology, to identify and analyze nonconforming
events. Case-Based Learning (CBL) to foster the transfer of Quality Control (QC) knowledge
is examined in this article in the context of Al-Driven Decision Support Systems (DS), a new
intelligent QC strategy in manufacturing. High-level application scenarios, incorporating an
empirical case study from a Swedish vehicle manufacturing plant, illustrate how CBL
frameworks transform QC knowledge from human experts and AI-DS. The challenges and

constraints in initiating the transfer of CBL in the two scenarios are analyzed. Knowledge
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sharing is essential for social learning processes to occur within production teams [13]. A
comparison of a recent CBL framework for knowledge transfer in hydraulic engineering
settings with the present CBL in manufacturing is provided to identify the unique aspects of

CBL in manufacturing.

“Al-Driven Decision Support Systems” refers to intelligent systems that support the execution
of various decision-making tasks in quality control activities in manufacturing. Knowledge
transfer is argued to provide the basis for transferring experience and knowledge gained in
one situation, which can be useful in a similar situation. Experiential learning in the context
of knowledge sourcing and sharing is examined and brought forward as foundational to CBL
in quality assurance engagement involving AI-DS. CBL learning arrangements, scenario
characteristics, and modes of dialogue are shown to address the distinctive features in

manufacturing settings, particularly in relation to nonconforming events [14].
21. Conclusion and Future Directions

This essay examines the role of Al-driven decision support systems in optimizing
manufacturing operations across the U.S., with a particular focus on the integration of these
systems within the automobile and truck manufacturing industries. Constraints such as
scheduling rules, quality considerations, reliability measures and regulations, and resource
limitations are surveyed in the context of operational control problems, with an emphasis on
how Al technologies can alleviate, ameliorate or otherwise address these challenges. In
addition to discussing constraints, the role of Al technologies from a widely-held classification
within operations research - optimization, simulation, and control - is adopted, with the Al
technologies classified accordingly. Finally, future research and development directions for
the role of Al technologies in U.S. manufacturing are presented and discussed, including calls
for the development of common architectures for Al-driven decision support systems, new
classes of optimization technologies, simulation reproducibility standards, collaboration with
industry partners, and the need for an ethical framework to guide Al technologies within

manufacturing applications.

The key insights and contributions of this essay were summarized as a platform using Al-
driven decision support systems to optimize manufacturing operations across the U.S., and
constraints, implications and future directions were discussed in detail. It was hoped that,

while expansive and ambitious in scope, the directions outlined will lay a foundation for
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continued work over the years to come. Further, it was hoped that this essay may serve as a
catalyst for continued dialogue, research, implementation, and the adoption of Al-driven

decision support systems within manufacturing.
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