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Abstract. Thisstudy aimsto enhance decision-making processes in dynamic organizational
environments by integrating Artificial Intelligence (Al) techniques. It explores Al'spotentialto
improve efficiency, accuracy, and predictability while addressing t he ethical concems biases and
risks of over-reliance that accompany its implementation. We introduce a novel, domain-
independent iterative methodology that leverages data mining classificationtechniquestoanalyze
large datasets from information systems. This approach identifies specific situationswhere
existing decision-makingstrategies yield suboptimal results and uses these insights to refineand
improve the strategiesemployed. The methodology has proven effective inaugmentingfeedoack
control strategies by employingan inductive machine learningalgorithm to uncover areas for
enhancement. Our results indicate that initial strategies can be upgraded to achieve comparable
levels of cost efficiency, even when accounting for the costs associated with evaluatingpotential
strategies. This study recognizes limitations related to the variability of expert opinionsin
scenarios characterized by numerous components, which may constrain theoptimizationscopeof
the learning system. Future research should consider the application of advanced optimization
techniques, such as genetic algorithms, to better establish optimal conditions for improvement.
The findings suggest that this methodology can be readily applied within simulationframeworks,
allowingorganizationsto assess changes in control strategies effectively. Thisfacilitatesinformed
resource allocation andimproves operational efficiencies across diverse settings Astheadoption
of Al in decision-making processes increases, attention to ethical considerationsbecomescrucial.
Our methodology promotes transparency and addresses potential biases, fosteringresponsible Al
use that mitigates negative societal impacts.

Received: ???? ; Revised: ??7??; Accepted: ??7?.

Keywords: Data Mining; Classification; Decision Making; Technique; Improve; Processes.
AMS Subject Classification: 90B50

1. Introduction

In the contemporary era of data abundance and technological advancements, the
integration of artificial intelligence (Al) techniques into decision theory models has
emerged as a critical strategy for enhancing decision-making processes across various
industries. Decision-making plays a pivotal role in organizational success, influencing
strategic directions, resource allocations, and competitive positioning. Traditional decision
theory frameworks, while valuable, are often limited in their ability to effectively analyze
large and complex datasets, leading to suboptimal decision outcomes in dynamic and
uncertain environments.

The fusion of Al technologies with decision theory holds immense potential to
revolutionize decision-making practices by empowering decision-makers with advanced
analytical tools, predictive capabilities, and real-time insights. By leveraging Al algorithms
such as machine learning, neural networks, and optimization techniques, organizations can
extract valuable patterns and trends from vast amounts of data, enabling more informed
and data-driven decision-making processes.

Numerous studies have highlighted the transformative impact of Al on decision theory
and its applications across diverse domains. The work of Johnson et al. [30] showcased the
benefits of neural networks in optimizing supply chain decision-making processes, leading
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to improved operational efficiency and cost savings.

This study builds upon the existing body of literature by presenting a comprehensive
exploration of developing decision theory models based on Al techniques, with a focus on
improving decision-making processes in complex and dynamic environments. Through a
systematic review of decision theory frameworks, Al applications, and empirical analyses,
this research aims to provide a roadmap for organizations to leverage Al-driven decision
models to navigate uncertainty, mitigate risks, and capitalize on opportunities in a data-
driven world.

By bridging the gap between traditional decision theory and Al technologies, this study
seeks to contribute to the evolving landscape of decision science and empower
organizations to embrace Al as a strategic enabler for enhanced decision-making
capabilities. The insights and recommendations derived from this research are intended to
guide decision-makers, researchers, and practitioners in adopting Al-driven decision
theory models to drive organizational performance and competitiveness in an increasingly
digital and dynamic business environment.

2. Background

The integration of artificial intelligence (Al) techniques into decision theory models has
been a topic of increasing interest and research in recent years, with numerous studies
highlighting the transformative impact of Al on decision-making processes. Yager, and
Zadeh [71] utilized the integration of fuzzy logic and neural networks in decision-
making and optimization processes. It discussed how combining these Al techniques can
improve the handling of uncertainty and complexity in decision theory models, leading to
more robust and efficient decision support systems. Jensen [29] explored the application
of Al technigues in financial decision-making processes, such as neural networks and
expert systems. Miller [47] examined the use of Al in medical decision-making models,
focusing on expert systems and their role in diagnosis and treatment planning. Richeson
et al. [58] focused on the application of neural networks in providing intelligent decision
support in business contexts. It discussed the use of neural networks to analyze complex
data and make accurate predictions, offering insights into how Al can enhance decision-
making in business settings. Langley et al. [36] utilized the intersection of machine
learning and decision-making processes. It discussed how Al algorithms can learn from
data and make informed decisions, highlighting the importance of integrating machine
learning techniques in decision theory models. Dutta [19] examined the theory and
practical implementation of artificial intelligence techniques in decision support systems.
It explored the challenges and opportunities of using Al in decision-making processes and
discusses the gap between theoretical concepts and real-world applications. Wong and
Selvi [70] offered a comprehensive survey of expert systems and artificial intelligence
techniques in decision support systems. It discusses the role of Al in enhancing decision-
making processes and the applications of expert systems in various domains. Tah and Carr
[64] investigated the integration of fuzzy logic in risk assessment models. The researchers
showcased how fuzzy logic can handle uncertainties in risk analysis, assign degrees of
membership to different risk factors, and aid in developing more accurate risk assessment
methodologies. Edwards et al. [20] examined the usage of expert systems in providing
strategic decision support to organizations. The study demonstrated how expert systems
can analyze complex data, generate insights, and assist decision-makers in making
informed and effective strategic choices. Fadlalla and Lin [21] explained the application
of neural networks in financial decision-making processes. The researchers investigated
how neural networks can be used to predict stock market trends, optimize investment
strategies, and improve risk management in the financial industry. Chawla et al. [10]
focused on the development of Al-powered risk assessment models for financial decision-
making. The researchers showcased how Al algorithms, such as neural networks and
decision trees, can analyze market data, evaluate risks, and support financial institutions



252 1IM?C & M. Amirfakhrian /[JM?C, xx -xx (201X) XXX-XXX.

in making more informed and reliable investment decisions. Chen [11] investigated the
integration of fuzzy logic and neural networks to improve business decision-making. The
authors propose a hybrid approach that combines the strengths of both Al techniques to
handle uncertainty and complexity in decision theory models. Kuo and Chen [35]
delved into the implementation of genetic algorithms to optimize supply chain decisions.
By leveraging genetic algorithms, the study demonstrated how supply chain managers can
efficiently solve complex optimization problems, such as inventory management,
production scheduling, and logistics planning. Davenport, and Harris [13] explored the
use of artificial intelligence in fraud detection. By analyzing different Al techniques, the
researchers aimed to enhance fraud detection capabilities in financial transactions,
demonstrating the effectiveness of Al in mitigating fraudulent activities. Yuangping et
al. [72] examined Al-driven marketing strategies for customer acquisition. By leveraging
Al technologies, the study aimed to optimize customer acquisition campaigns, enhance
targeting strategies, and improve conversion rates, showcasing the role of Al in marketing
effectiveness. Copeland and Proudfoot [12] provided a comprehensive literature review
of the application of Al techniques in decision support systems. The authors explored how
Al methods such as neural networks, fuzzy logic, and genetic algorithms have been used
to enhance decision-making processes. Sahay [60] investigated the application of
artificial intelligence for dynamic pricing strategies. By utilizing Al algorithms to analyze
market dynamics and consumer behavior, the researchers aimed to optimize pricing
decisions in real-time, showcasing the role of Al in pricing strategy development.
Lawrynowicz [37] focused on supply chain optimization using artificial intelligence
techniques. The researchers explored how Al methods could improve supply chain
efficiency, reduce costs, and enhance decision-making processes, showcasing the
potential of Al in optimizing supply chain operations. Mellit and Kalogirou [44]) provide
a comprehensive overview of the use of artificial intelligence (Al) techniques in the field
of photovoltaics. The authors highlight the importance of Al in optimizing the
performance, efficiency, and reliability of photovoltaic systems. Various Al techniques
such as artificial neural networks, genetic algorithms, fuzzy logic, and support vector
machines are discussed in the article. The authors also present a detailed analysis of the
applications of Al in photovoltaics, including solar forecasting, fault detection,
monitoring, and control of photovoltaic systems. Overall, the article emphasizes the
significant role of Al in advancing photovoltaic technology and improving its overall
performance.

The study conducted by Ho et al. [26] explored the engine performance parameters and
emission prediction of a hydrogen-powered car through the utilization of artificial
intelligence. The research delved into optimizing the performance of the engine by
analyzing various parameters. The use of hydrogen as a fuel source for vehicles is of
particular interest due to its potential as a clean and sustainable energy alternative.
Artificial intelligence techniques were implemented to predict emissions from the
hydrogen-powered car, aiding in understanding the environmental impact of such
vehicles. The findings of this study may contribute to the advancement of hydrogen fuel
technology and the development of more environmentally friendly transportation options.
Pedrycz et al. [55] provided an overview of computational intelligence technigques and
their applications in decision-making processes. Authors discussed various computational
intelligence methods such as neural networks, fuzzy logic, genetic algorithms, and expert
systems, and how they can be employed to support decision-making in complex and
uncertain environments. The authors may emphasize the role of computational
intelligence in enhancing decision-making by processing large datasets, identifying
patterns, and making predictions based on data-driven insights. The use of Al tools in
decision-making support systems is reviewed in the article. Various applications and
benefits of these tools are analyzed, highlighting their impact on enhancing decision-
making processes. Recommendations are provided for the effective integration of Al in
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support systems to improve organizational efficiency [56].

Photovoltaic systems play a crucial role in renewable energy utilization, and optimizing
the sizing of such systems is essential for maximizing their efficiency and performance.
Mellit et al. [45] provides a comprehensive overview of the application of artificial
intelligence techniques for sizing photovoltaic systems. The study explores various
artificial intelligence methods employed for accurately determining the appropriate size
and configuration of photovoltaic systems. By leveraging artificial intelligence,
researchers aim to enhance the design and implementation of photovoltaic systems,
ultimately fostering the adoption of solar energy as a sustainable power source. This
review offers valuable insights into the innovative approaches and advancements in
utilizing artificial intelligence for sizing photovoltaic systems.

Mellit et al. [46] focuses on the application of neural networks and genetic algorithms for
the optimization of sizing photovoltaic systems. Neural networks aid in modeling
complex relationships within the system, while genetic algorithms optimize the sizing
process by mimicking natural selection mechanisms. By integrating these artificial
intelligence methods, the researchers aim to enhance the efficiency and performance of
photovoltaic systems, thereby promoting the widespread adoption of solar energy
solutions. The findings of this study contribute to the ongoing efforts in advancing
renewable energy technologies and optimizing the design of photovoltaic systems.
Khanna [32] discussed the current landscape of Al applications in dentistry. They explore
how Al is being utilized for tasks such as dental image analysis, treatment planning, and
patient interaction in the dental industry. The authors may delve into the potential benefits
of Al in improving diagnostic accuracy, treatment outcomes, and overall patient care
within the dental field. Additionally, the article may touch upon the future prospects of
Al in dentistry, including personalized treatment recommendations, robot-assisted
surgeries, and disease prevention strategies. Ethical considerations around patient privacy,
data security, and algorithm transparency are likely highlighted as essential factors to
address in the integration of Al technologies in dental practices.

Tenorio et al. [66] utilized artificial intelligence techniques to create a decision-support
system for diagnosing celiac disease. The researchers likely explore the integration of Al
algorithms for analyzing patient data, symptoms, and diagnostic tests to assist healthcare
professionals in accurately identifying celiac disease in patients. The developed system
may leverage machine learning algorithms to improve diagnostic accuracy, optimize
treatment decisions, and enhance patient outcomes in the context of celiac disease
diagnosis. The study likely highlights the potential of Al in transforming the diagnostic
process for celiac disease, offering a more efficient and effective approach for healthcare
providers. Ethical considerations regarding patient data privacy, system transparency, and
the validation of Al models are crucial aspects that may be addressed in the article.
Summary:

Omoteso [51] explored the use of artificial intelligence (Al) in the field of auditing. The
study delved into the historical perspective and future potential of Al technologies in
improving auditing processes. Through a comprehensive analysis, the author highlighted
the benefits and challenges associated with implementing Al in auditing practices. The
article underscored the significance of embracing Al tools to enhance efficiency,
accuracy, and effectiveness in auditing procedures. Overall, Omoteso's research
underscored the growing importance of Al in revolutionizing the auditing industry and
emphasizes the need for further exploration and adoption of Al technologies in auditing
practices.

Wren [56] conducted a comprehensive review of artificial intelligence tools utilized in
decision-making support systems. The review may encompassed a range of Al techniques
such as machine learning, expert systems, neural networks, and natural language
processing, examining their applications and effectiveness in aiding decision-making
processes. The author potentially analyzed the benefits of Al tools in enhancing decision
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accuracy, increasing efficiency, and facilitating complex decision tasks across various
industries and domains. The scientific summary would likely highlighted the critical role
of Al tools in decision support systems and their potential to deliver valuable insights,
optimize decision outcomes, and drive intelligent decision-making practices in different
organizational settings.

In 2013 Bennett and Hauser introduced a novel method for simulating clinical decision-
making using Markov decision processes. This framework leveraged artificial intelligence
techniques to model complex medical scenarios and improve the quality of healthcare
delivery. By employing a Markov decision process approach, the researchers
demonstrated how Al can be used to make informed decisions in clinical settings. Guo
and Wong [25] explored the use of artificial intelligence in the context of apparel
management. The authors discussed key Al techniques and their applications in
optimizing decision-making processes within the apparel supply chain. By delving into
the fundamentals of Al techniques and their specific relevance to apparel management,
Guo and Wong offered a comprehensive overview of the opportunities and challenges
associated with integrating Al into the apparel supply chain. Dobrzanski et al. [17] delved
into the application of neural networks and artificial intelligence tools in enhancing
modeling, characterization, and forecasting activities within the field of material
engineering. the authors explored how neural networks are leveraged to analyze complex
material properties, predict material behavior, and optimize manufacturing processes and
discussed the benefits of using Al tools for data-driven decision-making, improving
material design, and enhancing performance evaluation in material engineering
applications.

Stalidis et al. [62] explored the utilization of artificial intelligence and knowledge
modeling techniques in the context of marketing decision-making for tourist destination
management. The study delved into how Al tools and knowledge-based systems are
applied to analyze consumer behavior, market trends, and tourism-related data to support
strategic decision-making processes in the tourism industry. The authors discussed the
integration of Al algorithms for personalized marketing strategies, customer
segmentation, and targeted promotional campaigns to enhance tourist destination
management practices. Trappey et al. [67] presented a comprehensive investigation
into the utilization of collective intelligence approaches for enhancing decision-making
processes in engineering. The study involved the development and application of models
that integrate insights from diverse stakeholders, experts, and sources to facilitate
innovative and informed engineering decision-making. The researchers discussed
methodologies for analyzing collective intelligence data, synthesizing multiple
perspectives, and deriving valuable insights to support complex engineering decisions.
The article underscored the importance of leveraging collective intelligence techniques to
harness the collective wisdom and expertise of groups in engineering domains, ultimately
leading to more effective and innovative decision-making outcomes. A novel approach
that incorporates artificial emotions into a decision-making system for the stock exchange
market introduced by Cabrera-Paniagua et al. [7]. The study involved the development of
a framework that integrates emotional intelligence principles and artificial intelligence
techniques to enhance decision-making processes in stock trading. The researchers
explored how artificial emotions are generated, represented, and utilized to analyze
market trends, predict stock prices, and optimize trading strategies. The article discussed
the impact of emotions on financial decision-making and the potential benefits of
incorporating artificial emotions in stock market analysis and trading algorithms.
Klashanov [34] in their research, investigated the application of artificial intelligence in
decision-making processes within the construction industry. The study focused on
leveraging Al technologies to enhance the efficiency, accuracy, and effectiveness of
organizing decisions in construction projects. The researcher explored how Al tools such
as machine learning algorithms, expert systems, and data analytics can be utilized to
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optimize resource allocation, scheduling, risk management, and other aspects of decision-
making in construction operations and discussed how Al contributes to improving
project planning, monitoring, and control, ultimately leading to enhanced productivity and
project outcomes in the construction sector. A novel application of artificial intelligence
(A1) in clinical decision support systems to reduce medical errors presented by Buzaev et
al. [6]. The authors developed a neural network model that integrates with
multidisciplinary healthcare teams to provide accurate and timely diagnoses. The Al
system was trained on a large dataset of medical records and was able to accurately
identify patterns and relationships between patient symptoms, diagnoses, and treatment
outcomes. The authors conducted a simulation study to evaluate the effectiveness of the
Al system in reducing medical errors. The results showed that the Al system significantly
improved diagnostic accuracy and reduced the likelihood of misdiagnosis compared to
human clinicians. The study also demonstrated that the Al system was able to identify
potential medical errors earlier than human clinicians, allowing for timely intervention
and prevention of adverse outcomes. The findings of this study highlight the potential
benefits of integrating Al into clinical decision support systems to improve patient
outcomes and reduce medical errors. The authors suggest that the use of Al in healthcare
may lead to more efficient and effective healthcare delivery, particularly in complex cases
where human clinicians may be less likely to make accurate diagnoses. The potential
application of artificial intelligence (Al) expert systems with neural network machine
learning to assist decision-making for extractions in orthodontic treatment planning
investigated by Takada [65]. The author proposed the development of an Al-based system
that integrates clinical knowledge and patient data to provide personalized
recommendations for extraction decisions. The author reviewed the current limitations of
traditional orthodontic treatment planning methods, including the reliance on subjective
clinical judgment and the lack of standardized decision-making protocols. The study
highlighted the potential benefits of Al-based systems, including improved accuracy,
reduced bias, and enhanced efficiency. in this research concluded that the integration of
Al expert systems with neural network machine learning may improve the accuracy and
efficiency of extraction decisions in orthodontic treatment planning. Marwala [43]
explored the intersection of rational choice theory and artificial intelligence. The author
argued that traditional rational choice models, which rely on human rationality, are limited
in their ability to explain complex decision-making processes. In contrast, Al systems can
process vast amounts of data and make decisions without being constrained by human
biases. The paper discussed how Al can be used to improve decision-making in various
fields, including economics, politics, and healthcare. The author also highlighted the
potential risks and challenges associated with the increasing reliance on Al in decision-
making. Specifically, the paper examined how Al systems can be designed to incorporate
rational choice principles and how this can improve decision-making outcomes. The
researcher concluded that a combination of human rationality and Al can lead to more
effective decision-making. Paschek et al. [54] examined the impact of Al on decision-
making processes in business. The authors argued that Al can revolutionize decision-
making by providing faster and more accurate information, reducing human bias, and
improving data analysis. They presented case studies and empirical evidence to illustrate
how Al can be used to optimize business decisions, increase efficiency, and enhance
competitiveness. The researchers concluded that Al has the potential to fundamentally
change the way businesses make decisions, offering both opportunities and challenges for
managers. Overall, this paper contributes to the ongoing debate about the role of Al in
business decision-making. The integration of artificial intelligence (Al) technologies with
rational and creative decision-making in quality management explored by Paliukas and
Savanevi¢iene [52]. Optimal marketing strategies for a customer data intermediary are
analyzed in the article. Insights are provided into effective approaches for leveraging
customer data to enhance marketing efforts. Recommendations are offered for improving
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marketing performance and customer engagement through data-driven strategies [53].
The researchers proposed a harmonization framework that combines analytical and
intuitive decision-making approaches to improve quality management and the potential
benefits of Al in enhancing decision-making speed, accuracy, and transparency. The
authors argued that Al can facilitate the integration of human creativity with data-driven
analysis, leading to more effective quality management practices. A theoretical
framework that examines the interplay between prediction, judgment, and complexity in
decision-making and Al presented by Agrawal et al. [1]. They mentioned that Al systems
can augment human judgment by providing accurate predictions, but also introduce new
complexities that require human judgment to interpret and contextualize the outputs. They
argue that this interplay between prediction and judgment is essential for effective
decision-making in Al systems. Jarrahi [28] explored the impact of Al on organizational
decision-making, arguing that a human-Al symbiosis is essential for effective decision-
making. The impact of Al on decision-making, highlighting both its potential benefits
and limitations examined by Dear [14] and he argued that Al can improve decision-
making by providing accurate and timely data, but also notes that human judgment is still
essential for contextualizing and interpreting Al outputs.

A novel conceptualization of patterns in decision-making with Al introduced by leyer et
al. [39]. They showed that Al systems can uncover complex patterns in data, but human
decision-makers must understand and interpret these patterns to make informed decisions.
Trunk, Birkel, and Hartmann [67] examined the integration of human and artificial
intelligence in strategic organizational decision-making. The study provides a
comprehensive overview of the current landscape in this domain, highlighting the
challenges and opportunities for leveraging both human expertise and Al capabilities.
They emphasized the need for a balanced approach to harness the strengths of both human
judgment and Al algorithms in order to enhance strategic decision-making processes
within organizations. Framling [22] explored the intersection of decision theory and
explainable Al (XAl), highlighting the need for transparent and interpretable Al systems.
also researcher argued that XAl can facilitate human understanding and trust in Al-driven
decision-making, while decision theory provides a framework for evaluating the
rationality and robustness of Al-based decisions. The study by Gil et al. [24] highlighted
how artificial intelligence can effectively model complex systems, enhancing decision-
making processes by simplifying intricate expert models. Their research focused on
mitigating the challenges posed by complex systems through Al techniques, ultimately
improving decision-making accuracy in varied domains.

The evolving role of artificial intelligence methods as innovative tools for decision-
making processes is proposed by Lotfi and Bouhadi [41] . Their research underscored the
potential of Al techniques in facilitating informed and efficient decision-making,
signaling a paradigm shift towards advanced decision support systems in diverse domains.
Al-Surmi, Bashiri, and Koliousis [3] elucidated the synergistic benefits of leveraging Al
in decision making, emphasizing its role in enhancing operational performance. they
showed the effectiveness of integrating diverse strategies with Al techniques to optimize
decision-making processes, aimed at improving operational efficiency and productivity.
The research conducted by Chatterjee and Satpathy [9] sheds light on the efficacy of
integrating artificial intelligence in decision-making systems, showcasing improved
decision accuracy and efficiency. The study emphasized Al's potential to enhance
strategic decision-making processes within organizations, offering valuable insights for
implementing Al-driven decision support systems. Dietzmann and Duan's [16] study
delved into the application of artificial intelligence in aiding managerial information
processing and decision-making amidst information overload. Their research showcased
Al's capacity to assist managers in effectively navigating and analyzing vast amounts of
information, thereby enhancing decision-making efficiency in the modern era
characterized by information abundance. The role of artificial intelligence in decision-
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making and its impact on the future of work is explored in the article. Key insights are
provided into how Al technologies are shaping workplace dynamics and enhancing
organizational efficiency. Recommendations are offered for adapting to the changes
brought about by Al in various professional settings [15]. A decision-making model that
strengthens digital transformation strategies through the utilization of artificial
intelligence technology proposed by Kim and Kim's [33]. They demonstrated the
efficacy of integrating Al in enhancing strategic decision-making processes for
optimizing digital transformation initiatives, contributing valuable insights to effective
organizational strategy implementation.

Dennehy et al. [15] investigated the role of artificial intelligence in decision-making and
its implications for the future of work. Through an analysis of Al's impact on decision
processes and work dynamics, the research provided insights into the transformative
potential of Al technologies in shaping future work environments. Shin et al. [61]
explored how superhuman artificial intelligence enhances human decision-making by
amplifying novelty in their study. The research illustrated the potential of integrating Al
to augment decision-making processes by introducing novel perspectives, as documented
in the Proceedings of the National Academy of Sciences, offering valuable insights into
the collaborative capabilities of Al and human cognition. Venger and Dozortsev [69]
focused on modeling trust in Al to understand human operators' decision-making in high-
risk scenarios. This research in Mathematics offers insights into the dynamics of human-
Al interaction, particularly in critical situations, shedding light on trust-building
mechanisms for effective decision-making in hazardous environments. The impact of Al
on human decision-making, work efficiency, and safety within the realm of education
proposed by Ahmad et al. [2]. The study, delved into the implications of Al integration
for reducing human error, enhancing productivity, and promoting safety protocols in
educational settings. Steyvers and Kumar [63] addressed three key challenges related to
Al-assisted decision-making. The research highlighted critical obstacles that arise in
leveraging Al for decision support, offering valuable insights for enhancing the
effectiveness and reliability of decision-making processes aided by artificial intelligence.
Sadeghi et al. [59] explored the integration of explainable Al in supply chain cyber
resilience to enhance agile decision-making. Their study delved into the synergy between
Al interpretability and adaptive strategies for bolstering cyber security measures in supply
chain management. The research in Decision Support Systems highlighted the
significance of transparency and flexibility in utilizing Al to fortify resilience against
cyber threats in supply chains. Through the integration of intelligent systems, Mishra et
al. [48] focused on optimizing decision-making processes in supply chain management,
as discussed in Migration Letters. Their research highlighted the role of Al in enhancing
efficiency and effectiveness in supply chain decision-making towards improved
operational outcomes. The transformative effects of Al in the financial sector, focusing
on its capacity to enhance decision-making and risk management practices with the goal
of optimizing financial outcomes investigated by Balbaa and Abdurashidova [4]. This
research showed the substantial impact of Al on reconfiguring traditional financial
processes, leading to more efficient and effective strategies in the dynamic market
environment of today. Furthermore, this work shaded light on the pivotal role Al plays in
revolutionizing financial practices, thereby facilitating improved decision-making and
risk mitigation. The application of Al in finance, exploring its potential to revolutionize
decision-making and risk management practices investigated by Layn [38]. The study
highlighted Al's ability to improve financial outcomes through enhanced predictive
modeling, real-time monitoring, and optimized portfolio allocation. Lin [40] discussed the
application of Al in Industrial Engineering . The paper explored how Al technologies are
revolutionizing industrial processes and optimizing production outcomes, offering
valuable insights into the integration of Al within the realm of industrial engineering.
The transformative role of Al in reshaping business strategies through enhanced decision-
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making processes utilized by Kaggwa et al. [31]. The research underscored how Al
technologies drive strategic innovation and improve decision outcomes, offering valuable
insights into leveraging Al for business strategy development. BaniHani et al. [5]
provided an in-depth examination of the role of Alin the decision-making process across
healthcare, financial, and technology sectors. The review synthesized existing research on
Al's applications in these domains, highlighting its potential to improve decision-making
accuracy, efficiency, and effectiveness.

The potential of artificial intelligence (Al) as a catalyst for operational excellence in Iraqi
industries was explored, specifically in the textile and food processing sectors. Significant
improvements were demonstrated by the implementation of an Al model, resulting in
increased production output and reduced defect and spoilage rates. Itis suggested that Al
can transform traditional manufacturing practices, fostering continuous improvement and
enhancing competitiveness [50]. A novel framework integrating Multi-Criteria Decision
Analysis (MCDA) with Deep Reinforcement Learning (DRL) is proposed to enhance
decision-making in the lragi oil industry. Key criteria are considered for supplier
selection, allowing for a systematic evaluation of potential suppliers and continuous
improvement of strategies. It is aimed that this integrated approach will optimize
procurement processes, reduce risks, and drive better outcomes in the sector [23].

The advent of Al in organizational decision-making presented an opportunity for
enhanced efficiency and innovation. A growing body of research suggested that Al
technologies are increasingly being integrated across various sectors, with the potential to
augment human capabilities and judgments, thereby offering solutions to complex
organizational challenges [18, 56, 27]. However, this integration also raised concerns
regarding ethical considerations, potential biases, and the suitability of relying on Al
recommendations [56]. This article assumed a comprehensive examination of the
multifaceted role of Al in modern organizational strategies, critically evaluating its
advantages and limitations to propose a balanced approach for future implementation. The
limitations of Al in tasks requiring creativity and intuition underscore the difficulties
encountered in promoting innovation and exploring novel solutions to complex problems
[42]. The determinism inherent in Al-generated decisions may pose a constraint on
creative thinking, highlighting the necessity for incorporating human expertise in the
decision-making process to mitigate the potential stifling of innovation. In order to
optimize the benefits of Al while minimizing its limitations, a harmonious integration of
Al and human expertise is essential [8]. This approach should facilitated synergy between
humans and machines, thereby ensuring that Al tools augment human judgment rather
than supplant it. The literature suggested that hybrid human-Al partnerships may offer a
promising avenue for future development, underscoring the importance of ethical and
responsible Al utilization.

3. Data Mining

In contemporary industrial contexts, the implementation of information systems has
become a ubiquitous phenomenon. These systems generate vast quantities of data
regarding process operations, often resulting in complex data sets that surpass human
capabilities for analysis and interpretation. For instance, the incorporation of flight
recorder devices on commercial aircraft enables the capture of comprehensive flight data,
including audio recordings of cockpit conversations. Subsequent analysis of this
information can facilitate the detection of process anomalies and inform corrective
actions. However, the sheer magnitude of these data sets often renders traditional
statistical methodologies, such as linear regression and t-tests, ineffective for meaningful
interpretation.

This study endeavors to address a significant shortcoming of traditional control theory,
namely its limitations in capturing complex patterns and relationships. By integrating
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control theory with a data mining paradigm, we seek to augment process control
capabilities by incorporating a pattern recognition component. Specifically, our approach
leverages data mining techniques to detect situations in which the controlled variables
deviate from their desired states, thereby identifying instances of control failure.

This investigation employs established data mining methodologies to identify patterns
indicative of control failure, characterized by suboptimal performance or excessive
resource allocation. A crucial aspect of this study's approach is the development of a
classification framework capable of distinguishing between successful and unsuccessful
outcomes. Various classification techniques have been proposed in the literature,
including artificial neural networks, support vector machines, naive Bayesian classifiers,
and decision tree induction (Tan et al., 2006). Specifically, the algorithm proposed in this
research is designed to generate a set of conditions under which control strategies can be
refined to optimize their performance

4. A Glimpse into Our Planned Strategy

When dealing with complex situations, decision-making strategies may not always yield
the desired results. Information systems often hold a wealth of data on such scenarios. By
leveraging data mining techniques, we can uncover patterns that lead to optimal outcomes,
allowing us to refine strategies for better results. Through our case studies in
manufacturing, we demonstrate the practical application and effectiveness of this iterative
approach in enhancing decision strategies. This method not only addresses specific issues
in different domains but also highlights its potential for broader use in optimizing
decision-making processes across various complex scenarios.
In this research presented a novel methodological framework for enhancing dynamic
decision-making processes through the application of machine learning techniques. The
study employed a mixed-methods approach, combining both qualitative and quantitative
research methods to develop and evaluate a machine learning-based decision support
system. Therefore, we commenced by identifying the limitations of traditional decision-
making approaches, which are often hindered by incomplete or inaccurate information,
cognitive biases, and the inability to adapt to changing environmental conditions. To
address these limitations, proposed a machine learning-based framework that integrates
multiple decision-making models and incorporates real-time data streams.
The methodological approach consists of three primary components:

1. Data Collection and Preprocessing

2. Machine Learning Model Development

3. Dynamic Decision Making
In this investigation, we have adopted a simulation-based approach to model the
manufacturing process and estimate failure rates. The algorithm under consideration is
not directly linked to the simulation, precluding its utilization for candidate evaluation
purposes. Rather, a finite pool of exemplars is available, which are sequentially consumed
by the manufacturing process. The algorithm learns from these consumed instances,
employs means-end analysis to detect potential improvement opportunities, and
subsequently consumes additional instances to validate these candidate strategies. The
validated solutions are then integrated into the next iteration of the strategy.
This section delves into the methodology employed in the proposed machine learning
approach for improving dynamic decision making. The hybrid architecture combines
knowledge-based and machine learning techniques to effectively address the complexities
of real-world decision-making problems. A dynamic data-driven process model is
developed to generate predictions based on past data, while a knowledge-based system
provides domain-specific rules and constraints. The machine learning component learns
from historical data and updates the model in real-time, enabling the system to adapt to
changing conditions. A framework is designed to integrate these components, ensuring
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seamless communication and cooperation between them. The system is trained on a large
dataset of historical decision-making events, allowing it to learn from experience and
refine its decision-making capabilities.

In the context of dynamic decision-making, consider a system that requires control, such
as the assembly of an industrial part. This section explores the application of a newly
introduced algorithm in addressing a specific manufacturing task in the automotive
industry, where access to simulation models is unavailable. The variability in quality of
industrial pieces poses a risk of failure during final assembly, prompting the need for
reinforcement to strengthen vulnerable components. This selective reinforcement process
incurs costs and influences the final product's attributes, with options such as component
additions or material upgrades. While the initial quality of supplied parts impacts failure
rates, it is the manipulable variables, like part dimensions and assembly methods, that are
targeted for reinforcement efforts. Additionally, the decision-making context within this
system highlights the complexity of managing industrial part assembly processes. By
examining the introduced algorithm’s application in real-world manufacturing scenarios,
we can better understand the challenges and opportunities in optimizing production
processes. Effective reinforcement strategies for industrial pieces can significantly impact
the overall quality and performance of the final product, emphasizing the importance of
targeted interventions. As we delve deeper into the intricacies of this dynamic decision
context, we recognize the significance of balancing cost-efficiency with quality
enhancement to achieve optimal results in the automotive industry.

In this research, simulation is employed solely for modeling the manufacturing process
and assessing failure probabilities. The algorithm under consideration is not permitted
access to the simulation data for candidate evaluation. Instead, a finite supply of industrial
pieces is utilized in the manufacturing process, serving as the algorithm's learning
material. Through means-ends analysis, potential enhancements are identified, tested
using additional instances, and integrated into iterative strategies for optimization.

Each industrial piece is characterized by k standardized attributes (
P;, B, ..., P)representing its quality, with values ranging from 0to 1. The attribute values
are contingent upon the materials and assembly processes involved, as determined in
collaboration with an expert in the manufacturing field. Furthermore, the failure
mechanism of the industrial piece is also modeled in consultation with a manufacturing
expert, with the failure function being a complex Boolean predicate involving nonlinear
combinations of the k attributes. It is crucial to emphasize that the algorithm is not privy
to this failure function; rather, it is utilized in experiments to emulate real-world
manufacturing outcomes, which form the basis of the algorithm's decision-making.

At a certain moment ¢, the system’s current condition is signified by W(S1., 5253 )-
The effect of the execution process of this method as the algorithm implementation
process is shown below:

Algorithm (Run-process)
N = The total number of the community

T = A fixed number of products in each period that are reviewed by ®
K = A fixed number of products in each period that are reviewed by S;
S.: modifications involving enhancements and improvements in connections
S, modifications involving pre — purification of components

S3: modifications through the reassembly method

u,=C (u;:mean total cost, C:average expected total cost)
for (i=1to N) do

While (u; = C) do

N, e—N-T
K, = The number of K pieces selected from the remaining N, pieces
$1:(K;)

N, — N, — K
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K, = The number of K pieces selected from the remaining N, pieces
S5:(Ky)
Ny — N, — K
K; = The number of K pieces selected from the remaining N5 pieces
Ss.(ks)
N« N;—k
T, = The number of T pieces selected from the remaining N pieces
&,(T,) (@ : control — strategy for stage i)
l; < mean total cost in the results obtained from ®;(T;)
end while
®(s,,S,,S;)
end for
return Mean total cost

5. Case Study: Industrial Environment

Suppose an industrial part is used to work with an industrial machine in a factory. This
industrial part (from now on it will be displayed as W) is made of 8 smaller pieces, (
P, P, ..., P;). Different pieces of W are made in different industrial centers and
assembled in a special company. Each piece has the necessary standards, but in terms of
quality level, it chooses the real number belonging to the range [0, 1], In other words:
Vi, 1<i<8 0 <wv(P;) < 1. See Figure 1 for a better understanding of the topic.

Cube with pocket

/

Cylindrical ) . g
in Prismatic part with
p rectangular pocket
Stepped
prismatic part \

Cylindrical part

TReg

Prismatic part with
rectangular slot

\ Stepped prismatic

. : : art with two holes
Prismatic part with P R0k

one hole

Figure 1. An eight-component assembly [49]

Not all pieces of an ¥ possess uniform quality. The quality of ¥ is different based on the
quality of its components and assembly process. A deviation from the required standard
in any part can significantly impact the overall performance of the main machine a,
resulting in substantial losses for the company. Hence, prior to final installation in the car,
stringent quality checks must be conducted to minimize the number of parts that do not
meet the necessary standards. Experimental evidence demonstrates that reinforcing
industrial parts lacking in quality (through additions and improve joins S;, pretreat
componentss, or reassemblys;) can enhance their functionality for use in machines,
while effectively managing production costs.

In order to establish the standard range of each component for achieving ¥ under specified
standard conditions, engineers have delineated a range of values for each component and
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have formulated a Boolean linear combination to model the interrelationships among
these variables. The forthcoming research will concentrate solely on enhancing system
performance through training and will not involve an analysis of these interrelationships;
rather, only the outcomes will be utilized.

In the initial phase of system training, an optimal volume recommended by consulting
engineers is taken into account. Specifically, an initial set of 60,000 ¥ is designated for
system training, followed by the implementation of the model on a dataset comprising a
minimum of one million P.

In this research approach, the following procedure is followed. Initially, without
consideration of any specific model, an analysis is conducted on T = 5000 components
to determine the quantity and proportion of parts necessitating removal from the cycle,
along with an assessment of the resulting losses. Subsequently, the subsequent set of 6000
Y is divided into three groups as outlined below, with specific corrective measures
implemented for each group:

The first group comprises 2000 ¥, which undergo modifications involving enhancements
and improvements in connections.

The second group consists of 2000 ¥, which undergo modifications involving pre-
purification of components. The third group includes 2000 ¥, which undergo
modifications through the reassembly method. Upon completion of these three phases, the
system has undergone its initial learning process and is poised for enhanced
improvements. Subsequently, an analysis is conducted on the next 5000 components, with
the outcomes documented and presented in Table 1.

Moving on to the second phase, a similar approach is adopted as in the preceding method,
whereby the remaining components are divided into three groups and analyzed in a
manner consistent with the initial process. It is acknowledged that at this stage, the system
benefits from its prior learnings, enabling it to make more informed decisions for further
enhancements. (Results presented in Table 1) In the investigated problem, bringing the
mean total cost below 6 dollars has been the main goal. The training process of the system
iterates through the established methodology up to five sequential steps. Following the
completion of these five iterations, as depicted in Table 1, the results indicate that the
system has attained the necessary readiness to operate effectively across all components.
The predominance of performance significantly influenced the overall averages.
Implicitly, an assumption was made concerning the existence of a substantially extensive
total production capacity (1,000,000 units) in comparison to the relatively smaller scale
required for refining and evaluating the production processes (e.g., 6,000 units). This
proposition is consistent with common observations in various industrial settings.
Noteworthy, conventional process control analyses often amplify this assumption,
hypothesizing perpetual operation of the processes with an infinite timeline. As a result,
the total cost per unit gradually converges towards the mean total cost associated with the
final strategy.
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Table 1. Enhancement of Components through Decision-Maker System Training

Strategy Number b Y Failures Mean Cost Mean Cost of Mean total

remainin % of Failure cost
g Modification

Initial Group (¥,) 5000 55000 17.3 0.00 21.8 21.8
First S, 2000 53000 113 1.02 14.23 15.25
Step S, 2000 51000 16.5 2.03 15.20 17.23
S, 2000 49000 15.8 3.52 14.97 18.49
First Strategy (¥,) 5000 44000 112 1.05 12.17 13.22
Second S, 2000 42000 7.2 153 7.40 8.93
Step S, 2000 40000 84 1.78 7.03 8.81
S3 2000 38000 7.8 143 6.93 8.37
Second Strategy (V) 5000 33000 8.93 1.48 8.76 10.24
Third S, 2000 31000 43 1.79 5.64 7.43
Step S, 2000 29000 38 2.88 6.02 8.91
83 2000 27000 5.8 217 7.91 10.08
The third Strategy (¥;) 5000 22000 5.01 2.21 5.37 7.09
Fourth S, 2000 20000 3.14 3.38 3.23 6.61
Step S, 2000 18000 2.18 3.08 3.18 6.26
S3 2000 16000 3.28 3.38 3.07 6.45
The Fourth Strategy (¥,) 5000 11000 311 4.01 2.98 6.72
Fifth S, 2000 9000 2.51 3.44 2.01 5.45
Step S, 2000 7000 2.01 3.50 2.18 5.68
S3 2000 5000 2.62 3.37 2.26 5.63
The Fifth Strategy (¥s) 5000 0 2.83 3.98 197 5.95
Total ¥ 1000,000 0 271 3.88 231 5.98

6. Conclusions and Future Work

The study presents a novel machine learning system designed to enhance feedback control
strategies through the utilization of principles and established theory to inform decision-
making in complicated and organized dynamic environments. The recommended
approach employs an inductive machine learning algorithm to pinpoint areas for
enhancement and discern optimal iterative enhancements, thereby molding a control
strategy that is more economically advantageous or demands diminished supplementary
resources to attain the targeted objective. Modification can be achieved through a
reduction in resource consumption if a given strategy performs more efficiently. As long
as the monitored system presents observable variables and chances to fortify or attenuate
the control strategy, the training and operational frameworks can be effectively applied
within dynamic environments.

Commencing from diverse performance baselines, all three initial strategies(S,,5,,S3)
were elevated to an enhanced and comparable level of cost efficiency. In scenarios where
the evaluation of potential strategies incurs costs, the suggested approach succeeded in
enhancing the cost-effectiveness of the control strategy post-comprehension of strategy
exploration and assessment expenses. These outcomes validate the applicability of the
proposed method as a versatile solution for identifying areas that warrant enhancement
and subsequently prioritizing these enhancements to allocate resources in a cost-efficient
manner.

Utilizing the structured delineation expounded within the context of this study, the
suggested technique may be readily executed within simulation frameworks to assess
prospective alterations in control methodologies and facilitate process structuring. As
evidenced by a practical illustration grounded in an industrial setting, the advocated
method seamlessly integrates with simulation tools to simulate enhancements in process
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control. The benefits of this integration encompass a consistent repository of process data
devoid of any gaps, the capacity to scrutinize and enhance counterfactual scenarios for
the revelation of novel strategies, as well as the accelerated progression of investigations.
Within the study, expert viewpoints were leveraged to establish selection criteria. In
instances where the abundance of components within an industrial package leads to expert
opinions being disparate, there exists a limitation in the improvement scope targeted by
the learning and implementation system. In such scenarios, the recommendation is to
employ methodologies like genetic algorithms to initially ascertain optimal conditions and
consequently employ them as constraints for further progression.
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