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Abstract 
In the context of advanced manufacturing, maintaining operational control and making informed 

strategic decisions is critical to achieving competitiveness and efficiency. Traditional decision-

making processes often rely on fragmented data sources and delayed insights, hindering timely 

actions. This proposes a KPI-driven decision intelligence model that integrates real-time data 

visualization through dashboards to enhance strategic operational control in manufacturing 

environments. Key Performance Indicators (KPIs), such as production efficiency, downtime, 

and quality control, serve as the foundation of this model, guiding decision-makers by providing 

immediate visibility into critical operational metrics. The proposed model utilizes integrated 

dashboards that aggregate data from various manufacturing systems (e.g., Enterprise Resource 

Planning (ERP), Manufacturing Execution Systems (MES), and Supervisory Control and Data 

Acquisition (SCADA)), presenting a cohesive view of performance across the factory floor. 

These dashboards support decision intelligence by offering real-time updates, drill-down 

capabilities, and customizable reporting, enabling manufacturers to monitor KPIs continuously 

and make proactive decisions based on real-time data. This approach fosters operational 

improvements, such as increased production efficiency, reduced downtime, and optimized 

resource allocation. Strategic benefits include enhanced decision-making, agility in responding 

to disruptions, and better alignment of operations with long-term business goals. The integration 

of dashboards facilitates data-driven decisions that align with operational objectives, thus 

promoting continuous improvement and contributing to overall competitiveness. By providing 

actionable insights at the strategic level, the KPI-driven decision intelligence model helps 

organizations enhance their operational control and adaptability in a rapidly changing 

manufacturing landscape. The model’s ability to integrate with existing systems and offer real-

time decision-making capabilities positions it as a valuable tool for modern manufacturers 

aiming to optimize performance and sustain competitive advantage. 
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1. Introduction 

Advanced manufacturing refers to the use of innovative technologies, processes, and systems to improve the production of goods 

(Onukwulu et al., 2021). This includes techniques such as additive manufacturing, automation, robotics, and advanced materials, 

all of which have revolutionized the manufacturing landscape. As industries continue to evolve, advanced manufacturing has 

become a cornerstone for competitiveness and productivity, enabling manufacturers to deliver high-quality products at faster  

speeds and lower costs (Akinsooto et al., 2014; Balogun et al., 2023).  
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In this rapidly changing environment, maintaining 

operational control is essential for ensuring that processes 

remain efficient, cost-effective, and responsive to market 

demands. Operational control, which encompasses the 

monitoring, analysis, and optimization of manufacturing 

processes, is key to managing costs, improving product 

quality, and maintaining flexibility in operations. 

The importance of operational control in advanced 

manufacturing cannot be overstated. Manufacturers who fail 

to optimize their operations risk losing their competitive edge 

(Ogunmokun et al., 2022). Poor decision-making, inefficient 

resource allocation, and unresponsive production lines can 

lead to increased downtime, wasted resources, and missed 

market opportunities. In contrast, organizations with strong 

operational control can swiftly identify issues, implement 

corrective actions, and continuously improve their processes. 

However, achieving this level of control requires more than 

just traditional oversight; it requires strategic, data-driven 

decision-making that leverages real-time information and 

aligns operations with business objectives (Afolabi and 

Akinsooto, 2021; Bristol-Alagbariya et al., 2022). 

Strategic decision-making is critical to success in 

manufacturing environments, yet it often presents a major 

challenge for organizations. Manufacturers are faced with a 

constant flow of complex data from diverse sources such as 

production schedules, supply chains, and quality control 

systems (Fredson et al., 2021). Without a structured approach 

to analyzing this data, decision-makers may struggle to 

identify key issues or opportunities, leading to suboptimal 

decisions. This is where key performance indicators (KPIs) 

come into play. KPIs serve as measurable benchmarks that 

provide insights into the health of manufacturing operations. 

By monitoring KPIs like production efficiency, equipment 

utilization, and defect rates, manufacturers can gain a clearer 

understanding of their operations and make informed 

decisions that drive improvements. However, the challenge 

lies in effectively integrating and visualizing these KPIs in a 

way that enables timely and strategic decision-making. 

The purpose of this, is to explore how integrated dashboards 

can enhance operational control in advanced manufacturing 

by applying a KPI-driven decision intelligence model (Okolie 

et al., 2021). Integrated dashboards provide a centralized 

platform where KPIs from various sources such as 

manufacturing execution systems (MES), enterprise resource 

planning (ERP) systems, and supervisory control and data 

acquisition (SCADA) systems are visualized in real-time. 

This integration allows decision-makers to access up-to-date, 

actionable information and make data-driven decisions 

without delay. Furthermore, these dashboards can be 

customized to highlight critical KPIs that align with specific 

organizational goals, whether it is improving production 

throughput, minimizing downtime, or enhancing product 

quality. By focusing on the integration of KPIs into a visual 

dashboard format, this aims to demonstrate how 

manufacturers can enhance their strategic decision-making 

capabilities, ultimately leading to improved operational 

performance and a more competitive position in the market. 

 

2. Methodology 

A comprehensive search of several relevant databases such 

as Scopus, Web of Science, and Google Scholar is conducted 

using specific keywords like "KPI-driven decision 

intelligence," "integrated dashboards," "strategic operational  

control," and "advanced manufacturing." Studies included in 

this search are those that examine the role of KPIs in 

manufacturing, performance optimization using dashboards, 

and data-driven decision-making systems. Any studies that 

focus on areas outside of manufacturing or that do not discuss 

the specific application of KPIs or dashboards are excluded. 

Following the initial search, the articles are screened based 

on their titles and abstracts to ensure they meet the inclusion 

criteria. Studies that do not align with the objectives of this 

research, such as those outside manufacturing or not 

discussing relevant systems like KPIs or dashboards, are 

excluded. After the title and abstract review, the remaining 

studies undergo full-text evaluation to ensure that they are 

methodologically rigorous and focused on the use of KPI-

driven models and dashboards for decision intelligence in 

manufacturing environments. Studies are considered eligible 

if they offer insights into the role of dashboards and KPIs in 

improving operational control and decision-making in 

advanced manufacturing. 

Data is then extracted from each eligible study, focusing on 

key elements such as the types of KPIs used, the nature of the 

integrated dashboard systems, the manufacturing processes 

under consideration, and the outcomes associated with the 

application of KPI-driven models. This data is organized into 

thematic categories, including production efficiency, real-

time data utilization, and improvements in operational 

decision-making. The synthesis of these findings provides 

insights into the effectiveness of using KPI dashboards to 

enhance operational performance in manufacturing. 

To ensure the quality of the studies included, the 

methodological quality is assessed using standardized tools 

such as the Critical Appraisal Skills Programme (CASP) 

checklist. This step helps ensure that only the most reliable 

and methodologically sound studies are included in the 

analysis. Finally, a narrative synthesis of the data is 

performed, summarizing the key findings and providing 

conclusions on how KPI-driven decision intelligence, 

supported by integrated dashboards, can enhance strategic 

operational control in advanced manufacturing. The 

synthesis also identifies areas for future research, such as the 

potential integration of emerging technologies like artificial 

intelligence and machine learning for further optimization of 

manufacturing operations. 

By adhering to the PRISMA methodology, this is 

systematically reviews and synthesizes existing literature on 

the integration of KPIs and dashboards in manufacturing 

decision intelligence, offering a comprehensive 

understanding of their impact on operational control. 

 

2.1 Key concepts and frameworks 

In the context of advanced manufacturing, operational 

efficiency and decision-making are critical components for 

maintaining a competitive edge (Ayodeji et al., 2023). To 

achieve this, organizations increasingly rely on key 

performance indicators (KPIs), decision intelligence systems, 

and integrated dashboards as shown in figure 1. These 

elements together provide the foundation for optimizing 

manufacturing processes and ensuring continuous 

improvement (Akinsooto, 2013). This section outlines the 

key concepts and frameworks that underpin a KPI-driven 

decision intelligence model for strategic operational control 

in advanced manufacturing. 
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Fig 1: Key concepts and frameworks 
 

Key performance indicators (KPIs) are essential metrics used 

to evaluate and track the performance of various processes 

within an organization. KPIs serve as quantifiable 

benchmarks that allow businesses to assess how well they are 

achieving operational objectives (Balogun et al., 2022). In the 

context of advanced manufacturing, KPIs are vital for 

measuring operational efficiency, identifying areas for 

improvement, and ensuring that production goals are met 

within time and budget constraints. KPIs in advanced 

manufacturing cover a broad spectrum, reflecting various 

aspects of production and resource utilization (Onukwulu et 

al., 2022). Key examples include production efficiency, 

which measures the output relative to input; downtime, which 

tracks the time lost due to machine breakdowns or 

maintenance; quality control, which measures the defect rate 

or adherence to product specifications; and cost per unit, 

which monitors the financial efficiency of production by 

calculating the cost of producing a single unit of product. 

These KPIs provide real-time insights into operational 

processes, enabling managers to pinpoint inefficiencies, 

reduce waste, and optimize resource allocation. Other 

important KPIs might include yield rates, inventory turnover, 

and on-time delivery, all of which contribute to a holistic 

view of the manufacturing process. By integrating these KPIs 

into decision-making frameworks, organizations can make 

data-driven decisions that improve both the short-term and 

long-term success of manufacturing operations (Adekunle et 

al., 2023). 

Decision intelligence (DI) is a rapidly evolving field that 

integrates data analytics, artificial intelligence (AI), and 

decision-making processes to optimize business operations. 

In manufacturing, DI tools are used to process vast amounts 

of operational data, enabling managers to make informed 

decisions quickly. These tools enhance decision-making by 

combining historical data with predictive analytics, offering 

insights that traditional methods of decision-making cannot 

provide. Decision intelligence leverages AI algorithms and 

machine learning models to analyze trends and patterns in 

data, generating actionable insights for managers (Okeke et 

al., 2023). In advanced manufacturing, this might involve 

forecasting demand, predicting equipment failures, or 

identifying bottlenecks in the production line. DI enables 

manufacturers to go beyond historical performance analysis 

by simulating "what-if" scenarios, optimizing production 

schedules, and improving supply chain coordination. The 

integration of decision intelligence with real-time data 

ensures that decisions are timely, relevant, and grounded in 

the latest available information, which is crucial in fast-paced 

industrial environments. By using DI, manufacturers can 

achieve higher operational performance, reduced downtime, 

and better resource allocation, ultimately leading to improved 

profitability and sustainability. In particular, DI enhances 

agility, allowing manufacturing processes to adapt to 

changing conditions such as fluctuating demand, supply 

chain disruptions, or unexpected failures (Olorunyomi et al., 

2023). 

An integrated dashboard is a powerful tool for visualizing 

data and monitoring performance in real-time. It aggregates 

data from various sources, providing decision-makers with a 

centralized, interactive view of key metrics and KPIs. 

Dashboards are particularly effective in manufacturing 

environments because they facilitate quick and easy access to 

critical data, allowing managers to track performance, 

identify issues, and take corrective actions without delay. 

Integrated dashboards in manufacturing display KPIs in an 

intuitive format, often using visual elements like graphs, 

charts, and gauges to present performance metrics 

(Onukwulu et al., 2022). This helps users quickly grasp the 

current status of operations and focus on areas that need 

attention. Real-time data is continually updated, ensuring that 

decisions are based on the most current information. The 

primary benefit of using integrated dashboards is their ability 

to offer actionable insights in a single view, making it easier 

for managers to make informed decisions. Dashboards can be 

customized to display KPIs relevant to different departments 

or production stages, such as machine performance, material 

usage, or supply chain metrics. This allows for enhanced 

collaboration among teams, as everyone is working with the 

same set of data, and it ensures data-driven decision-making 

across the organization (Ogunsola et al., 2022). Another 

benefit of integrated dashboards is their ability to provide 

predictive analytics by integrating historical data with real-

time inputs. In this way, dashboards do not only report what 

has happened but also enable proactive decision-making by 

forecasting potential issues. 

KPIs, decision intelligence, and integrated dashboards play a 

critical role in the strategic operational control of advanced 

manufacturing environments. KPIs provide the metrics that 

measure the efficiency and effectiveness of manufacturing 

processes, while decision intelligence systems enhance 

decision-making by incorporating AI-driven analytics 

(Odunaiya et al., 2021). Integrated dashboards serve as the 

central hub for visualizing these KPIs in real-time, offering a 

comprehensive view of operational performance and 

enabling managers to make faster, more informed decisions. 

Together, these elements form the backbone of a KPI-driven 

decision intelligence model that can significantly improve 

operational performance, foster continuous improvement, 

and sustain a competitive advantage in the manufacturing 

sector. 

 

2.2 The KPI-driven decision intelligence model 

The KPI-Driven Decision Intelligence Model plays a pivotal 

role in enhancing strategic operational control within 

advanced manufacturing environments. By integrating Key 

Performance Indicators (KPIs), decision intelligence, and 
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real-time dashboards, the model facilitates the seamless 

translation of data into actionable insights (EZEANOCHIE et 

al., 2022). This framework empowers manufacturing 

organizations to optimize performance, minimize waste, and 

stay competitive by making informed, data-driven decisions. 

This explore the design of the KPI-driven decision 

intelligence model, the integration of dashboards, and how 

the model enhances strategic control within manufacturing 

operations. 

The KPI-driven decision intelligence model for advanced 

manufacturing is structured to connect operational goals with 

performance measurement, enabling effective management 

of production systems. At its core, the model is designed to 

align key performance indicators (KPIs) with specific 

operational objectives, ensuring that each metric contributes 

to the overarching goals of efficiency, productivity, quality, 

and cost reduction. KPIs are selected based on their relevance 

to the manufacturing environment and their ability to provide 

insight into critical operations. By monitoring these KPIs in 

real time, managers can ensure that production goals are met 

while identifying issues before they escalate into significant 

problems. Additionally, KPIs such as cost per unit and defect 

rates provide clear visibility into cost control and quality 

management, two crucial factors in maintaining profitability 

and competitiveness. Each KPI is linked to specific goals and 

objectives at various levels of the organization, from 

individual production units to overall company targets. This 

alignment enables a transparent and cohesive decision-

making process, where all employees understand the 

performance metrics that drive success. By continuously 

tracking these indicators, the model supports not only 

operational decision-making but also long-term strategic 

planning (Odunaiya et al., 2023). 

A critical component of the KPI-driven decision intelligence 

model is the integration of dashboards, which aggregate data 

from multiple sources such as enterprise resource planning 

(ERP), manufacturing execution systems (MES), and 

supervisory control and data acquisition (SCADA) systems. 

These platforms collect real-time operational data, providing 

a holistic view of the manufacturing process from raw 

materials to finished products (Basiru et al., 2022). 

Dashboards process this vast array of data, ensuring that it is 

presented in an accessible and actionable format. The 

integration of various data sources allows for a centralized 

visualization of operational metrics, eliminating the need for 

manual data collection and improving the accuracy of 

performance monitoring. Dashboards allow users to drill 

down into specific aspects of production, such as a machine's 

performance history or detailed cost breakdowns (Anaba et 

al., 2022). This drill-down capability enables manufacturing 

managers to investigate problems at a granular level, such as 

identifying the root cause of production delays or 

inefficiencies. 

One of the key features of integrated dashboards is real-time 

updates, which allow managers to view live performance data 

and respond immediately to issues as they arise. This feature 

is particularly beneficial in fast-paced manufacturing 

environments, where even small delays or disruptions can 

have significant impacts on overall production (Onukwulu et 

al., 2023). Additionally, dashboards offer custom reporting, 

enabling users to tailor the visual display of KPIs according 

to their needs. Whether it’s creating a report on overall 

production efficiency or a detailed analysis of specific  

equipment downtime, custom reporting helps decision 

makers to focus on what matters most. By enabling real-time 

monitoring, dashboards ensure that decision-makers have 

access to up-to-date and accurate data, reducing the risk of 

delayed responses to emerging issues. This dynamic, 

interactive platform enhances decision-making by providing 

insights into both current operations and historical trends, 

making it easier for managers to make proactive adjustments 

to the workflow. 

The KPI-driven decision intelligence model enhances 

strategic operational control by facilitating real-time 

monitoring and enabling proactive decision-making. Real-

time KPI monitoring ensures that manufacturing operations 

are continuously assessed and adjusted as necessary, helping 

managers identify inefficiencies, bottlenecks, and quality 

issues before they impact overall performance. By having 

direct access to critical KPIs such as production throughput, 

downtime, and defect rates, managers can immediately take 

corrective action, whether by reallocating resources, 

adjusting production schedules, or conducting preventive 

maintenance on machines. The integration of dashboards 

further strengthens this proactive approach by allowing 

managers to visualize trends and performance patterns over 

time (Basiru et al., 2023). With a few clicks, managers can 

identify potential issues before they escalate, enabling the 

swift implementation of solutions. For example, a dip in 

production efficiency highlighted on the dashboard can 

prompt a review of the assembly line process, while an 

increase in downtime can trigger maintenance interventions 

or equipment replacements. 

The relationship between dashboard insights and strategic 

operational control is built on the ability to make data-driven 

decisions. Dashboards provide decision-makers with a clear, 

visual representation of key metrics, empowering them to 

respond quickly and effectively to changes in the production 

environment. This real-time access to information helps 

maintain high levels of operational efficiency, reduce waste, 

and optimize the allocation of resources, all of which are 

essential for maintaining competitiveness in an increasingly 

complex and fast-moving industrial landscape. By enabling 

better alignment of operational activities with strategic 

objectives, the KPI-driven decision intelligence model also 

supports long-term planning and continuous improvement 

(Onukwulu et al., 2022). Managers can use historical data 

presented by the dashboards to assess the effectiveness of 

past decisions and refine future strategies. This iterative, 

data-driven approach fosters a culture of continuous 

improvement within the organization, helping manufacturers 

stay agile and competitive in an ever-evolving market. 

The KPI-driven decision intelligence model provides a robust 

framework for enhancing operational control in advanced 

manufacturing. By aligning KPIs with operational goals, 

integrating data from various sources through dashboards, 

and enabling real-time monitoring, the model empowers 

managers to make informed, proactive decisions that 

optimize manufacturing performance (Bristol-Alagbariya et 

al., 2022). The result is a more efficient, flexible, and 

responsive manufacturing environment capable of adapting 

to both immediate challenges and long-term strategic goals. 

Through the continuous monitoring and visualization of key 

metrics, this model supports ongoing operational 

improvements and drives sustainable competitive advantage 

in the manufacturing sector. 
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2.3 Application and benefits of the model 

The KPI-driven decision intelligence model, particularly 

when implemented through integrated dashboards, brings a 

wealth of benefits to advanced manufacturing environments 

(Basiru et al., 2023). By combining real-time monitoring, 

data aggregation, and visual insights, the model enhances 

operational efficiency, strategic decision-making, and 

economic competitiveness as shown in figure 2. This 

explores the various operational, strategic, and economic 

benefits that come with adopting such a model, highlighting 

its transformative potential for modern manufacturing. 

One of the primary operational advantages of the KPI-driven 

decision intelligence model is the significant increase in 

visibility into production processes. Traditionally, 

manufacturing systems were often siloed, with limited access 

to real-time performance data (Onukwulu et al., 2023). This 

lack of visibility made it challenging for managers to monitor 

various aspects of production, such as efficiency, quality 

control, or equipment health. The introduction of integrated 

dashboards in the model centralizes data from multiple 

sources, such as enterprise resource planning (ERP), 

manufacturing execution systems (MES), and supervisory 

control and data acquisition (SCADA), into a single platform. 

This aggregation enables managers to have a clear and real-

time view of key performance metrics, ensuring that 

operational issues are identified swiftly. Real-time 

monitoring is another vital aspect of the model that leads to 

faster identification of inefficiencies or bottlenecks. By 

continuously tracking KPIs like machine uptime, production 

throughput, and defect rates, managers can pinpoint potential 

issues before they escalate. For example, if a production line 

is underperforming or experiencing increased downtime, the 

dashboard will immediately highlight the anomaly, allowing 

the team to take corrective action quickly (Okeke et al., 

2022). This proactive approach not only reduces the risk of 

significant disruptions but also helps to maintain optimal 

operational flow, minimizing waste and downtime. As a 

result, the operational environment becomes more efficient, 

responsive, and adaptive to changes in demand or unforeseen 

issues. 

 

 
 

Fig 2: Benefits of the Model 
 

Beyond the operational improvements, the KPI-driven 

decision intelligence model offers significant strategic 

benefits, particularly in improving decision-making through 

data-driven insights (Onukwulu et al., 2023). With KPIs 

continuously monitored and displayed through integrated 

dashboards, managers gain a wealth of information that helps 

guide both short-term decisions and long-term strategies. For 

example, decision-makers can track metrics related to 

production efficiency, cost per unit, and on-time delivery 

rates, providing them with a comprehensive understanding of 

the operational health of the manufacturing process. Such 

data empowers managers to make well-informed decisions 

that align with the company’s broader strategic goals, 

whether related to increasing productivity, improving quality, 

or reducing costs. The model also enhances the ability to 

adapt to market changes and manufacturing disruptions. In 

today’s dynamic business environment, manufacturers face 

constant pressure to meet fluctuating market demands and 

adapt to supply chain disruptions. The KPI-driven decision 

intelligence model enables organizations to remain agile by 

providing real-time insights into changing conditions. If 

production capacity needs to be adjusted due to a shift in 

market demand, the model allows managers to make 

informed decisions on resource allocation and scheduling. 

Furthermore, when disruptions such as machine breakdowns, 

labor shortages, or material supply issues occur, the model 

allows manufacturers to respond quickly, mitigating negative 

impacts on the overall production process (Basiru et al., 

2023). This adaptability is crucial for maintaining 

competitive advantage in industries where responsiveness to 

change is key to survival. 

The KPI-driven decision intelligence model offers profound 

economic advantages, with one of the most significant being 

cost reduction through improved efficiency. By providing 

real-time data on production processes, waste, downtime, and 

resource utilization, the model helps manufacturers identify 

areas of inefficiency that directly contribute to unnecessary 

costs These insights allow for targeted actions that improve 

resource allocation and minimize waste, leading to 

substantial cost savings. Moreover, the reduction in 

downtime and bottlenecks directly contributes to more 

efficient production, translating into higher output and better 

cost management (Onukwulu et al., 2023). In addition to 

operational cost savings, the model provides competitive 

advantages by enabling agile decision-making and fostering 

continuous improvement. In industries where time-to-market 

and product quality are crucial, the ability to make fast, data-

driven decisions is a significant competitive differentiator. 

With access to real-time insights, manufacturers can quickly 

pivot production strategies, adjust workflows, or implement 

corrective actions, enabling them to meet customer demands 

more efficiently than competitors relying on traditional, 

slower decision-making processes. Furthermore, the model 

promotes a culture of continuous improvement, where 

performance is regularly monitored and adjusted based on 

real-time data. This continual refinement of operations 

contributes to sustained competitiveness, ensuring that the 

organization remains efficient and responsive to changes in 

the market (Basiru et al., 2023). 

Additionally, continuous improvement facilitated by real-

time performance data results in incremental operational 

enhancements, leading to long-term economic sustainability 

(Onukwulu et al., 2023). Organizations using KPI-driven 

decision intelligence models are more likely to identify 

emerging trends, optimize processes, and reduce operational 

costs, all of which are essential for maintaining a competitive 

edge in a rapidly evolving manufacturing landscape. The 
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KPI-driven decision intelligence model, when implemented 

with integrated dashboards, provides substantial operational, 

strategic, and economic benefits to advanced manufacturing 

environments. It increases operational efficiency by offering 

greater visibility and real-time monitoring, which allows for 

the quicker identification and resolution of inefficiencies. 

Strategically, it empowers decision-makers by providing 

data-driven insights that enhance decision-making and 

improve the organization’s ability to adapt to changing 

market conditions. Economically, the model leads to cost 

reductions and a competitive edge by enabling agile decision-

making and fostering continuous improvement (Fredson et 

al., 2023). With these transformative benefits, the KPI-driven 

decision intelligence model is an invaluable tool for 

manufacturers looking to maintain operational excellence 

and remain competitive in the modern manufacturing 

landscape. 

 

2.4 Challenges and considerations 

The implementation of a KPI-driven decision intelligence 

model in advanced manufacturing environments provides 

significant operational, strategic, and economic benefits 

(Chukwuma-Eke et al., 2022). However, alongside these 

benefits, several challenges and considerations must be 

addressed for successful implementation and sustainable 

operation. These challenges range from data quality and 

integration issues to resistance to change within the 

organization, as well as the scalability and maintenance of the 

system as shown in figure 3. This explores these key 

challenges in detail and discusses strategies to mitigate their 

impact. 

One of the most significant challenges in implementing a 

KPI-driven decision intelligence model is ensuring the 

collection and integration of high-quality data from diverse 

sources (Okeke et al., 2023). Manufacturing environments 

often rely on a variety of data systems, including enterprise 

resource planning (ERP), manufacturing execution systems 

(MES), and supervisory control and data acquisition 

(SCADA) systems, each of which may handle different types 

of data in distinct formats. Integrating these systems into a 

single, cohesive decision intelligence model can be a 

daunting task, as discrepancies in data quality, 

inconsistencies in data definitions, and differences in data 

reporting structures can undermine the reliability of the 

insights derived from the system. Moreover, data quality is 

crucial for accurate decision-making. Inaccurate, incomplete, 

or outdated data can lead to misleading conclusions and poor 

operational decisions, which could negatively impact 

production efficiency, resource allocation, and cost 

management. Ensuring that data from all integrated sources 

is of high quality requires robust data governance practices, 

data cleansing procedures, and validation checks. 

Additionally, the integration process itself must account for 

any gaps in data or incompatible systems to avoid system 

failures or data silos (Bristol-Alagbariya et al., 2023). 

Addressing these challenges requires continuous efforts to 

standardize data and maintain data integrity across the entire 

organization. 

 

 
 

Fig 3: Challenges and considerations for successful 

implementation and sustainable operation 

 

Resistance to change is a common challenge when 

introducing new technologies or systems into an 

organization, especially in established manufacturing 

environments (Oluwafunmike et al., 2023). Employees, 

particularly those who have been accustomed to traditional 

processes such as email-based workflows, may be reluctant 

to adopt new decision-making technologies. This resistance 

can stem from several factors, including a lack of familiarity 

with the new system, concerns about additional workload 

during the transition period, and a general reluctance to move 

away from well-established practices. 

Organizational culture plays a significant role in this 

resistance. In many manufacturing environments, workers 

may feel that the new system threatens their autonomy or job 

security, as they may perceive technology as replacing human 

roles or altering their traditional ways of working 

(Chukwuma-Eke et al., 2023). Furthermore, decision-makers 

may fear that the new model will require significant 

investment in training and time before yielding tangible 

results. To overcome this challenge, organizations must 

ensure that there is strong leadership and clear 

communication throughout the migration process. Providing 

adequate training and ongoing support, involving employees 

early in the transition process, and showcasing the benefits of 

the new system can help reduce resistance and foster buy-in 

from key stakeholders. Additionally, demonstrating the 

model's capacity to empower employees and streamline their 

work processes can help alleviate concerns about the system's 

impact on job roles and responsibilities. 

Another critical consideration when implementing a KPI-

driven decision intelligence model is ensuring the scalability 

of the dashboard and model across various manufacturing 

scales (Oluwafunmike et al., 2022). Advanced 

manufacturing environments come in different sizes and 

complexities, ranging from small-scale operations to large 

multinational plants. The system designed to handle KPI  
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visualization and decision intelligence needs to be flexible 

enough to accommodate a wide range of operational 

requirements. Scalability concerns primarily focus on the 

model’s ability to scale up or down based on the size of the 

operation. For example, small manufacturers may not have 

the same level of resources or data complexity as large 

multinational companies, and a one-size-fits-all solution may 

not work effectively in all cases. Ensuring that the dashboard 

and decision intelligence model are adaptable to different 

operational scales requires careful planning and 

customization. Manufacturers must ensure that the system 

can handle a growing volume of data, more complex 

workflows, and expanding production lines without 

compromising performance or efficiency. In addition to 

scalability, the system must be designed for long-term 

maintenance. As manufacturing technologies evolve and new 

data sources or systems are introduced, the decision 

intelligence model needs to be adaptable and continuously 

updated (Oluwafunmike et al., 2022; Okeke et al., 2022). 

This includes regular system maintenance to address software 

updates, data integration challenges, and troubleshooting. 

Over time, the model’s algorithms may need recalibration to 

account for changes in manufacturing conditions, such as 

new machinery, production techniques, or shifting market 

demands. Ensuring that the system remains functional and 

aligned with business objectives requires dedicated resources 

for ongoing system management and support. 

While the KPI-driven decision intelligence model offers 

substantial benefits in terms of operational efficiency, 

strategic decision-making, and economic competitiveness, it 

is not without its challenges (Fredson et al., 2021; Okeke et 

al., 2022). Overcoming issues related to data quality and 

integration, addressing resistance to change from employees 

and management, and ensuring the scalability and 

maintenance of the system are critical for its successful 

implementation. Addressing these challenges requires careful 

planning, robust data governance practices, employee 

engagement, and the flexibility to scale the system based on 

organizational needs. By proactively addressing these 

considerations, manufacturers can maximize the potential of 

KPI-driven decision intelligence models, ultimately leading 

to enhanced operational performance and a more agile 

manufacturing environment. 

 

2.5 Future Directions 

The future of KPI-driven decision intelligence models in 

advanced manufacturing is poised to experience significant 

advancements as technology continues to evolve (Okeke et 

al., 2023). As industries increasingly embrace data-driven 

strategies, there are multiple avenues to refine, expand, and 

optimize these models. The convergence of artificial 

intelligence (AI), machine learning (ML), predictive 

analytics, and automation is expected to create new 

opportunities for operational control and decision-making 

across a range of manufacturing environments. This section 

discusses the future directions of KPI-driven decision 

intelligence, with a focus on technological advancements, 

industry-specific applications, and the integration of 

automation. 

One of the most exciting future directions for KPI-driven 

decision intelligence models is the integration of artificial 

intelligence (AI) and machine learning (ML). These 

technologies can significantly enhance the decision-making 

capabilities of manufacturing systems by refining the 

accuracy and predictive power of KPIs. AI and ML 

algorithms can analyze vast amounts of data from various 

sources, identifying patterns and trends that may not be 

immediately apparent to human analysts. The introduction of 

predictive analytics further strengthens this capacity. In the 

context of advanced manufacturing, predictive analytics can 

be leveraged to anticipate potential operational issues before 

they manifest, allowing for proactive intervention (Ogunsola 

et al., 2021; Adewale et al., 2021). By analyzing data in real-

time, predictive models can forecast machine failures, supply 

chain disruptions, or bottlenecks in production processes, 

enabling manufacturers to mitigate risks and optimize 

resources before problems escalate. This predictive capability 

is critical for maintaining continuous operations, minimizing 

downtime, and improving the overall efficiency of 

manufacturing processes. As the sophistication of AI and ML 

technologies increases, these systems will continue to refine 

their accuracy and become integral to daily decision-making 

in manufacturing operations. 

While the current KPI-driven decision intelligence model has 

shown significant promise in general manufacturing 

environments, there is considerable potential to expand the 

model to cater to different industries, each with its own 

unique challenges and requirements (Adekunle et al., 2021). 

The automotive, aerospace, and electronics sectors, for 

instance, each operate under distinct constraints, including 

complex supply chains, stringent quality control standards, 

and rapid product life cycles. adapting the KPI-driven model 

to address these industry-specific needs will enable 

manufacturers in these sectors to enhance performance and 

gain a competitive edge (Elujide et al., 2021; Ogbuagu et al., 

2022). In the automotive industry, for example, KPIs related 

to production efficiency, quality control, and inventory 

management can be used to optimize the assembly line 

process, reduce waste, and improve throughput. Similarly, in 

the aerospace industry, KPIs focused on precision 

manufacturing and regulatory compliance are crucial for 

ensuring product quality and safety. By integrating these 

industry-specific KPIs into the decision intelligence model, 

manufacturers can leverage real-time data to drive decisions 

that align with the unique demands of their industry. In 

electronics manufacturing, the model can be used to optimize 

supply chain management and monitor production cycles, 

ensuring the timely delivery of components and minimizing 

stockouts or overstocking. As industries continue to innovate 

and evolve, the flexibility of KPI-driven decision intelligence 

models will become increasingly important in addressing 

sector-specific challenges. Tailoring the system to meet the 

unique needs of different industries will require continuous 

collaboration between data scientists, engineers, and industry 

experts to ensure that the right KPIs are selected and 

integrated into the decision-making framework (Akinsooto et 

al., 2012; Adekunle et al., 2023). 

The integration of automation is another key future direction 

for KPI-driven decision intelligence models (Ogbuagu et al., 

2023). Automation in manufacturing has been steadily 

increasing, with many plants adopting automated systems for 

assembly, material handling, and quality control. As 

automated systems become more prevalent, the flow of real-

time data between systems will increase, providing an 

opportunity for continuous monitoring and decision-making 

(Odunaiya et al., 2021; Adekunle et al., 2023). By integrating 

KPI-driven decision intelligence models with automated 

manufacturing systems, manufacturers can enable a seamless 
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flow of data from production lines directly to the decision-

making framework, creating a fully automated and 

responsive manufacturing environment. Automation can help 

ensure that decisions are made in real-time, based on up-to-

the-minute data from machines, sensors, and production 

lines. By connecting automated systems with decision 

intelligence models, manufacturers can enhance the 

efficiency and accuracy of their operations, while also 

reducing the need for manual oversight. The use of automated 

decision-making systems is especially valuable in industries 

with high volumes of repetitive tasks or critical production 

deadlines, where even minor delays can lead to significant 

losses. The integration of AI, machine learning, predictive 

analytics, and automation holds the potential to transform 

manufacturing environments into highly efficient, adaptable, 

and responsive systems. As these technologies continue to 

evolve, manufacturers will be able to leverage real-time data 

and actionable insights to make more informed decisions, 

enhance operational control, and maintain a competitive edge 

in an increasingly fast-paced and dynamic market 

(Chukwuma-Eke et al., 2021). 

The future of KPI-driven decision intelligence models in 

advanced manufacturing is bright, with numerous 

opportunities to enhance operational control, improve 

decision-making, and drive competitiveness (Adewale et al., 

2021; Balogun et al., 2021). Advancements in AI, machine 

learning, and predictive analytics will continue to refine the 

model's capabilities, allowing for more proactive and data-

driven decision-making. The application of these models in 

industry-specific contexts, such as automotive, aerospace, 

and electronics, will further strengthen their relevance and 

impact across different manufacturing sectors. Moreover, the 

integration of automation with KPI-driven decision 

intelligence systems will lead to more agile and responsive 

manufacturing environments, enabling continuous 

optimization and improvement. As these technologies mature 

and become more deeply integrated into manufacturing 

processes, the potential for greater efficiency, cost reduction, 

and competitive advantage will only continue to grow 

(Onukwulu et al., 2023; Basiru et al., 2023). 

 

3. Conclusion 

In conclusion, the KPI-driven decision intelligence model, 

supported by integrated dashboards, offers significant 

advantages across operational, strategic, and economic 

dimensions. By enabling real-time monitoring of key 

performance indicators (KPIs), this model enhances 

operational efficiency by providing immediate insights into 

production processes, helping to identify inefficiencies and 

bottlenecks before they escalate. The visibility provided by 

the integrated dashboards empowers decision-makers to 

make data-driven decisions that are timely and well-

informed, which is critical in fast-paced manufacturing 

environments. Strategically, the use of these dashboards 

improves decision-making by ensuring alignment between 

operational actions and long-term business objectives, thus 

fostering a more agile and responsive manufacturing 

operation. Economically, the ability to identify cost-saving 

opportunities, streamline production, and reduce downtime 

enhances a company's bottom line and competitiveness. 

Looking toward the long-term impact, the integration of a 

KPI-driven decision intelligence model promises sustained 

benefits in operational control and sustainability within 

advanced manufacturing. As manufacturers increasingly 

adopt this data-centric approach, the continuous flow of real-

time data will enable more proactive management of 

production processes, reducing waste, optimizing resource 

allocation, and improving overall sustainability. Over time, 

the model will facilitate continuous improvement cycles, 

where each data point helps refine decision-making 

processes. Additionally, by enhancing adaptability, the 

model supports long-term resilience, enabling manufacturing 

operations to better respond to market fluctuations, 

technological changes, and regulatory shifts. The overall 

result is a more sustainable and future-ready manufacturing 

ecosystem that remains competitive and responsive to 

evolving industry demands. 
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