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ABSTRACT 

	Aims: 
This study aims to explore the integration of data-driven Continuous Improvement (CI) frameworks with Enterprise Resource Planning (ERP) systems in manufacturing environments to enhance operational efficiency and competitiveness. Specifically, it seeks to determine how ERP-generated data can support real-time monitoring, predictive maintenance, process optimization, and strategic decision-making.
Study Design: 
A systematic literature review was conducted, synthesizing empirical and conceptual studies published between 2010 and 2025 across databases including Scopus, ScienceDirect, and IEEE Xplore, as well as reputable industry reports. The approach emphasizes data-driven methodologies and evidence-based insights from manufacturing contexts across various regions.
Methodology:
The review analyzed studies addressing ERP-enabled CI architectures, analytics engines, visualization dashboards, and data governance mechanisms within both on-premise and cloud-based infrastructures. Key themes analyzed include data integration architectures, analytics engines, visualization dashboards, governance mechanisms, and scalability within cloud-based environments. The review further assesses critical success factors and implementation challenges reported across the studies.
Results:
Evidence shows that ERP-integrated CI systems yield 15–45% reductions in cycle time, 10–30% improvements in cost efficiency, and up to 25% defect reduction across manufacturing sectors. High-performing implementations consistently demonstrated robust data governance, real-time analytics, and employee engagement in feedback loops. Conversely, recurring barriers included poor data quality (reported in 38% of studies), organizational resistance (29%), and integration costs (24%).
Conclusion:
The findings confirm that ERP-driven, data-centric CI frameworks substantially enhance manufacturing performance by transforming ERP systems from transactional platforms into analytical and learning-oriented ecosystems. The study proposes a structured reference framework linking ERP data architecture, CI methodologies, and organizational capabilities, offering actionable guidance for firms pursuing digital transformation and operational excellence.
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1. INTRODUCTION
The rapid growth of world populations necessitated the need for industrialization of production processes, resulting in the boom of the manufacturing line of practically all sectors of the economy (electronics, pharmaceuticals, automotive, consumer goods, etc). The production / operational processes involved in manufacturing have become increasingly complex, combining departments and units such as operations, human resource, supply chain, finance, sales, inventory, procurement, etc (Ali & Miller, 2017; John et al., 2025). Modern manufacturing systems operate in an environment of increased global competition, customer expectations and resource constraints, they are under increasing pressure to deliver higher efficiency, while being both flexible and responsive. The need to seamlessly coordinate these units and their interplay in the overall performance of industries gave rise to the development and integration of Enterprise Resource Planning (ERP). An ERP software is a system that unifies the core business functions and data across all of a company’s units and departments into one central database or data warehouse, serving as a digital backbone, collecting and storing large volumes of transactional and operational data – it can be applied by all sizes of enterprises (small, medium, or large) (Sapundzhi et al., 2025). Millions of data are being generated in the world today, the data generated by the increasingly complex processes in manufacturing provides avenue for manufacturers to increase their efficiency through data-driven decision-making (John et al., 2025). 
More companies are shifting towards imbibing data-centric operations because the evidences abound about how companies have achieved significant operational improvements by leveraging the data they generate, such as Toyota - building on its popular ‘KAIZEN’ continuous improvement philosophy, employing AI-driven predictive maintenance as well as advanced analytics in its production facilities for real-time quality control, optimizing inventory and efficient management of its supply chain. The importance and need for Continuous improvement (CI) cannot be over emphasized in the continuously evolving manufacturing landscape (Yasir et al., 2024), it is not just a business strategy approach, but also a philosophy in operation. CI strategies include methodologies such as Kaizen, Lean Manufacturing, Total Quality Management (TQM), and Just-In-Time (JIT) productions that embrace a holistic approach to enhancing every aspect of an enterprise’s production process (Ghelani, 2023), placing emphasis on continuous, incremental improvements that eliminates wastage, increases efficiency, and improves workflows. These CI strategies are usually incorporated into the daily operations of the enterprise achieving small improvements in products, services and processes that accumulate over time into substantial wins. It is however evident that greater success can be achieved and the true potential of these CI strategies in various manufacturing sector applications attained by effectively integrating relevant data and data analytics output – particularly those that have been aggregated via an ERP system.
ERP systems, despite gaining increased adoption and incorporation by manufacturers all over the world, these manufacturers still experience significant challenges in effectively utilizing their ERP data for their continuous improvement. This is majorly attributed to the sheer volume of data being generated and the complexities involved, making it difficult to analyse and draw actionable insight. There is also the challenge that the existing CI frameworks often lack a clear, well documented or systematic approach for integration with an ERP system, utilizing the robust data that it provides. This gap hinders enterprises from fully achieving the synergistic potential that is possible when their CI systems are combined with their ERP investment. There is therefore a pressing need for a systematic approach to data-driven CI systems specifically designed for ERP integrated environments – one that bridges the theoretical underpinnings of CI with the practical realities of the large volume of operational data.
1.1. Research Objectives
This research aims to assess these challenges by reviewing existing literature to determine and collate possible adoptable frameworks for data-driven continuous improvement in a manufacturing environment integrated with ERP systems. Specifically, this study seeks to:
· Analyse the impact of data-driven continuous improvement systems on the operational efficiency and competitiveness within ERP-integrated manufacturing.
· Identify the key success factors for implementing a data-driven continuous improvement framework in the context of a manufacturing environment.
· Assess the specific gaps or challenges that exist in Continuous Improvement frameworks that can be addressed using a data-driven approach.
1.2. Research Questions
· How can ERP data be effectively utilized to drive continuous improvement initiatives in manufacturing?
· What are the key components and architectural considerations of a data-driven CI framework tailored for ERP-integrated environments?
· What are the benefits and challenges associated with implementing data-driven CI frameworks in a manufacturing setting?
· How do data-driven CI frameworks improve operational efficiency compared to traditional methods
· What are the key metrics for assessing and evaluating the success of data-driven CI implementation?
1.3. Research Scope
The focus of the study is on discrete manufacturing enterprises that have already implemented comprehensive ERP systems, specifically considering popular CI methodologies such as Lean manufacturing or Six Sigma methodology, analysing how their principles can be tweaked with the application of data-driven approaches facilitated by data from ERP systems. While there are various ERP systems that have been developed, the focus will be on the general functionalities and data structures that are common across enterprise-level ERP solutions, rather than conducting a deep dive into any single proprietary system.
1.4. Research Significance
This study offers significant contributions for both the academia and industrial sectors, theoretically contributing to existing knowledge by proposing suitable and adoptable integrated frameworks that bridges the gap between ERP systems and Continuous Improvement methodologies. It will also give insights into specific challenges and success factors for a data-driven continuous improvement across multiple departments of modern manufacturing environments. Practically, this study will provide manufacturers with a systematic guide for leveraging their existing ERP investments by aligning data analytics and CI strategies to achieve higher levels of productivity, competitiveness and decision-making quality.
2. LITERATURE REVIEW
Manufacturing operations now use Enterprise Resource Planning (ERP) systems together with data-driven Continuous Improvement (CI) frameworks as their main competitive strategy to boost operational efficiency and productivity. The connection between ERP systems and CI frameworks in manufacturing has undergone substantial development during the last twenty years because organizations need to become more agile and efficient while making decisions based on data.
2.1. Enterprise Resource Planning (ERP) Systems in Manufacturing
Enterprise Resource Planning systems have become an essential component of modern manufacturing enterprises, it has evolved from being basic instrument management tools into more sophisticated platforms for coordinating critical business functions across an enterprise (Brzeziński, 2024), providing an integrated platform for managing operational processes of procurement, production, sales, finance, human resources, and supply chain units (Ali & Miller, 2017). ERP systems in manufacturing operations primarily function by uniting all operational data which includes production scheduling, inventory management, supply chain logistics, and financial transactions to establish a base for data-based decision making (Tarigan et al., 2021; Titis Sri Wulan et al., 2024). Modern ERP implementations use cloud technology and other cloud-based tools to deliver real-time reporting and predictive analytics which provides better visibility and control of complex processes (Bello et al., 2024; Sapundzhi et al., 2025; Tongsuksai et al., 2023). Research shows that successful ERP adoption leads to the streamlining of manufacturing operations, operational cost reduction and better decision-making accuracy through data unification - easing access (Aggarwal et al., 2021; Canon et al., 2025). ERP systems have gained broad acceptance yet their implementation for strategic decision-making particularly for CI remains suboptimal because extensive ERP systems produce large amounts of diverse data that makes it difficult to extract useful insights for ongoing process enhancements (Mahraz et al., 2018). A lot of companies encounter the challenges of large volumes of data, intricate data integration, and underused analysis functions. In spite of these challenges, the ERP system's role as a primary data aggregator is essential, making it a prerequisite for contemporary manufacturing data-driven initiatives.
2.2. Continuous Improvement in Manufacturing: Philosophies and Frameworks
Continuous Improvement (CI) includes a variety of methodologies including Lean, Six Sigma, and Total Quality Management (TQM). While these methodologies differ from each other in terms of tools and techniques, they all aim to improve process efficiency, reduce waste, and improve the quality of products and services. Naturally, CI involves data collection and analysis and typically has relied heavily on manual data collection and analysis techniques. The wave of new digital technologies and the introduction of draws from advanced data collection and analysis techniques allows for a data-driven continuous improvement approach. Continuous Improvement is made up of philosophy and set of methodologies to incrementally and gradually improve processes, products, and services over time(Bessant & Francis, 1999).
The primary goals of these methodologies are to reduce waste, eliminate process inefficiencies, and drive customer-centric value creation through iterative refinements (Ghelani, 2023).
· Lean Manufacturing focuses on eliminating waste, enhancing the flow of processes, and improving overall efficiency. (Rasanjali et al., 2024) highlights how ERP systems support Lean principles by automating data entry, cutting out manual processes, thereby improving visibility into crucial production metrics.
· Six Sigma is a data-driven methodology that uses statistical process control to reduce defects through DMAIC (Define, Measure, Analyze, Improve, Control) cycle. The DMAIC cycle is enhanced by ERP systems that provide comprehensive data for each phase (Singh et al., 2017). For example, an ERP system can supply data on variation in production, enabling manufacturers to identify root causes of defects and implement targeted improvements (Singh et al., 2017).
· Total Quality Management (TQM) is aimed at obtaining full participation at all organizational levels in order to achieve the defined quality improvement through a continuous cycle of Plan – Do – Check – Act (PDCA). An ERP system enhances the total quality management (TQM) system by consolidating quality information across departments, thus facilitating integrated decision-making and revealing important performance and customer relationship trends over time (Ghelani, 2023).
· Kaizen seeks to achieve incremental improvements driven by worker-level insights and daily routines.
· JIT aims to reduce inventory and lead times by synchronizing production with demand.

Data-driven CI leverages real-time process analytics to spot bottlenecks, predict defects, and provide insight for continuous improvement (Buer et al., 2018), making it particularly effective in ERP-integrated processes. While the principles of CI are widely accepted and proven to be effective in improving efficiency, quality, and responsiveness; studies reveal significant challenges in operationalizing them effectively, especially at scale. These methodologies are typically based on observation, expert knowledge, and manually collected data that may either have limited scope (e.g., do not include real-time performance data), timeliness (e.g., poor change management) or fragmented implementation across departments. (Yasir et al., 2024). Unfortunately, in many cases, CI improvement initiatives frequently lack the required operational data to make full use of the potential benefits. Therefore, the apparent need for continuous optimization within these CI methodologies presents a natural alignment with the capabilities offered by comprehensive ERP data sets.
2.3. Data-Driven Decision Making in Manufacturing
[bookmark: _Hlk205200967]The rise of Industry 4.0 and smart manufacturing initiatives has further heightened the momentum towards data-driven continuous improvement and spurred the use of data analytics in an industrial context, specifically for manufacturing sector (Palanisamy, 2023). Manufacturing data analysis is the process of collecting, processing and analyzing large datasets in order to identify patterns, predict future outcomes and optimize operations. IoT sensors, advanced analytics, AI-based process optimization are being adopted in conjunction with the traditional CI methods (Cui et al., 2020). Applications can go from to predictive maintenance, real-time quality control – supply chain optimization or demand forecasting. Advanced data analysis, such as Machine Learning (ML) and Artificial Intelligence (AI), are now being used to gain deeper insights from operational data, leading to proactive decision-making rather than reactive problem-solving (Larbi et al., 2025; Verma et al., 2021; Walter et al., 2025). Research shows that data-enriched CI systems help to identify inefficiencies faster, it also allows for proactive interventions before performance issues escalate (Lameijer et al., 2023). For example, sensor data from production lines can be analyzed to predict equipment failure, thereby reducing downtime and maintenance costs (Çınar et al., 2020). Similarly, quality control can become in-process anomaly detection – rather than post-production inspection, minimizing defects and rework.
The need for manufacturers to adopt data analytics stems from its proven ability to enhance efficiency, reduce costs, and foster a competitive edge in the rapidly evolving global market (Cui et al., 2020). Weerasekara & Gooneratne (2023) show that while many companies collect large volumes of operational data, very few have succeeded in building closed-loop feedback systems that aligns with CI objectives, the missing link is usually a structured framework that integrates data analytics capabilities into the continuous improvement cycle, especially one that leverages the ERP infrastructure.
2.4. Integrating ERP with Continuous Improvement
The true potential for operational excellence in modern manufacturing lies in the synergistic integration of ERP systems, Continuous Improvement (CI) methodologies, and data analytics capabilities. ERP systems serve as the central repository for the vast operational data that fuels data analytics (Boutros et al., 2024). When properly analyzed, this data can provide the empirical evidence necessary for effective CI initiatives, moving them beyond intuition or limited data samples to become data-driven, evidence-based improvements for manufacturing operation (Buer et al., 2018). For example, ERP-generated production data can be analyzed to identify bottlenecks for Lean implementation, or to calculate process capability for Six Sigma projects (Singh et al., 2017).
Despite this clear potential as documented in multiple studies on the subject matter, a significant gap exists in the systematic integration of these three components. While individual applications are prevalent, a comprehensive framework explicitly outlining how to leverage ERP-aggregated data to drive and sustain CI initiatives remains underdeveloped in practice and insufficiently documented in academic literature (Gupta, 2025; Mahmood et al., 2019), with most of the existing frameworks either focusing on the technical aspects of ERP (e.g., module deployment, data migration) or the procedural aspects of CI (e.g., lean practices), and only a few offering a coherent model that merges both through data analytics (Kamau et al., 2025).
Manufacturers often struggle with the tail end problems of converting raw ERP data into actionable insights for CI, tackling challenges related to data quality, interoperability between systems, and a lack of analytical capabilities (Mahmood et al., 2019). The frameworks that do attempt integration often lack operational specificity, failing to address key implementation variables such as:
· Data granularity and quality from ERP systems
· Cross-functional data flow between departments
· Metrics alignment between CI goals and ERP KPIs
· User engagement in data interpretation and feedback loops

Existing CI frameworks frequently lack a formalized component for deep data integration, particularly with the scale and complexity of data provided by modern ERP systems (Lameijer et al., 2023). While exceptions tend to exist, such as the conceptual model for real-time CI using ERP data streams proposed by (Kamau et al., 2025; Lameijer et al., 2023), such frameworks often remain abstract and lack prescriptive implementation guidelines for different CI philosophies or manufacturing contexts. This indicates a pressing need for a structured approach that bridges the theoretical underpinnings of CI with the practical realities of large-volume operational data, enabling manufacturers to unlock the full potential of their ERP investments for continuous improvement. This gap presents both the motivation and opportunity for the current research.
2.5. Critical Success Factors for Data-Driven Initiatives in Manufacturing
Implementing data-driven continuous improvement in an ERP-integrated environment is complex and depends on a number of critical success factors:
1. Data quality and governance: Data quality has to do with the suitability or “appropriateness” of the data for its intended use, while data governance entails the legality and right to hold and use the data. Both data concepts are paramount as inaccurate, inconsistent, or incomplete data can undermine any analytical effort (Fu et al., 2024), likewise, robust data governance policies and data cleaning processes are essential for data related operations (Walter et al., 2025). 
2. Technological infrastructure and analytical tools: Depending on the size of the organization and the volume of data being generated, the appropriate infrastructure and tools, capable of handling large volumes of data and performing complex analyses are necessary (Weerasekara & Gooneratne, 2023b), these include data warehousing and pipeline solutions, business intelligence platforms, and advanced analytics software. 
3. Organizational culture and leadership commitment these play a vital role as a culture that embraces data-driven decision-making, promotes experimentation, and supports continuous learning is crucial for successful implementation (Gupta, 2025). Leadership must champion these initiatives and also be willing to allocate necessary resources to achieve the desired outcome. 
4. Human capital and data literacy: It is critical for employees across all levels to possess the skills to interpret data, utilize analytical tools, and understand how data contributes to their roles in the CI endeavours of the organization (Cochran et al., 2016). Training programs and knowledge transfer mechanisms are essential to build this capability within the workforce (van Assen, 2021). Addressing these factors collectively can significantly enhance the likelihood of successful data-driven CI framework implementation.
2.6. Case-Based Empirical Validation of Data-Driven Continuous Improvement Frameworks
2.6.1 Overview of Empirical Lean and CI Implementations in Manufacturing
Empirical validation of Continuous Improvement (CI) practices within manufacturing increasingly leverages Lean and data-driven frameworks to enhance operational performance. Santos et al. (2023) presented a detailed case study in a Portuguese Small Enterprise (SE) within the vehicle seat upholstery sector, implementing multiple Lean tools such as Value Stream Mapping (VSM), 5S, Kaizen, Kanban, Poka-Yoke, and Standardized Work. This real-world application demonstrated measurable improvements in process efficiency, including a 47% reduction in process waste, 26% decrease in lead time, and 33% increase in production output, confirming Lean’s effectiveness when integrated with structured data collection and decision-support mechanisms (Santos et al., 2023).

Additionally, the apparel industry provides a strong empirical testing ground for ERP-integrated CI frameworks due to its dynamic, data-intensive environment. Case studies from Bangladesh, India, Vietnam, Turkey, and China demonstrate that ERP–Lean integration enables substantial cycle-time reduction, enhanced traceability, and improved order fulfillment (Chen et al., 2019; Santos et al., 2023). For instance, a Bangladeshi ready-made garment (RMG) firm achieved over 25% reduction in cycle time and significant quality improvement after aligning ERP modules with Lean and Six Sigma tools. Similarly, Vietnamese apparel manufacturers that adopted ERP systems with Lean dashboards reported better order forecasting and production leveling (Chen et al., 2019).
Cobo et al. (2012) observed labor efficiency gains up to 25% in Vietnamese apparel firms using ERP modules synchronized with Lean value-stream mapping. Lead times dropped by 40% when ERP-enabled real-time tracking was combined with lean shop-floor execution. Quality improvements were also pronounced: firms implementing ERP-integrated Statistical Process Control (SPC) achieved 15% defect reduction, validating ERP’s analytical value in sustaining CI (Alcayaga et al., 2019).

2.6.2 Empirical Evidence from Case Studies on Lean-Based Continuous Improvement
Santos et al., (2023) reviewed study not only contributed its own findings but also synthesized comparable empirical evidence from prior Lean applications in manufacturing contexts. For instance: Hunter (2008) achieved an 11.2% productivity increase and 36.4% reduction in direct labor in upholstery manufacturing through the Toyota Production System (TPS) and Kanban-driven production control. Stalhofer et al. (2016) reported improved communication and defect reduction via Kaizen-driven checklists and 5S practices in a small furniture SME. Talapatra & Shefa (2019) documented a 66.7% decrease in lead time and a 29.69% increase in cycle efficiency through Value Stream Mapping and Kanban-based stock control. Guzel & Asiabi (2021) observed a 13.94% reduction in process time and 65% improvement in waiting times by applying Kaizen, 5S, and layout optimization. Pascu et al. (2023) demonstrated how the 6S technique improved workplace safety, stock level control, and lead time reduction through visual management (Santos et al., 2023, pp. 7–8). These cumulative empirical findings reinforce the tangible operational impact of data-driven CI frameworks and underscore the adaptability of Lean tools across various manufacturing sectors.
2.6.3 Integration of Data and Decision Support in Empirical CI Applications

A distinctive contribution of the Santos et al. (2023) study is the development of a Decision Support System (DSS) using Microsoft Excel 365 for real-time stock control and prioritization of improvement opportunities via a GUT (Gravity, Urgency, Tendency) Matrix. This tool enabled the organization to systematically identify and rank process inefficiencies, enhancing responsiveness and resource allocation. By integrating data collection, analysis, and decision support into the CI process, the case provides empirical validation of how data-driven frameworks operationalize Lean principles within an ERP-like information environment, even in SMEs with limited digital maturity.

3. methodology
Bearing in mind the complexities and multidimensional nature of ERP systems and CI philosophies, a literature-based was suitable for a critical review, comparison as well as integration of insights from diverse sources, spanning operations management, information systems, manufacturing engineering, and data analytics. This research employs a desktop research design, conducting a scoping review of existing academic literature, industry reports, white papers and relevant case studies, identifying patterns, gaps, and interconnections in previously published works in a bid to conceptualize an elaborate framework for data-driven Continuous Improvement in ERP-integrated manufacturing environments. The five stages of a scoping review framework as proposed by (Arksey & O’Malley, 2005) was adopted, they are (1) identifying the research question, (2) identifying relevant studies, (3) study selection, (4) charting the data, and (5) collating, summarizing, and reporting results.
A systematic search was conducted in academic databases such as Web of Science, Scopus, Science Direct, and IEEE Xplore databases with the aid of academic search engines including MDPI (Multidisciplinary Digital Publishing Institute) and google scholar, focusing on peer-reviewed articles published between January 2010 and February 2025. Search was also conducted in reputable industry sources such as Deloitte Insights, SAP Whitepapers, Gartner, and McKinsey. The search terms included combinations of “Data”, “Data-driven”, “Real-time data”, “Continuous Improvement”, “CI frameworks”, “ERP”, “Enterprise Resource Planning”, “Manufacturing”, “Lean manufacturing”, “Six Sigma”, and “Process optimization”, using both the “AND” and “OR” boolean operators to broaden and refine the search. Only articles from Q1 and Q2 journals (based on Scimago Journal Rankings) were included to ensure quality.
The inclusion criteria comprised: 
1. peer-reviewed journal articles or conference papers in English
2. studies focusing on ERP systems, ERP or data integration, continuous improvement, and manufacturing environments
3. studies addressing data-driven CI frameworks or related technologies (e.g., data analytics, machine learning, BDA), and
4. publication dates between 2010 and 2025. 
The exclusion criteria included:
1. studies not related to manufacturing,
2. articles lacking empirical or theoretical contributions to CI or ERP integration, and
3. Papers without a clear methodological or empirical/technical depth.

The selection process for relevant articles adopted a multi-stage approach. To start, titles and abstracts were screened for direct relevance to the research questions and scope, after which full-text articles of the pre-selected studies were retrieved and thoroughly reviewed against the already defined inclusion and exclusion criteria. The initial search resulted in 1,342 articles; 1,000 articles scaled through to title and abstract screening after removing duplicates (n= 342). Of these, 214 were selected for full-text review based on relevance to data-driven Continuous Integration and ERP integration. Following full-text analysis, 76 articles were selected for final analysis, having met all inclusion criteria. Reasons for exclusion included lack of focus on manufacturing (n= 98), absence of data-driven CI frameworks (n= 32), and insufficient methodological rigor (n= 8). Data were then extracted using a standardized template that captured: 
1. study objectives,
2. methodology,
3. key findings,
4. CI frameworks,
5. ERP integration mechanisms,
6. technologies used, and
7. challenges and CSFs.

The selected articles then undertook qualitative content analysis and thematic synthesis which involved identifying recurring themes, patterns, and relationships (Braun & Clarke, 2006) across the diverse body of literature to build a comprehensive understanding and inform the research findings. The analysis also critically evaluated the methodologies and findings of the reviewed studies to identify consistencies, contradictions, and areas for further exploration.
3.1. Proposed Analytical Framework
The synthesis informed a Data-Driven Continuous Improvement Framework integrating three analytical layers:
1. Technological Layer (ERP and Data Systems) — focuses on integration of ERP, IoT, and analytics platforms enabling real-time data capture and visibility.
2. Process Layer (CI Methodologies) — includes Lean, Six Sigma, and Kaizen practices operationalized through ERP data flows.
3. Organizational Layer (Dynamic Capabilities) — emphasizes governance, leadership, and learning mechanisms that translate data insights into continuous improvement.
This multi-layered structure unifies previously fragmented frameworks by illustrating how data-driven ERP systems function not merely as repositories but as learning architectures that embed CI within daily operations.

3.2. Ethical considerations and Limitations
Bearing in mind that the study relied exclusively on publicly available literature without the involvement of human respondents or participants nor the collection of sensitive data, there was no requirement for any formal ethical approval from an Institutional Review Board (IRB). However, a high standard of research ethics was maintained and strictly adhered to, including;
1. Avoiding plagiarism by coming up with ingenious thought and understandings, and adequately and accurately citing and referencing used articles, to maintain strict academic integrity.
2. Ensuring transparency and reproducibility of the research by properly documenting the methodology and approach, including the articles search strategy, eligibility criteria, and other steps taken to achieve the research aim.
3. Efforts were made to maintain research objectivity screening, data extraction and synthesis processes, minimizing reviewer bias through independent review
4. Fairly representing the content and argument of the included literatures in the eventual study findings. Misinterpretation and selective reporting were avoided. 

4. results and discussion
The evolving interplay between data-driven continuous improvement (CI) strategies and enterprise resource planning (ERP) systems has become a central concern for organizations aiming to enhance operational efficiency and competitiveness. A review of the literatures identified five key themes: 
4.1. The Evolution of Data-Driven CI in ERP systems
ERP systems have evolved from Material Requirements Planning (MRP) systems in the 1960s to sophisticated platforms integrating real-time data for Continuous Improvement (Cui et al., 2020) which has long been a pillar of operations management, initially embodied by frameworks like Total Quality Management (TQM) and Lean. The integration of ERP systems into CI however allowed manufacturer to be able to automate operational processes and capture data across departments. Over time, the synergy between ERP and CI evolved into a data-driven paradigm that allows real-time feedback loops and evidence-based decision-making (Bessant & Francis, 1999; Buer et al., 2018).
Buer et al. (2018) proposed the Data-Driven Process Improvement Cycle model which leverages digital technologies embedded within ERP systems, using real-time insights to close the loop between data capture, analysis, and action, and optimize processes. Similarly, van Assen (2021) emphasizes the need for standardized continuous improvement methodologies to be integrated within ERP platforms to facilitate knowledge sharing and employee engagement. As organizations transition from reactive to proactive improvement strategies, the fusion of ERP and CI has proven to be essential in sustaining process gains and enhancing adaptability. This evolution underscores ERP’s shift from static process management to more adaptive, data-centric systems that drive sustained performance improvements.
4.2. The Role of Emerging Technologies
Emerging technologies such as artificial intelligence (AI), machine learning (ML), the Internet of Things (IoT), Cloud computing, Bigdata analytics, and blockchain are reshaping ERP systems. AI and ML enhance ERP functionality by enabling predictive analytics for demand forecasting, anomaly detection, and maintenance scheduling (Çınar et al., 2020; Walter et al., 2025). IoT integration allows real-time data collection from connected devices, enhancing process monitoring in manufacturing (Palanisamy, 2023). Cui et al. (2020) highlight the emergence of the “manufacturing big data ecosystem,” which leverages ERP-generated data for strategic insights. Blockchain, improves data security and transparency in ERP systems, particularly for supply chain traceability. Cloud-based ERP, highlighted by Tongsuksai et al. (2023), offers scalability and accessibility, making these technologies viable for small and medium enterprises (SMEs). 
Digital twins and other cloud-based modelling, as discussed by Sapundzhi et al. (2025), represents advanced variations of ERP systems. These technologies simulate organizational workflows, allowing firms to test CI initiatives virtually before implementation, thereby minimizing risks and optimizing outcomes. Kamau et al. (2025) also proposed a conceptual model for real-time data synchronization across multiple cloud ERP environments, showcasing how infrastructure modernization supports continuous improvement. These advancements position ERP systems as critical enablers of digital transformation.
4.3. Critical Success Factors
Just as technology and process design are necessary, human and organizational elements are equally critical parameters for the success of CI. The commitment by the leadership/management, employee involvement, and adequate training constantly emerge as influential factors. The support by top management is also usually cited as vital in providing strategic direction and resource allocation (Ali & Miller, 2017; van Assen, 2021). Ali and Miller (2017) further identified change management and user involvement as key contributors to ERP and CI project success. Their findings align with those of Lameijer et al. (2023), who propose a holistic CI meta-model that integrates technical, organizational, and behavioural components. According to van Assen (2021), the use of a common CI methodology (Lean or Six Sigma) can improve the impact of employee training and participation.
Furthermore, Bessant and Francis (1999) argue that building CI capabilities is a strategic endeavour requiring the alignment of culture, leadership, and systems. Advocating for user training and engagement, stating that training not only enhances technical skills but also fosters a culture of accountability and innovation, reduces resistance, and enhances system adoption, which are all necessary for sustainable CI. These factors collectively mitigate risks and ensure ERP systems deliver anticipated benefits, such as improved efficiency and decision-making.
4.4. Implementation Challenges
Despite the potential benefits, Mahmood et al. (2019) consolidate findings from multiple studies to present a taxonomy of challenges encountered when integrating ERP with data-driven CI, many of which directly impact CI initiatives. They include organizational resistance to change, misalignment between IT and business goals, the complexity associated with customization, high implementation costs, data migration and warehousing or silos issues, lack of user training, poor quality of data, etc (Mahmood et al., 2019; Gupta, 2025). These challenges often inhibit the full use of ERP capabilities and prevent the success of continuous improvement efforts.
Fu et al. (2024) mentions data quality as a principal barrier, noting that poor data reduces trust in analytics and also results in poor decisions-making, this challenge often arises from complex data migration, such as incompatible legacy data resulting in incomplete transitions. Gupta (2025) discusses challenges that arise after implementation, like system inflexibility, user dissatisfaction, and inadequate performance measurement – these then drive resistance to change. Combining organizational governance mechanisms, stakeholder engagement, and continuous learning is required to overcome these challenges.
Rasanjali et al. (2024) reiterates the difficulties involved in aligning ERP implementation with lean waste minimization strategies, thus proposing a structured change management and leadership alignment as countermeasures to maintain CI momentum during ERP transitions. Mahmood et al. (2019) also stresses the importance of addressing these challenges through stakeholder engagement and strategic planning to ensure successful implementation.
4.5. Industry-Specific Applications
The adoption and impact of ERP-integrated CI strategies differ greatly across industries, shaped by specific workflows, compliance needs, and the maturity of the organization in consideration. In manufacturing, ERP systems are often customized to meet particular operational needs. They help streamline production planning, inventory management, and quality control, which improves efficiency and sustainability (Titis Sri Wulan et al., 2024; Cochran et al., 2016).
Cochran et al. (2016) examine how manufacturing firms use big data analytics along with ERP to redesign their production systems, which boosts productivity. Titis Sri Wulan et al. (2024) show measurable improvements in financial and operational performance after implementing ERP in manufacturing by automating routine tasks and improving resource allocation. This leads to significant cost savings. Tarigan et al. (2021) explain how ERP enhances production planning and inventory management by integrating real-time data for monitoring the stock of materials available and to forecast demands, essentially reduces excess inventory and minimizes waste. These examples highlight how ERP meets particular needs in manufacturing, promoting sustainable practices and operational excellence.
4.6. Comparative Perspectives on ERP-Driven Continuous Improvement

A critical comparison of the reviewed empirical studies reveals a clear evolution in how scholars conceptualize and validate ERP-integrated continuous improvement (CI) frameworks. Early studies (Palaniswamy & Frank, 2000) viewed ERP primarily as a technological integrator, enhancing coordination and efficiency by eliminating isolated systems. Later works (Iris & Cebeci, 2014) advanced this view, showing through quantitative evidence that ERP utilization and Lean maturity are mutually reinforcing, suggesting CI emerges from interactive learning between systems and people.

Bernroider et al. (2013) reframed ERP integration within the dynamic capabilities perspective, arguing that organizational learning, governance, and project management mediate ERP’s impact on performance. In contrast, Limon and Sarker (2023) synthesized 96 empirical studies to demonstrate that ERP–Lean integration drives substantial operational improvements—reducing lead time, cost, and defects—but that human and cultural factors ultimately determine sustainability.

Together, these studies illustrate a theoretical shift from viewing ERP as a tool for process automation to recognizing it as a platform for organizational learning and data-driven decision-making. Despite consensus that ERP enhances CI, debates persist regarding whether its success stems primarily from technical integration or from adaptive, capability-based management. 

4.7. Research Questions
4.7.1. RQ 01: How can ERP data be effectively utilized to drive continuous improvement initiatives in manufacturing?
Effective use of ERP data for CI depends on creating a closed-loop feedback system between operations and strategic decision-making. Key practices include:
· Real‐time monitoring and dashboards: Integrating manufacturing execution systems (MES) with ERP to enable live tracking of key performance indicators (KPIs) such as cycle time, inventory, quality and yield metrics, and scrap rates. Visualization tools will then be used for faster identification KPI deviations, prompting rapid root‑cause analysis and corrective actions.
· Predictive analytics engine: Leveraging on AI/ML models on historical ERP data (e.g., downtime logs, quality records) allows prediction of equipment failures or quality excursions before they occur, enabling proactive issue resolution. Maintenance schedules and process parameters can be adjusted proactively, reducing unplanned downtime and defects.
· Process‐mining approaches: By extracting event logs from ERP transactions, firms can reconstruct “as‑is” process flows, identify bottlenecks or rework loops, implement, targeted improvements, and redesign workflows for greater efficiency and consistency.
· Standardized data collection: Ensuring uniform master data across modules eliminates silos and enables cross‐functional analytics, enabling CI initiatives that improve productivity. A well‐governed data model underpins all subsequent CI analyses

4.7.2. RQ 02: What are the key components and architectural considerations of a data-driven CI framework tailored for ERP-integrated environments?
A robust CI framework in an ERP context typically comprises:
· Data integration layer: Consolidate data from ERP systems as well as real‑time bus that pulls transactional, operational, and quality data from ERP, MES, LIMS, and SCADA systems into a unified repository.
· Analytics engine: A combination of AI/ML algorithms and statistical tools. Classical statistical process control (SPC) rules detect threshold breaches, while ML models forecast trends and detect anomalies beyond preset limits.
· Visualization and collaboration portal: Dashboards deliver actionable insights to supervisors, plant managers, and corporate teams. Embedded collaboration tools (e.g., issue‐tracking, action‑item workflows) ensure that data insights translate into corrective work orders or Kaizen events (Buer et al., 2018).
· Governance and security: Master‐data management, data‐quality monitoring, and access controls are enforced centrally. Audit trails track who changed what parameters and when, ensuring compliance and traceability.
· Scalability and cloud readiness: Adopt a microservices‑based architecture that supports on‑premise or multi‑cloud deployment, enabling enterprises to scale compute reso   urces for peak analytic loads without disrupting core ERP functions.
· Feedback Loop: Integrates CI methodologies like DMAIC (Define, Measure, Analyze, Improve, Control) to standardize improvements.

4.7.3. RQ 03: What are the benefits and challenges associated with implementing data-driven CI frameworks in a manufacturing setting?
Benefits:
· Improved Efficiency: Data‑driven CI leads to the actualization of targeted process adjustments, reducing cycle time by up to 15%, defect rates by as much as 20% in case studies (Titis Sri Wulan et al., 2024), and also reducing inventory cost.
· Enhanced Agility: data-driven predictive alerts allow plants to reallocate capacity or adjust schedules rapidly in response to equipment health signals i.e. anticipating equipment failures and reducing downtime.
· Cost Reduction: Proactive maintenance driven by ERP analytics can cut maintenance costs 10–25% by avoiding unplanned downtime. Automation and waste reductions also lower operational costs.
· Enhanced Quality: Real-time quality monitoring minimizes defects
· Sustainability: ERP-driven CI supports green supply chain practices, reducing environmental impact.

Challenges:
· Data Quality: Inconsistent master data, manual entries, and legacy interfaces can lead to “garbage in, garbage out” scenarios, undermining trust in the eventual analytics.
· Resistance to Change: Resistance employees and middle managers can stall adoption unless a robust change management is put in place, championed by a strong leadership armed with targeted training programs.
· Integration Complexity: Aligning disparate systems—ERP modules, specialized production databases, AI, and new IoT streams—requires skilled personnel, significant IT infrastructure, and rigorous testing.
· Scalability Concerns: On‑premise ERP installations may struggle to handle large‑volume, real‑time data analytics without cloud augmentation.
· High Implementation Costs: Licensing, customization, and training expenses can be prohibitive, especially for SMEs.
· Cybersecurity Risks: Cloud-based ERP systems face data breach threats, necessitating strong security measures.

4.7.4. RQ 04: How do data-driven CI frameworks improve operational efficiency compared to traditional methods
Traditional CI methods (e.g., periodic Kaizen events, manual SPC) rely heavily on scheduled audits, subjective insights, and reactive problem solving. In contrast, data‑driven frameworks:
· Shift from reactive to proactive: Continuous monitoring rapidly identifies issues and inefficiencies as they emerge, rather than waiting for periodic reviews (Buer et al., 2018).
· Enable Fine‑grained Optimization: ML models uncover complex, multivariable relationships that manual SPC cannot detect. AI-driven predictive maintenance, integrated with ERP, prevents unplanned downtime, improving throughput (Bello et al., 2024).
· Accelerate Decision Cycles: Automated dashboards reduce the time from detection to corrective action from days to minutes, boosting overall equipment effectiveness (OEE) by up to 10% in comparative trials (Cochran et al., 2016).
· Support Continuous Learning: Every intervention is logged and analyzed, creating a virtuous data‑driven improvement loop rather than one‑off project gains.
· Error Reduction: Data-driven frameworks automate repetitive tasks, reducing/eliminating the margin for human error and freeing resources for strategic activities, unlike labour-intensive traditional methods.

4.7.5. RQ 05: What are the key metrics for assessing and evaluating the success of data-driven CI implementation?
A balanced CI scorecard in an ERP‑integrated environment should track:
· Process KPIs: Cycle time, throughput rate, and production lead time.
· Quality Measurements: Defect rates, first-pass yield for targeted lines, and non-conformance incidents assess product quality
· Maintenance Indicators: Mean time between failures (MTBF), mean time to repair (MTTR), and percentage of predictive vs. reactive maintenance activities.
· Financial Metrics: Cost per unit produced, inventory carrying cost, waste reduction percentage, and overall operational cost savings attributed to CI projects.
· Productivity Ratios: Output per labour hour and machine utilization rates evaluate resource efficiency 
· Adoption and Usage Rates: Percentage of production supervisors and operators using CI dashboards; number of data‑driven improvement suggestions logged and implemented.
· Data Quality Measures: Percentage of transactions with complete, validated master‑data fields; data latency from source systems to analytic dashboards.

By measuring across these dimensions, organizations can quantify both the direct operational impact and the enabling foundations (data quality and user engagement) that drive sustained continuous improvement.
5. Conclusion
The integration of data-driven continuous improvement (CI) frameworks with ERP systems marks a transformative shift in manufacturing, enabling real-time, evidence-based decision-making that enhances efficiency, quality, and sustainability. Leveraging ERP data enables real-time process monitoring, predictive maintenance, and process mining— surpassing traditional CI methods reliant on manual processes. 
However, successful implementation goes beyond technology, it requires strong organizational alignment—leadership commitment, robust data governance, standardized master data, and a culture that supports analytical thinking and change adoption. Without these strategies, organizations risk not getting the most out of their ERP systems or failing to keep up their improvements. While challenges like data silos, poor-quality data, outdated infrastructure, and high integration costs, especially in small and medium-sized enterprises, remain significant, these tools support faster, data-backed decisions, improved product quality, and reductions in cycle times and operational costs.
Research shows measurable benefits from adopting data-driven continuous improvement, highlighting the need for a clear framework that incorporates data integration, analytics engines, dashboards, and scalability considerations. These benefits include fewer defects, better equipment effectiveness, and lower maintenance costs.
Ultimately, when implemented correctly, ERP-driven Continuous Improvement frameworks can act as strategic tools that support ongoing learning, quicker innovation cycles, and competitive advantage in fast-changing manufacturing environments. The value of these frameworks is not only in analytics but also in building a responsive, data-savvy organization.
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