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ABSTRACT: The rapid development of industry 4.0 has significantly accelerated the
advancement of decision support system (DSS) specifically, in the lean manufacturing sector.
This study explores the integration of data analytics (DA) within the development of lean-
DSS, motivated by the necessity for academicinsights into creating more efficient and effective
systems. By conducting a bibliometric review based on the Scopus database, this research
identifies the key trends, methodologies, and gaps in the current literature. The findings
have led to the creation of a novel framework, iDSS-ProLean, which has been successfully
registered with the UTeM innovation department and presented with positive results. This
framework serves as a blueprint for future DSS development, offering a structured approach
to enhance the decision-making processes in lean manufacturing environments.
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1.0 INTRODUCTION

The advent of Industry 4.0 in 2011 marked a significant turning point in the manufacturing
sector by integrating advanced technologies [1]. This revolution drove the need for more
sophisticated DSS to enhance operational efficiency and competitiveness, particularly
benefiting lean manufacturing, which focuses on minimizing waste and maximizing value.
Coupling DSS with DA provides a robust framework for real-time decision-making and
continuous improvement in lean environments [2]. The rapid technological development
necessitates a comprehensive academic perspective on the evolution and impact of DSS in
lean manufacturing [3].

This bibliometric review aims to analyze existing literature on DSS and DA drawing insights
from the Scopus database. By examining trends, methodologies, and research gaps, this study
seeks to understand how DSS has evolved with DA since Industry 4.0’s inception and proposes
a novel framework, iDSS-ProLean, to guide future DSS development in manufacturing.

20 METHODOLOGY

To address the research questions, this study employed a bibliometric analysis methodology,
as advocated by various scholars, to scrutinize research trends in DSS and DA within lean
manufacturing. Data extraction was conducted using the Scopus database, recognized as the
largest indexer of global research content, encompassing titles from over 5,000 publishers
worldwide. The search query used was: "TITLE (“decision support system” OR “DSS” OR
“data analytics” OR “DA” OR “lean manufacturing” OR “LM”) AND TITLE (“development”
OR “lean production line” OR “development”)’, which yielded 346 articles post-initial
document screening.
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Further screening involved a manual review of abstracts and full texts to eliminate duplicates
and irrelevant articles, resulting in the selection of the top 50 highly cited articles. This rigorous
screening process ensured the inclusion of studies with high relevance, methodological rigor,
and significant impact on the field. The earliest publication dated back to 2011, highlighting
the utilization of DSS for lean tools selection in the USA. By focusing on publications from
2011 onwards, this study captures the evolution and integration of DSS and DA in the context
of Industry 4.0 and lean manufacturing.

Literature search on lean-DSS
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Figure 1 Bibliography Flow Chart

The selected 50 articles were analyzed using bibliometric indicators such as citation analysis,
co-authorship networks, and keyword co-occurrence to identify key trends, methodologies,
and research gaps.

3.0 RESULTS

The bibliometric analysis conducted in this study yielded several key insights into the
development and integration of DSS and DA within the lean manufacturing sector since the
advent of Industry 4.0 in 2011.

3.1 Key Trends and Methodologies

The analysis identified a significant increase in publications related to DSS and DA in lean
manufacturing, particularly after 2015. This surge aligns with the growing emphasis on
Industry 4.0 technologies and their applications in manufacturing [4]. The highly cited articles
focused on the integration of IoT, big data, and artificial intelligence within DSS frameworks
to enhance lean manufacturing processes.

3.2 Research Gaps

Despite the wealth of research, several gaps were identified. Notably, there is a limited
exploration of real-time data integration from IoT devices into DSS for dynamic decision-
making [5-8]. Additionally, while there are studies addressed specific aspects of lean
manufacturing, such as waste reduction and process optimization, few offered comprehensive
frameworks that integrate multiple lean tools and technologies. The top 50 highly cited
articles contributed significantly to the field by providing foundational theories, robust
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empirical evidence, and innovative methodologies. These articles collectively advanced the
understanding of how DSS and DA can be leveraged to achieve lean manufacturing goals.

Table 1: Summary of Bibliometric Analysis Results [9-15]

ASPECTS KEY FINDINGS
Publi- Significant increase in publications post-2015, aligning with
cations Industry 4.0 advancements
trends

Most famous Empirical case studies, simulation models, and framework devel-
methodology opment are the predominant methodologies

Research Limited exploration of real-time data integration from IoT de-
gaps vices into DSS for dynamic decision-making. Few comprehensive
frameworks integrating multiple lean tools and technologies

Top contri- Foundational theories, robust empirical evidence, and innova-
butions tive methodologies from the top 50 highly cited articles

Novel Developed a novel framework integrating advanced DA with DSS,
framework registered with UTeM Innovation Department. Incorporates value

stream mapping, Kanban, and SMED. Received positive feedback as

a blueprint for future DSS development

3.3 DA Integration Challenges

Research gaps in the coupling of DA with DSS for lean manufacturing highlight the need
for advanced integration techniques and seamless interoperability. Addressing these issues
are essential for reliable DSS outputs and improved decision-making. By filling these gaps,
future studies can significantly optimize manufacturing processes and enhance productivity.
Table 2 below shows the challenges in through integration.

Table 2 the challenges of the DA integration [15-21]

Challenges Description
Advance algo- Research should explore the techniques that
rithms can analyze historical data, predict future

outcomes, and recommend optimal actions

Interoperability | Ensuring that data can flow seamlessly between
IoT devices, analytics platforms, and DSS re-
quires the development of standardized pro-
tocols and middleware solutions that bridge
these gaps

Data quality & High-quality data is crucial for effective
security analytics. Research is needed to develop ad-
vanced data cleansing and validation tech-
niques that ensure data accuracy, complete-
ness, and consistency

Scalability and As manufacturing operations grow, the vol-
Flexibility ume of data generated increases exponential-
ly. Research is required to develop scalable
DSS architectures that can handle large data
volumes without performance degradation. This
includes leveraging cloud computing and dis-
tributed processing techniques.
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4.0 DISCUSSION

41 Development of a Novel Framework

The findings from this bibliometric analysis informed the development of a novel framework
designed to enhance decision-making in lean manufacturing environments. This framework,
now registered with the UTeM Innovation Department, integrates advanced DA with DSS
to provide real-time, actionable insights. It able to incorporate multiple lean tools, including
Kanban and SMED within a cohesive system. The framework has been presented and
received positive feedback, establishing it as a blueprint for future Lean-DSS development.
This framework’s structured approach aims to harness the full potential of Industry 4.0
technologies.

IDENTIFY
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Machine Operational ~ Production Process Supplier

Figure 2 the Registered iDSS-ProLean framework

The iDSS-ProLean framework’s efficacy in supporting decision-making within lean
manufacturing is underscored by its alignment with core lean principles through five distinct
phases: Identify, Measure, Analyse, Generate, and Execute. Each phase contributes uniquely
to a systematic examination of processes, facilitating informed decision-making and ensuring
continuous evaluation and improvement. This structured approach adheres to the lean
philosophy of continuous improvement.

A pivotal aspect of the framework is its integration of DA, particularly in the Measure phase,
where lean tools and performance metrics analyze data to provide insights into process
efficiency and identify areas for enhancement. The framework’s utilization of sensors for
direct dataretrieval ensures accuracy and minimizes human error, streamlining data collection
and processing. This automation enhances operational efficiency and aids engineers and
managers in forecasting whether inputs can meet daily demand, thereby enabling timely and
reliable decision-making.

4.2 The Advancements through Data Analytics (DA)

The integration of DA into this iDSS-ProLean framework holds significant promise for
advancing DSS in this domain [22, 23]. Real-time monitoring and analysis of IoT sensor data
offer valuable insights into process dynamics and equipment performance, enabling proactive
decision-making and process optimization [24]. Next, is the predictive maintenance that
based on historical data and analytics helps prevent equipment failures, reducing downtime
and maintenance costs [25-27]. Then, process optimization through DA also identifies
patterns and trends, allowing for the fine-tuning of process parameters to enhance efficiency
and quality [26]. Subsequently, anomaly detection capabilities enable early identification
of deviations from normal operation, facilitating timely corrective actions [27]. Moreover,
data-driven decision support provides actionable insights, guiding operators in adjusting
process parameters and predicting the consequences of different decisions [28, 29]. Following
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this, performance monitoring using DA tracks key performance indicators (KPIs), providing
a comprehensive view of process performance and highlighting areas for improvement
[30]. Overall, the integration of DA into the iDSS-ProLean framework enhances the lean
manufacturing efficiency through the enhancement of the decision-making abilities.

5.0 CONCLUSION

Despite the advancements in lean techniques, comprehensive DSS frameworks integrating
these methods are underdeveloped. To address this, the iDSS-ProLean framework is being
conceptualized as a blueprint for future lean-DSS applications in which provides a structured
approach to integrating lean methodologies into DSS, enhancing decision-making and
optimizing manufacturing processes. By leveraging DA and IoT, it creates a dynamic, adaptive
system for evolving manufacturing needs. This development advances DSS application in
lean manufacturing, aiming to achieve lean objectives like waste reduction and improved
flow, ultimately supporting continuous improvement and competitiveness in the sector.
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