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Abstract 
The local manufacturing industry plays a crucial role in Indonesia’s economic 
development, yet faces increasing pressure from globalization, supply chain 
disruptions, and technological transformation. Amid these challenges, improving 
operational efficiency and productivity has become imperative. This study aims to 
analyze the efficiency and productivity levels of manufacturing firms using the Data 
Envelopment Analysis (DEA) method. DEA is a non-parametric technique that assesses 
the relative efficiency of decision-making units (DMUs) by comparing inputs (e.g., labor, 
capital, energy) and outputs (e.g., production, revenue). Using a qualitative approach 
based on a systematic literature review (SLR), this research synthesizes data from ten 
academic studies published between 2019 and 2025. Thematic content analysis 
revealed that DEA is highly effective in identifying efficiency gaps among manufacturing 
firms, especially small and medium enterprises (SMEs). Studies also emphasized the 
usefulness of the Malmquist Productivity Index in tracking productivity changes over 
time. Key findings show that firms integrating digital tools, adopting automation, and 
investing in workforce development achieve higher efficiency scores. Conversely, those 
with limited innovation and poor resource management often perform below optimal 
levels. Additionally, benchmarking through DEA allows underperforming firms to 
model strategies from more efficient peers. This study concludes that DEA provides 
actionable insights for enhancing operational performance in local manufacturing. It 
supports data-driven decision-making, promotes continuous improvement, and helps 
firms align resource utilization with productivity goals in the digital era. 
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INTRODUCTION 

The local manufacturing industry serves as a central pillar supporting national economic 

development, especially in emerging economies such as Indonesia (Handoko et al., 2024). Its 

contributions to employment, exports, and industrial value-added make it a highly strategic sector 

(Delu et al., 2024). However, in recent years, the sector has faced increasing challenges due to global 

market competition, supply chain disruptions, and the technological shifts brought by Industry 4.0 
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(Campoli et al., 2025; Placencia et al., 2025). These developments demand that manufacturers 

continuously enhance their efficiency and productivity to maintain competitiveness. 

The manufacturing industry plays a vital role in driving economic growth and stability, as it 

adds value by transforming raw materials into finished goods. In recent decades, this sector has 

undergone a profound transformation, particularly in the digital era fueled by advancements in 

technologies such as the Internet of Things (IoT), big data, and artificial intelligence (AI). These 

innovations not only increase efficiency and productivity but also reshape traditional manufacturing 

business models and work processes. For instance, in the automotive industry, the implementation 

of AI has been proven to enhance assembly line efficiency and significantly reduce production errors 

(Latipah et al., 2025). 

Moreover, modern manufacturing is increasingly expected to be adaptive and sustainable. 

Amidst global competition and supply chain disruptions, manufacturers in many countries, including 

Indonesia, are integrating the principles of Industry 4.0—focusing on automation, connectivity, and 

data-driven decision-making. Recent studies indicate that the digitalization of manufacturing 

processes strengthens industrial resilience, accelerates decision-making, and reduces reliance on 

manual labor. In essence, the digital revolution is not only altering production methods but also 

redefining the competitive and collaborative landscape of the global manufacturing industry. 

One of the fundamental problems in the local manufacturing sector is the imbalance between 

production capacity, resource utilization, and the achievement of optimal operational performance 

(Al-Majali, 2025). Low technical efficiency and suboptimal resource allocation have emerged as 

major obstacles to productivity improvement. To address this issue, a robust quantitative approach 

is needed—one that can measure and evaluate the relative efficiency of various production units or 

companies within the sector (Färe et al., 2025). 

One of the most widely used methods in efficiency and productivity research is Data 

Envelopment Analysis (DEA). DEA is a non-parametric technique used to assess the relative efficiency 

of Decision Making Units (DMUs) based on selected input and output variables (Adhikari & 

Chatterjee, 2024). Its strength lies in the ability to accommodate various forms of input and output 

without requiring a specific production function, making it especially relevant for evaluating 

operational performance in the heterogeneous landscape of local manufacturing (Vidal-García & 

Vidal, 2024; Watanabe et al., 2025). 

DEA applications have proven effective in offering an objective view of a unit’s efficiency 

relative to others in the same group (Dar et al., 2021). Additionally, DEA supports dynamic 

productivity analysis through models such as the Malmquist Productivity Index, which captures 

changes in total factor productivity over time (Liu, 2024). In the context of local manufacturing, this 

approach is highly relevant due to significant differences in business scale, technology access, and 

production strategies among firms. 

The urgency of this research lies in the need for data-driven strategies that enable 

policymakers and production managers to optimize operational performance. By understanding the 

relative efficiency among production units, management can conduct benchmarking and implement 

targeted process improvements (Panwar & Niesten, 2020). Furthermore, this study addresses the 

need to align productivity goals with efficient resource utilization in the face of sustainable industrial 

development and digital transformation. 

Previous studies have applied DEA across various sectors, including agriculture, finance, and 

logistics. However, the application of DEA specifically in Indonesia’s local manufacturing context 

remains limited, with few studies addressing long-term productivity and operational dynamics 

simultaneously (Campoli et al., 2025; Placencia et al., 2025). Therefore, there is still a research gap in 
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exploring the relationship between technical efficiency, productivity, and operational performance in 

this sector more comprehensively. 

The objective of this study is to analyze the levels of efficiency and productivity of production 

units in local manufacturing industries using the DEA approach. It also aims to identify the key factors 

influencing operational efficiency and offer strategic recommendations for performance 

improvement based on DEA benchmarking results. 

 

METHOD 

This study adopts a qualitative approach using a systematic literature review (SLR) method 

to examine and evaluate the application of the Data Envelopment Analysis (DEA) technique in 

measuring efficiency and productivity in local manufacturing industries. The SLR approach was 

selected because it enables researchers to critically synthesize empirical and theoretical insights 

from a broad array of scholarly sources, offering a comprehensive understanding of operational 

efficiency and its measurement (Snyder, 2019). 

 

Data Sources 

The primary data for this study were collected from scientific journal articles, conference 

proceedings, research reports, and institutional publications published between 2019 and 2025. 

These sources were retrieved from reputable academic databases such as Scopus, SpringerLink, 

ScienceDirect, Emerald Insight, and Google Scholar. Articles included in the review met specific 

inclusion criteria: they applied DEA as the main analytical framework, were focused on the 

manufacturing sector, and were published in peer-reviewed or high-credibility academic outlets 

(Boell & Cecez-Kecmanovic, 2015). 

 

Data Collection Techniques 

A systematic search strategy was employed using predefined keywords such as: “Data 

Envelopment Analysis,” “efficiency measurement,” “manufacturing productivity,” “DEA in operational 

performance,” and “benchmarking in local industries.” The article selection process involved 

screening titles, abstracts, and full texts to assess relevance, methodological clarity, and 

completeness. Articles that met these criteria were included in the final analysis dataset (Xiao & 

Watson, 2019). 

 

Data Analysis Method 

The study applied thematic content analysis as its main analytical technique. The selected 

literature was coded and categorized into themes, including: DEA-based technical efficiency models, 

the use of the Malmquist productivity index, input–output variable selection in DEA, and strategic 

implications for operational performance. Interpretative analysis was conducted to detect key 

patterns, methodological distinctions, and theoretical contributions across studies. Triangulation of 

sources and consistency checks were used to enhance the credibility and trustworthiness of findings 

(Nowell et al., 2017). 

 

RESULT AND DISCUSSION 

The analysis conducted through a systematic review of ten selected studies revealed several 

critical findings regarding the efficiency levels, productivity performance, and influencing 

operational factors in local manufacturing industries. Using the Data Envelopment Analysis (DEA) 

framework, various manufacturing firms—especially small and medium-sized enterprises (SMEs)—
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were evaluated based on the relationship between inputs (e.g., labor, capital, raw materials, energy) 

and outputs (e.g., production volume, revenue, quality index). 

The studies consistently demonstrated that DEA is highly effective in identifying relative 

efficiency among decision-making units (DMUs). For example, Fabusoro & Negrette (2025) and 

Hassan & Ginting (2025) found that only a small proportion of manufacturing units achieved optimal 

efficiency scores (efficiency score = 1), while the rest showed room for improvement through input 

reduction or output maximization (Fabusoro & Negrette, 2025; Hassan et al., 2025). This indicates 

that efficiency gaps remain prevalent, even among firms operating under similar market conditions. 

Moreover, the application of the Malmquist Productivity Index (as discussed in Liu, 2024; 

Kamarudin et al., 2025) enabled the measurement of productivity changes over time, revealing that 

firms that invested in technological upgrades and workforce training tended to experience positive 

shifts in total factor productivity (TFP) (Kamarudin et al., 2024; Liu, 2024). In contrast, firms that 

failed to innovate exhibited either stagnant or declining productivity. These results align with 

Campoli et al. (2025), who emphasized the critical role of continuous digital transformation and 

knowledge-based resources in enhancing long-term efficiency. 

A key insight from the synthesis is the variation in efficiency determinants. Factors that 

strongly influenced efficiency and productivity across the studies included: 

1. Technology adoption and automation levels (Lawson, 2025; Mahmoud, 2025) 

2. Managerial practices and decision-making agility  

3. Input cost control and supply chain integration  

4. Human capital quality and employee training intensity (Earle & Schoonen, 2025) 

These findings indicate that operational efficiency is not solely driven by physical inputs but 

is deeply linked to strategic management and innovation practices. For instance, Mahmud & Mahmud 

(2025) showed that factories integrating digital literacy and local cultural values into operations saw 

significant improvements in both output quality and worker engagement, which were later reflected 

in their DEA efficiency scores. 

Another important discussion point is the role of benchmarking through DEA. Efficient DMUs 

serve as reference units for inefficient peers. This allows underperforming firms to identify “peer 

firms” with similar input profiles but higher outputs and to adopt their best practices. Such insights 

support the formulation of tailored strategies for improvement, such as energy usage optimization, 

equipment upgrade prioritization, or process redesign. 

The collective evidence from the reviewed literature leads to the formulation of several 

strategic recommendations: 

1. Invest in automation and digital tools to streamline operations and reduce variability in 

production outcomes. 

2. Implement training and performance-based incentives to maximize labor productivity. 

3. Utilize DEA benchmarking results regularly to track efficiency changes and guide strategic 

decisions. 

4. Foster inter-firm knowledge exchange through industry clusters or associations to replicate 

efficient practices. 

In conclusion, DEA has proven to be a robust analytical method for diagnosing and improving 

the operational performance of local manufacturing firms. It enables managers to transition from 

intuition-based decisions to data-informed strategies, thereby ensuring sustainable competitiveness 

in an increasingly efficiency-driven industrial environment. 

 

CONCLUSION 
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This study reaffirms the utility of the Data Envelopment Analysis (DEA) method in evaluating 

and improving the efficiency and productivity of local manufacturing firms. The findings reveal that 

although some firms operate efficiently, many others still lag due to limited technological integration, 

ineffective management, and inconsistent resource allocation. DEA not only highlights inefficiencies 

but also facilitates benchmarking by identifying best-performing units. 

 

Practical Suggestions 

To improve operational performance, manufacturing firms should: 

1. Adopt digitalization and automation to streamline processes and minimize inefficiencies. 

2. Utilize DEA benchmarking to identify gaps and adopt successful practices from high-performing 

peers. 

3. Invest in employee training and managerial agility, as human capital quality is a major 

determinant of efficiency. 

4. Engage in industry collaboration and knowledge sharing to disseminate innovations and 

optimize collective performance. 

 

Research Recommendations 

Future studies should: 

1. Conduct empirical DEA applications at the firm-level in diverse local manufacturing sub-sectors 

to validate literature-based findings. 

2. Explore the longitudinal impacts of digital transformation on productivity using dynamic DEA 

models such as the Malmquist Index. 

3. Investigate hybrid methods combining DEA with qualitative techniques (e.g., case studies) to 

better capture contextual variables influencing efficiency. 

4. Assess the role of policy and infrastructure support in enhancing DEA-diagnosed operational 

challenges in small and medium industries. 
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