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─Abstract─ 

The performance of its manufacturing companies could positively influence a province's 

economic development. Industry 4.0 is one factor that can enhance manufacturing 

companies' performance. The adoption of Industry 4.0 is intended to make the 

production process more efficient to reduce production cost inefficiency. To maximize 

the benefits and potential of Industry 4.0, manufacturers must implement Lean 

Manufacturing Practices effectively. The lean manufacturing concept aims to reduce 

lead time and increase output upon implementation by eradicating waste in 

manufacturing companies. Therefore, adopting Industry 4.0 and lean manufacturing 

practices can help companies achieve optimal manufacturing sector performance. 

Utilizing the Structural Equation Modeling – Partial Least Square (SEM-PLS) analysis, 

the effect of Industry 4.0 adoption and lean manufacturing practices on manufacturing 

performance was determined quantitatively. The data was collected by disseminating 

questionnaires to 35 manufacturing companies in the province of North Sumatra. Using 

a purposive sampling method, 135 respondents from 35 companies participated in the 

survey. The results indicated that lean manufacturing practices alone had the most 

significant impact on enhancing manufacturing performance, followed by adopting 

Industry 4.0. In addition, embracing Industry 4.0 can mediate the relationship between 

lean manufacturing practices and manufacturing performance, indicating that this will 

contribute to better performance improvements for the company's growth. 
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1. INTRODUCTION 

Incorporating innovative production methods is essential for organizational 

effectiveness in global competition. Valamede and Akkari (2020) state that lean 

production is widely recognized as a highly effective strategy in contemporary 

manufacturing. (Tortorella et al., 2021). Organizations in a variety of industries and sizes 

across the globe have adopted lean production as a means to increase their overall 

productivity. According to the research, implementing lean production practices 

effectively produces a streamlined, high-quality system. Implementing this system 

results in a greater output of commodities and amenities, increased efficiency, decreased 

costs, accelerated turnover times, and enhanced adaptability to fluctuating production 

quantities (Cohen & Kouvelis, 2021). Collectively, these benefits improve the 

operational effectiveness of entities. However, according to previous research, lean 

production's prospective impact on competitiveness could be investigated. This study 

aimed to determine the effect of lean production methods on manufacturing productivity. 

As a result, we conducted a more thorough analysis of how the duration of lean 

production implementation affected the factory's productivity. 

Over the past four decades, lean production (LP) has garnered increasing attention in 

operations management and production research (Januszek, 2022; Gayer et al., 2022). 

LP represents minimal production. On the one hand, it has been shown that LP can 

reduce waste production, abbreviate lead times, reduce inventory levels, and increase 

production. Nonetheless, there is a chance that it will boost employees' morale, facilitate 

communication, and promote openness to new ideas and solutions (Chanana, 2021). The 

advantages of utilizing LP will reduce costs and customer satisfaction initiatives. Due to 

the intense competition in modern markets, businesses must make rapid improvements. 

In addition, the sector faces difficulties due to the rapid growth in demand for highly 

customized products. (Na et al., 2023) LP faces several obstacles in the incorporation of 

novel technologies. Pull production must adapt to frequent schedule adjustments, and 

set-up time reduction frequently relies solely on human intuition. It is becoming 

increasingly difficult to ascertain precise customer requirements. To fully use the current 

information and communication technologies, novel approaches are required to manage 

the massive quantities of data generated by complex systems. In the scholarly literature, 

opportunities presented by Industry 4.0 (I4.0) to circumvent the limitations posed by LP 

when addressing these issues have been discussed (Jan et al., 2022). "using intelligent 

products and processes" is deemed "I4.0." This facilitates self-directed data acquisition, 

evaluation, and internet-based communication between products, procedures, providers, 

and consumers. Several recent studies indicate that implementing I4.0 technologies will 

be most beneficial in areas where flexibility and quality improvements are anticipated 

(Deshmukh et al.,2022; Tortorella et al.,2020; Nishal,2023). 

According to the study's findings, Industry 4.0 (I4.0) demonstrates promising 

capabilities for mitigating the limitations of LP in addressing the issues mentioned 
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above. "I4.0" refers to using intelligent products and processes that enable self-

governing data collection and analysis and the interconnectivity of products, processes, 

suppliers, and consumers via the internet (Hahn,2020). Furthermore, numerous 

academic studies have demonstrated that incorporating Industry 4.0 technologies can 

significantly improve industrial performance, especially in flexibility, efficiency, lead 

time, costs, and quality (Chari et al.,2022; Javaid et al.,2021). 

In 2020, the industry will account for 20.61 percent of the national GDP, making it the 

most economically significant sector. This percentage is anticipated to be attained in 

2020. In North Sumatra, the manufacturing sector contributed only 18.09 percent of the 

gross regional product in 2020 (Hangler, 2020). In this era of accelerated 

industrialization, companies face intense levels of competition. (Nardo et al., 2020) To 

meet this challenge, manufacturing companies must adopt a new approach to enhance 

their manufacturing performance. Digitalization and artificial intelligence are crucial to 

modern manufacturing (Denicolai et al., 2021). The company's current business 

development should be capable of adopting Industry 4.0. Adopting Industry 4.0 aims to 

increase production process efficiency to reduce production waste and associated 

production costs. Industry 4.0 is founded on several principles, including decentralized 

systems, virtual applications, interoperability, modular production, service orientation, 

and real-time capabilities (Morgan et al., 2021).  

The literature has not extensively studied the relationship between Industry 4.0 enabling 

technologies and manufacturing performance. Industry 4.0 comprises several pillars that 

can be adopted individually or concurrently in various permutations, with varying effects 

on businesses. In the last two decades, lean manufacturing has been the most pervasive 

strategy for enhancing the operational performance of manufacturing companies (Byrne 

et al., 2012). (Yamamoto et al., 2019) Lean manufacturing was designed to eliminate 

waste in every step of the production process by focusing on producing a product that 

provides value to the customer. This work focuses on all aspects of society that are least 

impacted by the outcomes of LM and, more recently, I4.0. Regarding this, there is 

considerable uncertainty. There are currently very few concerns in all aspects of society, 

such as those concerning the future of employment (Kramer & Kramer, 2020). Future 

research on LM and I4.0 can elucidate and demonstrate how this relationship affects the 

entire organization, differentiating its impact at each value chain level (Rossini et al., 

2023). In contrast, if the process design is not robust and continuous improvement 

practices are not in place, the organization may not prioritize adopting new technologies 

(Tortorella et al., 2019). 

2. LITERATURE REVIEW 

2.1 Industry 4.0 Adoption 

The term "digital manufacturing system" refers to the "digital manufacturing system" 

made possible by the seamless integration of production techniques, information 
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technology, and information technology (Bi,2021). A new concept given the moniker 

"Industry 4.0" due to technological advancements and innovations has disrupted the 

global industrial sector. According to Rai et al. (2021), using advanced digital 

manufacturing techniques could enhance the utilization of supply chain resources. The 

primary objective of the Industrial Internet of Things (I4.0) initiative is to accelerate a 

transition toward leaner, more customer-centric, and more rapid manufacturing 

production. The entirely digital and automated production environment will benefit from 

this development. Utilizing the digital value chain also ensures reliable communication 

between products, machinery, and commercial partners. Industry 4.0 will be the driving 

force behind the future development of technologically sophisticated business models, 

according to Agrawal et al. (2023). The term "Industry 4.0" was introduced in a 

November 2011 article written and published as a direct consequence of a German 

government initiative on high-tech strategies for 2020 (Teixeira et al., 2022). "Industry 

4.0," which refers to digitally networked manufacturing, encompasses 3D printing, 

robotics, and unconventional materials and production methods. According to a 2016 

report, the growth of this industry is highly advantageous because it can digitally 

incorporate manufacturing systems, thereby simplifying and enhancing the supply 

chains used by businesses. 

I4.0 is a broad and multifaceted concept that cannot be wrapped up in a single term 

(D'Orazio et al., 2020). There is no exhaustive definition of Industry 4.0 in the current 

research literature. In their study, Frederico et al. (2021) highlighted the importance of 

I4.0's reference to the interoperability of industrial actors and components. Hallioui et 

al. (2022) also highlighted this emphasis on the connection between elements, 

contending that the core of Industry 4.0 is the implementation of network-connected 

intelligent systems that can realize self-regulating production. Abbas et al. (2019) also 

emphasized the importance of the relationship between elements. Numerous authors, 

including these and countless others, have proposed a definition of I4.0 based on its 

combinatorial nature. They view it as an umbrella term for a collection of interconnected 

technological advancements designed to promote the digitalization of business. Several 

authors have proposed this definition. 

2.2 Lean Manufacturing Practices 

According to Ciliberto et al. (2021), lean manufacturing, or lean production, is one of 

the most widely utilized waste management principles in the manufacturing and service 

industries. (Shenshinov & Al-Ali, 2020:Shou et al., 2021). A lean enterprise is a 

company that implements lean across the entire organization. Lean applied to 

manufacturing is known as lean manufacturing, and lean applied to services is known as 

poor service. Lean applied to banks is known as lean banking, and lean in retail is known 

as lean retailing. (Madhani,(2020). The lean thinking principle is an extension of the lean 

definition, which is how to generate value efficiently throughout the entire production 

system by focusing on customers and essential competitiveness at all times. Lean 
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Manufacturing is a waste elimination method focusing on creating lean production 

efforts. This method can be implemented effectively for engineering and administrative 

tasks. In lean, it is also referred to as 3M, which is derived from the Japanese Muda 

(waste), Mura (consistency), and Muri (irrationality). 

Lean manufacturing is based on the elimination of waste and the addition of value. In 

lean production, "waste" refers to anything that does not immediately benefit the 

consumer (Ciliberto et al., 2021). Overproduction, waiting periods, unnecessary 

movement of materials, improper processing, inventory, defects, underutilized 

personnel, environmental waste, and underutilized facilities are among the most 

common types of waste. On the other hand, consumers perceive adding value tasks 

executed accurately on the first attempt and afforded significant importance by the 

organization. Rathi et al. (2022) provided a comprehensive description of lean 

production that included all aspects of manufacturing process performance, such as 

effectiveness and efficiency. 

According to their claim, "lean production" is characterized by a reduction in resource 

utilization relative to mass production. This reduces the number of employees needed in 

the factory, the amount of manufacturing space required, the cost of tools, and the 

number of engineering hours required to develop a new product, hence the term "lean 

production." In addition, it reduces inventory levels, thereby improving quality 

management and enabling the production of a wider variety of products (Afonso et al., 

2021). 

 The preceding definition includes the relationship between input and output and 

between production and the organization's goals. This definition is significant because 

it pertains to the system's effectiveness and efficiency. According to the definition 

provided by Debnath et al. (2023), the primary objective of lean production is to reduce 

supplier, customer, and internal process variability, with the end goal of eliminating 

waste. 

The article "Lean Thinking" by Amaro et al. (2019) identifies the five fundamental 

pillars of lean implementation. The pursuit of perfection, value, value stream, flow, and 

value comprise these pillars. The value specification procedure facilitates an 

understanding of the buyer's requirements. The primary objective of a value stream 

analysis is to distinguish between essential and non-essential stages in the consumer 

product delivery process. During the progression of products and services through the 

value stream's value-adding techniques, there must be no interruptions, delays, defects, 

or other impediments (Ezzeldin et al., 2022). In business operations, the concept of 

"pull" refers to the production of products or services only upon the request or demand 

of customers. The term "perfection" emphasizes the significance of continuous 

production process improvements. 
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2.3 Manufacturing Performance 

Manufacturing performance is the degree to which predetermined and agreed-upon 

standards, objectives, or other success indicators have been met over a specified period 

in the execution of delegated tasks. According to research conducted in 2020 by Delic 

and Eyer, the three components of manufacturing performance are qualitative 

performance, production adaptability, and operations cost. 

Increasing a company's productivity typically requires financial investments in its 

production activities. Therefore, increasing the efficiency of the manufacturing process 

can result in a competitive advantage. Two fundamental procedures have been 

designated as essential for the success of a manufacturing enterprise. First, before 

competing with its primary competitors, a company must determine its competitive 

manufacturing priorities and evaluate its current standing in these domains. Before 

competing with its principal competitors, the company must complete this task 

(Tortorella et al., 2021). Therefore, to maintain or improve its manufacturing prowess, 

the business must thoroughly understand the fundamental manufacturing methodologies 

defining exceptional manufacturing parameters. Most academic studies that evaluate 

manufacturing performance employ a variety of success indicators, such as waste 

reduction, operational efficiency, delivery punctuality, product quality, employee 

motivation, customer satisfaction, and other comparable variables (Cohen & Kouvelis, 

2021). In academic settings, reporting data for individual indicators is typical instead of 

presenting overall performance via an aggregate performance index. Therefore, giving 

performance data as a singular entity may lead to erroneous conclusions. 

Moreover, research that focuses on the outcomes of operational activities frequently 

overlooks the rationale for investing time and resources in improvement efforts. 

Research integrating both outputs and inputs typically evaluates the performance by 

considering a single work, such as production volume, and a limited number of 

information, including capital and labor (Januszek, 2022). The justification is that 

research endeavors considering both factors concurrently assess efficacy based on a 

single outcome, typically about the amount of output generated. Typically, econometrics 

is the preferred approach for conducting such an investigation. However, such analyses 

overlook non-quantifiable factors such as quality, on-time delivery, and adaptability, 

which all play an important role in granting manufacturing firms a competitive 

advantage despite not being amenable to measurement (Gayer et al., 2022). In addition, 

inputs of manufacturing companies frequently fail to account for indirect costs, which 

have increased significantly due to the pervasive adoption of automation, system 

integration, and related technologies. This phenomenon persists despite a significant 

increase in indirect costs. As a result, individual performance metrics cannot adequately 

convey a comprehensive evaluation of a company's manufacturing competitiveness. 

This is because incomplete measurements depict only a portion of the overall situation. 
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2.4 Hypotheses Development 

The relationship between industry 4.0 adoption, lean manufacturing practices, and 

manufacturing performance is depicted in Figure 1. Next, specific hypotheses will be 

discussed. 

Industry 4.0 

Adoption

Manufacturing 

Performance

Supplier 

Factors

Customer 

Factors

Process 

Factors

 Control and 

Human Factors

Lean 

Manufacturing 

Practices

Quality 

Performance

Production 

Flexibility

Operations Cost

 
Figure 1. Research Model 

2.5 Industry 4.0 Adoption and Manufacturing Performance 

Industry 4.0 significantly impacts pricing, production flexibility, and product 

customization. The automation and digitization functions of Industry 4.0 adoption push 

producing organizations toward decreased lead times, lower production costs, and 

superior quality (Hahn, 2020). Thus, industry 4.0 experiences may enable manufacturing 

firms to optimize their performance. Taiichi Ohno, the founder of LP, advocated for 

automating repetitive value-adding processes to increase information flow and keep up 

with market demands. LP has a lengthy tradition of autonomization. This process was 

referred to as "autonomation" by Nardo et al. (2020) to characterize it. 

Ciano et al. (2021) propose that LP methodology production processes suit Industry 4.0 

implementation. This discussion is consistent with the concepts and examples presented 

in previous scholastic works (Morgan et al., 2021). Byrne et al. (2020) emphasized the 

importance of LP process orientation, clearly defined tasks and timelines for 

successfully implementing I4.0 autonomation and information exchange, and the 

mitigation of integration risks. Standardized procedures are essential for identifying and 

resolving issues, which are fundamental for effectively synchronizing processes. 

According to Yamamoto et al. (2019), there is a significant correlation between the 

successful implementation of Industry 4.0 and the widespread adoption of LP. Tortorella 

et al. (2019) have highlighted the significance of LP by proposing its incorporation as a 

fundamental strategy in an I4.0 implementation roadmap. This strategy was suggested 

by Bi (2021) as an essential tactic for an Industry 4.0 plan. According to Teixeira et al. 

(2022), the capacity to engage in LP requires technical proficiency. According to 
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Ciliberto et al. (2021), LP can be a valuable asset for I4.0 because LP practitioners 

possess the knowledge to assess customer value and reduce inefficiencies. The authors 

also discussed how LP could optimize its products and protocols to increase the cost-

effectiveness of Industry 4.0 applications. Shenshinov and Al-Ali (2020) suggest that 

using VSM can be advantageous in implementing Industry 4.0 due to its systematic 

approach to identifying improvement opportunities. VSM is recognized for this 

characteristic. According to Ozkan-Ozen et al. (2020), it is widely believed that LP is a 

crucial factor in implementing Industry 4.0. Ciano et al. (2021) have called attention to 

the absence of research on the facilitative effects of LP on I4.0. Current academic 

consensus regarding the positive impact of Industry 4.0 on Lean Production is 

encouraging. Nevertheless, our understanding of the fundamental mechanisms is still in 

its infancy.  

H1: Industry 4.0 adoption will be positively associated with manufacturing 

performance. 

2.6 Lean Manufacturing Practices and Manufacturing Performance 

According to Dashtdar et al.(2021), the company increased productivity and maintained 

a competitive advantage due to LMP's lower operational costs and higher profits (Bakke 

& Claudio, 2023). This can be viewed internally as improving the product's overall 

quality. In addition, the management philosophy known as "lean manufacturing" won 

over many individuals and was ultimately adopted by many. Therefore, the 

implementation has been advantageous to the company's production. Productivity of a 

manufacturing plant that meets delivery deadlines and minimizes inventory loss It has 

been demonstrated that improvements in manufacturing performance enhance a 

company's capacity to compete in the manufacturing sector (Distelhorst & McGahan, 

2022), with considerations such as labor and machine productivity. 

Research has shown that implementing lean production practices can improve 

operational and lean performance by promoting consistency and optimizing operations 

(Sarta et al., 2012). The improvement in operating performance is attributable to 

concurrently implementing a series of lean production practices. Despite the variety of 

lean production methodologies, their fundamental principle remains to increase 

productivity through synergy. This holds regardless of the strategy employed. For 

example, Agyabeng-Mensah et al. (2021) discovered that the integration of Just-in-Time 

(JIT) and Total Quality Management (TQM) resulted in more significant performance 

improvements than the implementation of either approach separately. This information 

was included on page 1344 of their investigation. According to Hao et al. (2021), 

implementing lean production practices has a synergistic effect that improves 

manufacturing performance. It is, therefore, reasonable to assume that these practices 

will coexist. This claim is substantiated by the evidence presented on page 146. Lean 

production methodologies have been implemented for a very long time. In addition, 
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Ciliberto et al. (2021) and Tortorella et al. (2019) discovered that implementing lean 

production techniques significantly and positively impacted operational performance. 

H2: Lean manufacturing practices will be positively associated with manufacturing 

performance. 

2.7 Industry 4.0 Adoption, Lean Manufacturing Practices, and Manufacturing 

Performance 

The foundation of Industry 4.0 is founded on lean manufacturing principles. Industry 4.0 

and lean manufacturing have the potential to create synergies and increase the precision 

with which they implement new practices when combined. Regarding lean 

manufacturing techniques, there is considerable potential for improvement in applying 

cutting-edge automation technologies. According to De Giovanni and Cariola (2021), 

lean-to and trade 4.0 yield the most outstanding results for enhancing manufacturing 

performance. A difference-in-difference, or DID, model was devised to examine the 

differences in function performance between the experimental and control groups. The 

samples originated from both of these categories. PSM-DID is a technique proposed by 

Fan and Zhang in 2021. This method can be used to identify appropriate control groups 

and the impact factor-induced difference. The DID model can determine whether or not 

Industry 4.0 impacts the extant performance gap between companies. With the PSM-

DID technique, regulating the sample selection deviation and the endogenous problem 

in panel models is possible. Using the PSM-DID method, both of these issues can be 

addressed. 

Six crucial performance indicators were identified due to the investigation into the 

effects of enterprise resource planning (ERP) on business outcomes. Return on equity 

(ROE) stands out because it is calculated by dividing operating income by net assets 

(Mareta et al., 2022). Patent applications serve as a measure of innovation. Capital 

market annual return is a measure of stock market returns. Sales profit margin is the ratio 

of operating profit to sales revenue. Inventory turnover rate, which is a measure of 

supply chain efficiency in terms of the efficient utilization of assets, and total asset 

turnover, which is a measure of supply chain efficiency in terms of the efficient 

utilization of assets, are the performance indicators of the supply chain. Additional 

supply chain performance indicators include total asset turnover, a measure of supply 

chain efficiency, and sales profit margin, the ratio of operating profit to sales revenue 

(Tovar & Aranon, 2021). 

The research aims to determine whether the adoption of Industry 4.0 will increase the 

company's rate of patent application activity, given the wide variation in patent 

application activity across industries. To attain a consistent level, the annual patent 

submission count was divided by the company's five-year moving average of patent 

submissions from 2011 to 2017. 
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H3: Lean manufacturing practices mediate the relationship between industry 4.0 

adoption and manufacturing performance. 

3. RESEARCH METHODOLOGY 

3.1 Research Database 

This study employs causal analysis to investigate the impact of various factors on 

manufacturing performance. This study collected and analyzed data quantitatively, 

disseminating questionnaires as a data collection instrument. Industry 4.0 adoption (X1) 

and lean manufacturing practices (X2) constitute the exogenous constructs. The 

endogenous construct is production output (Y). The pattern of the path coefficient 

explains the relationship between exogenous and endogenous variables in this study, as 

it has both direct and indirect effects. On a five-point Likert scale, responses to the 

survey ranged from "completely disagree" (1) to "completely agree" (5). The researcher 

discussed the study's objectives and some manufacturing terminology with the 

participants. The questions posed in this survey are based on those asked in previous 

studies. According to research from 2020 by Chauhan et al., the adoption of Industry 4.0 

was measured using six distinct indicators. The dimensions of lean manufacturing 

practices are divided into four segments: Supplier Factors, Customer Factors, Process 

Factors and Control, and Human Factors, each with three indicators (Neumann et al., 

2021). Each of the dimensions of manufacturing performance consists of three 

indicators: Quality Performance, Production Flexibility, and Operation Cost. 

3.2 Measures 

This study employs Partial Least Squares Structural Equation Modeling (PLS-SEM) to 

obtain a comprehensive view of the entire model to determine the effect of the variables 

in this study (Hair & Alamer, 2022). PLS employs a mixed-model evaluation strategy 

to ensure its findings' validity and dependability. This strategy involves evaluating the 

prediction model in conjunction with the measurement model. Constructs' convergent 

and discriminant facts can be demonstrated by assessing measurement models. 

3.3 Sample, Respondent Profile and Biases 

The population of this research consists of employees from 35 manufacturing companies 

in the province of North Sumatra. Because not all employees can respond to the 

questionnaire based on the actual conditions, purposeful sampling is selected as the 

sampling technique. Workers on the production floor of a palm oil mill, from the loading 

ramp station to the kernel station, are the subjects of this investigation. The participants 

comprise production managers, manufacturing engineers, production supervisors, and 

PPIC managers. 
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There are 135 participants in this study, most male (91%) and of varying ages. 

Participants included forty production supervisors, thirty-eight PPIC managers, thirty-

seven manufacturing engineers, and twenty production managers. 

Figure 1 illustrates the characteristics of the participants. 

  

  
Figure 2. Characteristics of the Participant 

4. ANALYSIS AND FINDINGS OF THE STUDY  

A structural equation modeling–partial least square (SEM–PLS) analysis is performed 

on the data to investigate its relationships. We will conduct a battery of measurement 

model experiments on the measurement scales we will use at the outset of this 

investigation. This will allow us to ascertain the reliability and validity of our 

measurement scales. 

4.1 Convergent Validity 

The value of each indicator's factor loading component determines the convergent 

validity of the measurement model. According to Hair and Alamer (2022), the loading 

values of manufacturing performance indicators must exceed 0.70, and their p-values 

must be less than 0.05. This is because the adoption of Industry 4.0, lean manufacturing 

practices, and manufacturing performance are reflective. Table 2 demonstrates that the 

loading factor values for each construct indicator satisfy the validity criteria. 

9%

91%

Gender

Female

Male

14%

26%

29%

19%

12%

Age

< 30

30 - 35

36 - 40

41 - 45

>  45

19%

25%43%

13%

Job Profile

PPIC Manager

Manufacturing

Engineer

Production

Supervisor

Production

Manager

47%

3%

35%

5%10%

Industry Sector

Food and

Beverages
Base Metal

Chemical

Non-metallic

Mineral
Rubber



INTERNATIONAL JOURNAL OF eBUSINESS and eGOVERNMENT STUDIES 

Vol: 14 No: 4 Year: 2022 ISSN: 2146-0744 (Online) (pp. 174-196) Doi: 10.34109/ijebeg. 202214208 

 

 
 

185 

Table 2. Convergent Validity 

Constructs Indicator Outer Loading Factor 

Industry 4.0 Adoption IN1 0.810 

IN2 0.879 

IN3 0.841 

IN4 0.817 

IN5 0.883 

IN6 0.819 

Lean Manufacturing 

Practices 

SF1 0.909 

SF2 0.872 

SF3 0.918 

CF1 0.843 

CF2 0.872 

CF3 0.875 

PF1 0.855 

PF2 0.936 

PF3 0.883 

CHF1 0.921 

CHF2 0.937 

CHF3 0.799 

Manufacturing 

Performance 

QP1 0.940 

QP2 0.941 

QP3 0.924 

PRF1 0.803 

PRF2 0.891 

PRF3 0.873 

OC1 0.870 

OC2 0.862 

OC3 0.777 

Source: SmartPLS Result (2021)  

4.2 Discriminant Validity 

The concept of discriminant validity, which can be expressed as a cross-loading factor 

value, is predominantly based on the principle that different measures of different 

constructs should not have a strong correlation. Using discriminant validity, one can 

determine if a construct has a sufficient discriminant by comparing the loading value on 

the intended construct to the other values; the loading value on the intended construct 

must be greater than the different values. As a general rule, it is suggested that the value 

of each construct be more significant than 0.5. Table 2's results indicate that the cross-

loading value for each construct is more significant than 0.5. This demonstrates that the 
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manifest variables adequately explain the latent variables and that all of the items used 

in this study have the potential to be considered valid. 

Table 3. Discriminant Validity 

 CF CHF I4 LM MP OC PF PRF QP SF 

CF1 0.839 0.583 0.558 0.745 0.636 0.549 0.729 0.564 0.618 0.618 

CF2 0.864 0.725 0.681 0.848 0.788 0.719 0.809 0.666 0.764 0.753 

CF3 0.861 0.714 0.512 0.788 0.654 0.594 0.656 0.49 0.692 0.705 

CHF1 0.633 0.853 0.525 0.748 0.687 0.636 0.658 0.504 0.725 0.645 

CHF2 0.636 0.886 0.541 0.766 0.678 0.605 0.662 0.572 0.67 0.673 

CHF3 0.747 0.817 0.552 0.806 0.686 0.574 0.712 0.595 0.695 0.729 

IN1 0.564 0.545 0.844 0.601 0.562 0.487 0.579 0.56 0.492 0.548 

IN2 0.539 0.416 0.856 0.516 0.584 0.539 0.499 0.558 0.504 0.464 

IN3 0.539 0.456 0.828 0.533 0.514 0.437 0.523 0.503 0.465 0.466 

IN4 0.607 0.527 0.78 0.634 0.739 0.694 0.623 0.724 0.611 0.601 

IN5 0.612 0.54 0.853 0.604 0.643 0.564 0.552 0.548 0.639 0.54 

IN6 0.49 0.612 0.752 0.59 0.57 0.528 0.527 0.443 0.579 0.57 

OC1 0.652 0.552 0.539 0.629 0.775 0.856 0.586 0.601 0.67 0.55 

OC2 0.612 0.72 0.502 0.735 0.769 0.818 0.682 0.568 0.714 0.727 

OC3 0.506 0.445 0.594 0.517 0.706 0.755 0.503 0.633 0.559 0.467 

PF1 0.773 0.635 0.6 0.792 0.679 0.572 0.873 0.646 0.633 0.668 

PF2 0.832 0.71 0.671 0.862 0.8 0.698 0.881 0.686 0.794 0.782 

PF3 0.519 0.651 0.405 0.711 0.61 0.552 0.744 0.429 0.67 0.745 

PRF1 0.53 0.479 0.614 0.56 0.729 0.641 0.548 0.846 0.522 0.525 

PRF2 0.605 0.542 0.581 0.616 0.717 0.619 0.626 0.835 0.518 0.518 

PRF3 0.572 0.632 0.55 0.646 0.795 0.614 0.625 0.852 0.706 0.576 

QP1 0.705 0.674 0.569 0.781 0.819 0.694 0.747 0.621 0.906 0.783 

QP2 0.803 0.733 0.7 0.815 0.85 0.747 0.755 0.681 0.881 0.742 

QP3 0.587 0.723 0.473 0.727 0.715 0.638 0.676 0.488 0.808 0.727 

SF1 0.728 0.658 0.624 0.816 0.729 0.659 0.799 0.589 0.736 0.846 

SF2 0.791 0.735 0.599 0.829 0.706 0.614 0.708 0.55 0.751 0.854 

SF3 0.531 0.645 0.43 0.733 0.648 0.555 0.716 0.485 0.714 0.844 

Source: SmartPLS Result (2021)  

4.3 Reliability Test 

A measuring device is considered highly reliable if it can provide accurate and consistent 

information about the measured construct. Cronbach's Alpha and Composite Reliability 

are two methodologies that can be employed in PLS-SEM to analyze construct 

reliability. Composite Reliability and Cronbach's Alpha are considered valid methods 
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for determining reliability; a constructed value is deemed reliable if either of these 

methods yields a value greater than 0.70. 

Table 4. Reliability Test   

Constructs Cronbach's Alpha Composite Reliability 

Industry 4.0 Adoption 0.918 0.936 

Lean Manufacturing Practices 0.963 0.967 

Supplier Factors 0.882 0.927 

Customer Factors 0.829 0.898 

Process Factors 0.871 0.921 

Control and Human Factors 0.863 0.917 

Manufacturing Performance 0.951 0.959 

Quality Performance 0.928 0.954 

Production Flexibility 0.818 0.892 

Operations Cost 0.786 0.875 

Source: SmartPLS Result (2021)  

4.4 R Square 

The coefficient of determination (R2) is a statistical measure that can determine how 

shifts in Industry 4.0 and lean manufacturing practices can account for variations in 

manufacturing performance variables. Purwanto et al. (2021) define a robust model with 

an R-squared value of 0.67, a medium model of 0.33, and a weak model of 0.19. When 

assessing the capacity of a structural model to explain the variance, the R2 value for 

endogenous latent constructs is typically the preferred metric. Table 5 displays the R2 

value associated with this analysis. 

Table 5. R Square 

Item R Square R Square Adjusted 

Manufacturing Performance 0.802 0.799 

Source: SmartPLS Result (2021) 

4.5 Q2 Predictive Relevance 

R-squared size and predictive sample reuse, which is the synthesis of cross-validation 

and fitting functions with predictions from observed variables and estimates of construct 

parameter values, can be used to evaluate the performance of the PLS model. It is 

possible to combine predictive sample reuse with R-squared size. If Q2 is more 

significant than zero, the model can be used to make accurate predictions; if Q2 equals 

zero, the model cannot be used to make accurate predictions. The strength of a model 

can be determined, according to Purwanto (2021), by evaluating the Q2 predictive 

relevance values, which range from 0.02 to 0.15 to 0.35. If Q2 is more significant than 
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zero, then the model can be used to make predictions; if it is less than zero, it lacks 

predictive value. Table 6 exhibits Q2's numerical value. 

Table 6. Q2 Predictive Relevance 

Item SSO SSE Q2=(1-SSE/SSO) 

Manufacturing Performance 1215 660.495 0.456 

Source: SmartPLS Result (2021) 

4.6 Hypotheses Testing Results 

A bootstrapping procedure is required to determine whether the effect between variables 

is significant. The initial sample is utilized for resampling using the bootstrap procedure. 

The initial sample size should always be greater than the number of bootstrap samples, 

which is why 5,000 are recommended. The resampling bootstrap method employs two-

tailed t-values of 1.65 (at a significance level of 10%), 1.96 (at a significance level of 

5%), and 2.58 (at a significance level of 1%) to assess the results of repeated sampling. 

When the value is positive, the impact is favorable, but when the value is negative, the 

effect is unfavorable. When the value is positive, the result is positive. Path coefficients 

can be used to determine the degree of association between two variables. If the t-count 

value (t-statistic) is greater than the t-table at the 5% significance level (Juwaini et 

al.,2022), which is 1.96, the bootstrapping method used in this study can be used to 

approve the research hypothesis. It is also evident from the p-values, which have a 

statistically significant impact when they fall below the error rate. The primary objective 

of the preliminary sample was to determine the nature and direction of the variable's 

influence. 

Table 7. Result of Hypothesis Testing 

 Original 

Sample (O) 

T Statistics 

(|O/STDEV|) 

P Values Supported? 

Industry 4.0 Adoption -> 

Manufacturing 

Performance 

0.237 3.594 0.00 Yes 

Lean Manufacturing 

Practices -> 

Manufacturing 

Performance 

 

0.711 

 

10.861 

 

0.00 

 

Yes 

Lean Manufacturing 

Practices -> Industry 4.0 

Adoption 

-> Manufacturing 

Performance 

 

0.169 

 

3.224 

 

0.001 

 

Yes 

Source: Smart PLS Result (2021)  
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Figure 2 depicts the t-statistic value for each variable to illustrate how implementing 

Industry 4.0 and lean manufacturing practices increases production output. This result is 

directly attributable to the implementation of these practices. There is consensus that 

poor manufacturing practices have the most significant impact of the three. The 

pervasive implementation of lean manufacturing practices has directly contributed to a 

71.1% improvement in the manufacturing industry's overall performance.  

industry.

 
Source: SmartPLS Result (2021) 

Figure 3. Full Research Model 

Based on the previous response, it can be concluded that there is a positive regression 

result (with a coefficient value of 0.237) between the implementation of Industry 4.0 and 

the manufacturing output. The discovery mentioned above is consistent with the 

resource-based theory, which posits that firms with unique and valuable resources and 

capabilities are more likely to sustain a competitive advantage and outperform their 

competitors. Integrating sophisticated technologies within Industry 4.0 may provide a 

valuable resource and power for boosting production yield. A positive regression 

coefficient of 0.711 indicates a significant relationship between lean manufacturing 

practices and manufacturing performance, as determined by the present study. This 

finding is consistent with the resource-based theory principles. By implementing lean 

manufacturing practices, businesses can increase their operational efficiency by 

reducing inefficiencies and increasing output. In accordance with the principles of 

resource-based theory, the results of the regression analysis indicate a positive 

relationship (coefficient of.169) between the implementation of lean manufacturing 
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practices and the adoption of Industry 4.0. There is a statistically significant relationship 

between the two variables, as shown by the results. This finding suggests that businesses 

with complementary resources and capabilities may have an advantage when competing 

successfully with other businesses. By incorporating technologies from Industry 4.0, the 

benefits of lean manufacturing practices could be increased when applied in this context. 

5. CONCLUSION 

This study investigates the impact of employees' perceptions of Industry 4.0 adoption 

and lean manufacturing practices on manufacturing performance in North Sumatra 

Province manufacturing firms. Several authors' initial expectations regarding the 

relationship between Industry 4.0 adoption and poor manufacturing practices and 

manufacturing performance were not met by the findings of this study. (Mofolasayo et 

al., 2022) Both industry 4.0 adoption and lean manufacturing practices aspire to increase 

the manufacturing system's responsiveness and efficiency while decreasing production 

waste. Effective production processes can increase company productivity, thereby 

enhancing manufacturing performance. The likelihood of implementing Industry 4.0 

significantly increases in organizations adopting lean production. 

6. LIMITATIONS AND DIRECTIONS FOR FUTURE RESEARCH 

The results of the data analysis indicate that lean manufacturing practices significantly 

impact the manufacturing performance of North Sumatra's manufacturing companies. 

Industry 4.0 is a relatively new technology, and most manufacturing companies in North 

Sumatra are in the process of achieving full-fledged deployment, so industry 4.0 

adoption has a limited impact, indicating that several companies have not been able to 

adopt the technology. Consequently, the respondents' perspectives in their 

questionnaires may not be solely based on their practical experience with the technology. 

Therefore, the simultaneous implementation of the two variables has been appropriately 

synchronized and has had the most significant effect on manufacturing performance. 

Because lean manufacturing practices are the foundation for Industry 4.0, businesses 

must be able to implement industrial technology version 4.0. By executing it 

simultaneously, the performance of the manufacturing company in the province of North 

Sumatra is expected to improve. 
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