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Abstract 

The present study aims to develop a model for evaluating the efficiency of production costs in Iranian automotive 

manufacturing companies using a fuzzy analysis system. The research methodology is a mixed-methods approach in which, 

in the qualitative phase, interviews with experts led to the extraction of 17 key variables, and in the quantitative phase, a 

fuzzy expert inference system was employed for model construction. Based on input data collected from four major Iranian 

automotive manufacturers, the results indicate that the production cost efficiency of these companies is at a moderate level 

or below. According to the model outputs derived from the defined inference rules, the highest level of production cost 

efficiency belongs to the second company; however, it is noteworthy that even this company’s cost efficiency remains only 

at a moderate level. This finding suggests that overall production cost efficiency in the Iranian automotive industry is 

generally low, with the maximum observed efficiency merely reaching a moderate level. The first company ranks next with 

moderate efficiency, followed by the third and fourth companies, whose production cost efficiency levels fall below the 

moderate threshold. Given that production cost efficiency is directly related to productivity, and productivity is inversely 

related to the final cost of products, the findings of this study clearly demonstrate these relationships within the context of 

Iran’s automotive industry. The relatively low production cost efficiency observed in these companies—ranging from 

moderate to below moderate—constitutes one of the primary factors contributing to the high prices of their manufactured 

products. 
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1. Introduction 

In contemporary industrial economies, production cost 

efficiency has emerged as one of the most decisive 

determinants of organizational competitiveness, 

sustainability, and long-term growth. Cost efficiency 

directly influences pricing strategies, profitability, market 

share, and ultimately firm survival in increasingly volatile 

and technologically driven markets [1]. Global 

manufacturing sectors are now operating under 

unprecedented pressure from intensified competition, rapid 

technological transformation, environmental regulations, 

and supply chain disruptions, making systematic cost 

management not merely a managerial preference but an 

existential necessity for industrial firms [2, 3]. Within this 

environment, cost efficiency has transitioned from a narrow 

accounting concern into a multidimensional strategic 

capability that integrates production technology, 

organizational design, supply chain coordination, and 

decision analytics [4, 5]. 

Cost efficiency research has therefore expanded 

significantly over the past decade, encompassing analytical 

models such as data envelopment analysis, network 

efficiency models, and game-theoretic approaches to capture 

the complexity of modern production systems [6, 7]. Studies 

across diverse sectors, including energy markets, 

transportation services, manufacturing, and finance, 

consistently demonstrate that higher cost efficiency is 

associated with stronger firm performance, lower 

operational risk, and improved resource utilization [5, 8, 9]. 
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However, most traditional cost-efficiency frameworks rely 

heavily on deterministic assumptions and static models that 

inadequately reflect the uncertainty, nonlinearity, and 

interdependencies characterizing contemporary production 

environments [1, 10]. 

In the manufacturing context, particularly within capital-

intensive industries such as automotive production, cost 

efficiency becomes even more critical. Automotive 

manufacturing requires substantial investments in 

technology, labor, logistics, and quality management, while 

simultaneously facing strong price competition and 

shrinking profit margins [11]. The Iranian automotive 

industry exemplifies these challenges. Despite occupying a 

dominant position in the national industrial sector, Iranian 

automotive firms continue to struggle with high production 

costs, low productivity growth, technological constraints, 

and limited integration with global value chains [11]. These 

structural inefficiencies undermine both domestic 

competitiveness and export potential, reinforcing the 

urgency of developing more robust cost-efficiency 

evaluation and optimization mechanisms. 

Recent scholarship increasingly emphasizes that 

production cost efficiency cannot be separated from supply 

chain configuration and technological capabilities. Lean and 

green supply chain models demonstrate that eliminating 

non-value-added activities, reducing waste, optimizing 

resource flows, and integrating environmental 

considerations significantly improve cost performance and 

organizational efficiency [12-14]. At the same time, 

technological capabilities—including digital manufacturing, 

automation, data analytics, and decision-support systems—

serve as critical predictors of supply chain competence and 

cost competitiveness, particularly among manufacturing 

enterprises operating under resource constraints [3, 15]. 

The digital transformation of production systems has 

further accelerated the need for intelligent optimization 

frameworks. Data-driven optimization, digital twins, and 

simulation-based planning now play central roles in modern 

production management, enabling firms to dynamically 

respond to demand fluctuations, resource constraints, and 

operational uncertainties [16, 17]. These technologies 

enhance not only operational performance but also cost 

transparency, allowing managers to identify inefficiencies 

across production planning, scheduling, maintenance, and 

logistics [18, 19]. Nevertheless, despite the availability of 

advanced analytical tools, many manufacturing firms—

especially in emerging economies—lack integrated systems 

capable of translating complex data into actionable cost-

efficiency decisions. 

A significant limitation of conventional cost-efficiency 

measurement models lies in their inability to adequately 

address uncertainty, qualitative judgments, and imprecise 

information that dominate real-world managerial 

environments [1, 10]. Human decision-making in production 

systems involves subjective assessments of technological 

change, workforce performance, quality improvement, and 

market dynamics, none of which can be fully captured by 

rigid numerical models. Fuzzy logic offers a powerful 

alternative by providing a formal framework for handling 

vagueness, ambiguity, and partial truth, thus bridging the 

gap between quantitative data and qualitative managerial 

knowledge [4, 7]. 

The integration of fuzzy systems into production cost 

analysis allows organizations to incorporate expert 

knowledge, linguistic variables, and uncertain information 

into coherent decision-support mechanisms. This approach 

has demonstrated strong potential in supply chain 

optimization, production planning, maintenance 

management, and industrial sustainability [15, 20, 21]. 

Moreover, fuzzy expert systems enable multi-dimensional 

evaluation of performance by simultaneously considering 

technological changes, productivity, cost structures, quality 

improvement, and profitability, thereby producing more 

realistic and reliable cost-efficiency assessments. 

The growing complexity of industrial ecosystems further 

reinforces the importance of integrated optimization 

frameworks. Urban-industrial symbiosis, hydrogen supply 

chain optimization, waste-to-energy systems, and circular 

production models illustrate the multi-objective nature of 

contemporary industrial decision-making, where cost 

efficiency must be balanced with sustainability, resilience, 

and long-term strategic objectives [20, 21]. Similarly, 

modern retail and manufacturing strategies increasingly rely 

on artificial intelligence and data analytics to optimize 

product design, customer engagement, and operational 

efficiency, highlighting the convergence of technological 

intelligence and cost management [22-24]. 

In the Iranian industrial context, the absence of 

sophisticated cost-efficiency optimization frameworks has 

contributed to persistent structural inefficiencies. Studies on 

Iranian industries, including banking and automotive 

sectors, consistently reveal significant gaps between actual 

and potential efficiency levels, driven by outdated 

production technologies, fragmented supply chains, weak 

maintenance planning, and limited application of advanced 
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decision-support tools [9, 11]. Without systematic 

evaluation mechanisms capable of integrating technological, 

operational, and financial dimensions, managerial 

interventions remain reactive and insufficient to address root 

causes of inefficiency. 

Furthermore, empirical evidence demonstrates that 

production cost efficiency is not merely a financial outcome 

but a strategic capability that mediates firm size, 

technological investment, market competitiveness, and 

innovation performance [4, 11]. Firms that successfully 

optimize production costs achieve greater pricing flexibility, 

stronger profitability, and enhanced ability to reinvest in 

technological upgrading and human capital development, 

creating a virtuous cycle of continuous improvement [1, 8]. 

Despite the recognized importance of cost efficiency, a 

comprehensive, integrated, and intelligent evaluation 

framework specifically tailored to the Iranian automotive 

industry remains largely underdeveloped in existing 

literature. Previous studies either focus on narrow efficiency 

indicators or employ methodologies that fail to incorporate 

uncertainty, expert judgment, and dynamic technological 

change simultaneously [6, 7]. This methodological gap 

limits the practical applicability of research findings for 

industrial managers facing complex decision environments. 

Therefore, advancing the methodological frontier of cost-

efficiency analysis requires the development of hybrid 

models that combine fuzzy logic, expert systems, and 

modern optimization techniques. Such models can capture 

the multi-dimensional nature of production systems, 

accommodate imprecision in managerial knowledge, and 

support strategic decision-making under uncertainty [15-

17]. When embedded within lean and green supply chain 

frameworks, these intelligent systems offer a powerful 

mechanism for simultaneously enhancing productivity, 

sustainability, and cost competitiveness [12-14]. 

In light of these considerations, the present study seeks to 

contribute to both theory and practice by proposing a 

comprehensive fuzzy expert system for evaluating and 

optimizing production cost efficiency in the Iranian 

automotive industry, grounded in contemporary 

developments in supply chain management, technological 

optimization, and intelligent decision-support systems. 

The aim of this study is to develop and validate an 

integrated fuzzy expert system model for evaluating and 

optimizing production cost efficiency in the Iranian 

automotive industry. 

2. Methodology 

This study seeks to evaluate the efficiency of production 

costs in the Iranian automotive industry with an emphasis on 

lean supply chain management using a fuzzy analysis 

approach. In terms of purpose and orientation, the study is 

classified as applied–developmental research. With respect 

to data collection, it follows a mixed qualitative–quantitative 

design. The statistical population in the qualitative phase 

consisted of a group of academic experts and specialists with 

extensive knowledge of production cost efficiency, as well 

as professionals with long-term consulting experience in the 

national automotive industry. Using purposive judgmental 

sampling, 15 experts were selected. To enhance the validity 

and reliability of the qualitative phase, feedback was 

provided to the interviewees in order to strengthen content 

validity, and they were kept informed about the research 

process in a manner that did not influence their responses, 

thereby reinforcing internal validity. Furthermore, to 

improve reliability, structured procedures were adopted 

through the use of convergent interviews, and systematic 

processes were implemented for the documentation, 

transcription, and interpretation of the extracted data. In 

addition, guidance from the research team was utilized in the 

evaluation and conduct of the interviews to increase the 

reliability coefficient of the study. In this research, the input 

variables of the efficiency evaluation system were extracted 

directly from the interview data. Subsequently, in the 

quantitative phase of the study, MATLAB software was 

employed to design the fuzzy expert system, enabling the 

development of a user-friendly system whose flexibility and 

performance were enhanced through the Fuzzy Logic 

Toolbox. It should be noted that the fuzzy expert system 

consists of five components: (1) the user interface, which 

receives information related to input variables from the 

database; (2) the fuzzy rule base; (3) the fuzzification unit; 

(4) the fuzzy inference engine; and (5) the defuzzification 

unit. Gaussian membership functions were used for 

fuzzification, and the Mamdani method was applied for 

fuzzy inference. 

3. Findings and Results 

In this study, interviews constituted the primary source of 

data. During the interviews, all statements provided by the 

participants were recorded and preserved, and their 

responses, together with the researchers’ observations and 

interpretations, were transcribed into textual form. After 

reaching theoretical saturation in the perspectives expressed 
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by the interviewees, the primary data were entered into 

MATLAB software, where initial coding was performed. 

This process yielded 98 initial codes. Subsequently, based 

on established coding principles and the conceptual 

similarity among the initial codes, these were consolidated 

into 17 axial codes (variables) that formed the foundational 

structure of the analysis. 

Axial coding establishes relationships between categories 

and subcategories by considering their dimensions and 

attributes. To explore the relationships among categories, the 

analytical framework of Strauss and Corbin was employed. 

The main elements of this analytical framework include 

conditions, actions/interactions, and consequences. Axial 

coding represents the second stage of data analysis in 

grounded theory methodology. The objective of this stage is 

to establish systematic relationships among the categories 

generated during open coding. This process is guided by the 

paradigm model and assists the theorist in facilitating the 

development of theoretical explanations. The core of the 

relational process in axial coding lies in the elaboration and 

extension of a central category. During the axial coding 

process, the researcher employed analytical tools such as 

questioning and constant comparative analysis to examine 

relationships among concepts, categories, and properties that 

emerged during open coding. This iterative procedure 

enabled the refinement of inter-category relationships and 

the alignment of categories with the paradigm model. 

Simultaneously with open and axial coding, an analytical 

framework was developed that illustrated the relationships 

among concepts and categories. 

The data obtained from the interviews and documentary 

sources were transformed into open codes, concepts, and 

categories through open coding procedures. Subsequently, 

based on the identified categories, a within-case 

interpretation was provided for each category. A sample of 

the categories and concepts derived from the qualitative data 

is presented in Table 1. 

Table 1. Coding Results Derived from Qualitative Data 

No. Open Coding Axial Coding 

1 Initial investments in production lines Internal rate of return 

2 Changes in net cash flow during the period at Iran Khodro 

 

3 Changes in discount rates across different fiscal periods 

 

4 Fluctuations in fixed production costs across periods Changes in production costs 

5 Variable production costs and their changes over time 

 

6 Semi-variable production costs experiencing significant fluctuations 

 

7 Level of maintenance and repair costs of production lines Operational production costs 

8 Costs related to production equipment 

 

9 Labor and wage costs of production personnel 

 

10 Marketing and sales costs of manufactured products 

 

11 Efficiency of human resources in production Production capacity 

12 Efficiency level of production line machinery 

 

13 Effective management of component takt time 

 

14 Quantitative and qualitative status of production tools and raw materials 

 

15 Managerial efficiency in the production system Productivity of production factors 

16 Technical efficiency of production 

 

17 Accumulation of physical capital in production 

 

18 Changes in the quality of production processes Level of production quality improvement 

19 Degree of creativity and innovation in production lines and processes 

 

20 Qualitative changes in manufacturing operations 

 

21 Level of output based on technical and engineering specifications 

 

22 Degree of change in production-related application software Changes in production technology 

23 Changes in production knowledge and methods 

 

24 Level of change in production hardware systems 

 

 

Based on the analysis of the interviews conducted with 

experts and following the specified analytical procedure, 17 

categories were extracted, which are presented in Table 2. 

Table 2. Variables Extracted from the Qualitative Data 

No. Variable Code No. Variable Code 
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1 Technological Changes C1 10 Gross Production Revenue C10 

2 Baseline Cost Efficiency Index C2 11 Production Capacity C11 

3 Internal Rate of Return C3 12 Optimization of Input Production Costs C12 

4 Operational Cost Efficiency C4 13 Improvement in Production Quality C13 

5 Changes in Input Prices C5 14 Non-Value-Added Production Costs C14 

6 Productivity of Production Factors C6 15 Value Creation Level C15 

7 Production Output Level C7 16 Reduction in Unit Cost C16 

8 Return on Investment C8 17 Profitability C17 

9 Average Changes in Production Costs C9 

   

 

Stages of Designing the Fuzzy Analysis System 

Stage One: Initial System Design 

In this stage, the input and output variables of the system 

are defined. The input variables consist of those derived 

from expert interviews. The output variable of the system is 

the evaluation of production cost efficiency. The fuzzy 

system designed in this study is illustrated in Figure 1. 

 

Figure 1. Fuzzy System of the Study 

Stage Two: Fuzzification of Input and Output 

Variables 

Based on a survey of 16 senior managers from Iranian 

automotive manufacturing companies, numerical scores 

ranging from 0 to 100 were classified into seven linguistic 

categories: very low, low, below average, average, above 

average, high, and very high. Subsequently, an appropriate 
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range was specified for each category, and corresponding 

membership functions were constructed. 

 

Figure 2. Fuzzy Sets and Membership Functions 

At this stage, the linguistic variables are fuzzified. In 

practice, the input variables are transformed into fuzzy 

numbers through the fuzzification unit. The membership 

functions consist of the following five functions: 

𝜇𝑁(𝑥) =

{
 
 

 
 

0, 𝑥 ≤ 0
1, 0 ≤ 𝑥 ≤ 0.4

0.5 − 𝑥

2
, 0.4 ≤ 𝑥 ≤ 0.5

0, 𝑥 ≥ 0.5

 

𝜇𝐹(𝑥) =

{
 
 

 
 

0, 𝑥 ≤ 0
𝑥 − 0.45, 0.45 ≤ 𝑥 ≤ 0.5

1, 0.5 ≤ 𝑥 ≤ 0.55
0.6 − 𝑥, 0.55 ≤ 𝑥 ≤ 0.6
0, 𝑥 ≥ 0.6

 

𝜇𝑀(𝑥) =

{
 
 

 
 

0, 𝑥 ≤ 0.55
𝑥 − 0.55, 0.55 ≤ 𝑥 ≤ 0.6

1, 0.6 ≤ 𝑥 ≤ 0.65
0.7 − 𝑥, 0.65 ≤ 𝑥 ≤ 0.7
0, 𝑥 ≥ 0.7

 

𝜇𝐺(𝑥) =

{
 
 

 
 

0, 𝑥 ≤ 0.65
𝑥 − 0.65, 0.65 ≤ 𝑥 ≤ 0.7

1, 0.7 ≤ 𝑥 ≤ 0.75
0.8 − 𝑥, 0.75 ≤ 𝑥 ≤ 0.8
0, 𝑥 ≥ 0.8

 

𝜇𝐸(𝑥) =

{
 
 

 
 

0, 𝑥 ≤ 0.75
𝑥 − 0.75

2
, 0.75 ≤ 𝑥 ≤ 0.85

1, 0.85 ≤ 𝑥 ≤ 1
0, 𝑥 ≥ 1

 

 

Stage Three: Specification of the Fuzzy Expert System 

Rules 

To complete the fuzzy analysis system of the study, it is 

necessary to define the fuzzy logic rules, which in fact 

constitute the core of the fuzzy system. Through these rules, 

the input data of the fuzzy analysis system are transformed 

into output data. This system includes 17 input variables and 

one output variable. Therefore, the model and the type of 

fuzzy system are of the Multiple-Input Single-Output 

(MISO) type. 

Stage Four: Fuzzy Analysis Based on System Rules 

At this stage, for each set of scores assigned by senior 

managers of the automotive companies, and by applying the 

rules of the fuzzy system, the output variable values 

representing production cost efficiency were obtained. 

Stage Five: Defuzzification of the Integrated Output 

Variable 

The output values obtained in the previous stage are 

expressed in fuzzy form. To simplify the analysis, these 

fuzzy numbers must be converted into crisp values. In other 

words, at this stage, the output values are defuzzified. 

Evaluation of Automotive Companies Based on the 

Proposed System 

In this section, after extracting the variables, they are 

considered as input variables of the fuzzy expert system. The 

evaluations of 16 senior managers from four major 

automotive manufacturing companies in Iran, which 

together account for the largest share of the national 

automotive market, were collected. These evaluations were 

expressed as scores ranging from 0 to 1 and entered into the 

system as inputs. Based on the predefined system rules, the 

production cost efficiency of these companies was assessed, 

and the relative ranking of the companies in terms of 

production cost efficiency was determined. Due to the large 

number of rules, one sample rule is presented below: 

INPUT: 

IF C1 = 0.5, C2 = 0.4, C3 = 0.6, C4 = 0.4, C5 = 0.8, C6 = 

0.5, C7 = 0.5, C8 = 0.6, C9 = 0.5, C10 = 0.5, C11 = 0.5, C12 

= 0.5, C13 = 0.4, C14 = 0.5, C15 = 0.6, C16 = 0.5, C17 = 0.4 

→ OUTPUT = 0.4 

In this section, the scores collected from senior managers 

for the identified variables in the four automotive companies 

are first presented in Table 3. 
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Table 3. Descriptive statistics of reservoir, completion fluid, and productivity variables 

Variable Code Company 1 Company 2 Company 3 Company 4 

Technological Changes C1 0.50 0.74 0.74 0.74 

Baseline Cost Efficiency Index C2 0.87 0.74 0.62 0.74 

Internal Rate of Return C3 0.50 0.62 0.50 0.38 

Operational Cost Efficiency C4 0.74 0.62 0.50 0.50 

Changes in Input Prices C5 0.74 0.84 0.74 0.62 

Productivity of Production Factors C6 0.50 0.62 0.50 0.38 

Production Output Level C7 0.74 0.74 0.62 0.50 

Return on Investment C8 0.38 0.50 0.50 0.50 

Average Changes in Production Costs C9 0.84 0.74 0.74 0.74 

Gross Production Revenue C10 0.50 0.62 0.62 0.50 

Production Capacity C11 0.74 0.74 0.62 0.50 

Optimization of Input Production Costs C12 0.74 0.62 0.74 0.50 

Improvement in Production Quality C13 0.74 0.62 0.62 0.50 

Non-Value-Added Production Costs C14 0.74 0.74 0.62 0.62 

Value Creation Level C15 0.50 0.74 0.74 0.62 

Reduction in Unit Cost C16 0.50 0.62 0.50 0.38 

Profitability C17 0.50 0.62 0.62 0.50 

Production Cost Efficiency C18 (Output) 0.4882 0.5001 0.4444 0.4051 

 

Subsequently, the output of the fuzzy expert system based 

on the rules and the scores provided by the managers of the 

automotive companies is presented. 

The output of the fuzzy expert system for Company 1 is 

illustrated in Figure 3, indicating that the scores for average 

changes in production costs and the baseline cost efficiency 

index are higher than the other input variables, while the 

lowest score corresponds to the return on investment. 

 

Figure 3. Output of the Fuzzy Expert System for Company 1 

The output of the fuzzy expert system for Company 2 is 

shown in Figure 4, demonstrating that the score for changes 

in input prices is higher than the other input variables, 

whereas the lowest score again corresponds to the return on 

investment. 

 

Figure 4. Output of the Fuzzy Expert System for Company 2 

The output of the fuzzy expert system for Company 3 is 

presented in Figure 5. The results indicate that optimization 

of input production costs, average changes in production 

costs, changes in input prices, and technological changes 

exhibit higher scores than the other input variables, while the 

lowest scores are associated with return on investment, 

reduction in unit cost, productivity of production factors, 

operational cost efficiency, and internal rate of return. 
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Figure 5. Output of the Fuzzy Expert System for Company 3 

The output of the fuzzy expert system for Company 4 is 

depicted in Figure 6, showing that technological changes, 

baseline cost efficiency index, and average changes in 

production costs have higher scores than the other inputs, 

whereas the lowest scores are attributed to reduction in unit 

cost, productivity of production factors, and internal rate of 

return. 

 

Figure 6. Output of the Fuzzy Expert System for Company 4 

After the production cost efficiency of each automotive 

company was illustrated in the above figures, the overall 

production cost efficiency of the four companies is presented 

in Figure 7. The results indicate that the production cost 

efficiency of these companies is at a moderate level or 

below. According to the model output based on the defined 

rules, the highest production cost efficiency belongs to 

Company 2. However, it is noteworthy that even the 

efficiency level of this company remains only at a moderate 

level. This finding indicates that overall production cost 

efficiency across the automotive companies is relatively low, 

with the highest observed efficiency reaching only a 

moderate level. Following Company 2, Company 1 exhibits 

moderate production cost efficiency, while Companies 3 and 

4 demonstrate production cost efficiency levels below the 

moderate threshold. 

 

Figure 7. Output of the Fuzzy Expert System for Production Cost Efficiency of the Four Automotive Companies 

4. Discussion and Conclusion 

The results of the present study provide compelling 

empirical evidence that production cost efficiency in the 

Iranian automotive industry remains at a moderate level or 

below, confirming long-standing concerns regarding 

structural inefficiencies within this sector. The fuzzy expert 

system revealed that even the most efficient firm among the 

four major automotive companies achieved only a moderate 

efficiency score, while the remaining firms exhibited 

moderate to below-average performance. This outcome 

aligns closely with previous research suggesting that 

automotive manufacturing in Iran is constrained by 

technological rigidity, operational fragmentation, and 

insufficient integration of advanced decision-support 

mechanisms [11]. Similar patterns of suboptimal cost 

efficiency have been documented in both industrial and 

service sectors, emphasizing that inefficiency is often rooted 

not in isolated operational failures but in systemic 

weaknesses across organizational structures and production 

networks [1, 4]. 
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One of the most notable findings of this study is the 

dominant role of technological change, baseline cost 

efficiency, and average production cost fluctuations in 

shaping overall cost performance. Companies that scored 

higher in technological adaptability and dynamic cost 

control achieved superior efficiency outcomes, although still 

within the moderate range. This observation supports the 

argument that technological capabilities act as primary 

drivers of supply chain competence and cost 

competitiveness [3]. Prior studies have demonstrated that 

firms investing in advanced manufacturing technologies, 

digital infrastructure, and automation exhibit stronger 

productivity growth and improved cost structures [15, 17]. 

The Iranian automotive industry’s relatively slow adoption 

of these technologies therefore constitutes a major constraint 

on achieving higher efficiency levels. 

The fuzzy expert system further highlighted that return on 

investment, productivity of production factors, and 

reduction of unit cost consistently received the lowest scores 

across companies. These findings reinforce earlier 

conclusions that inefficient capital utilization and weak 

productivity management are central challenges in Iranian 

manufacturing enterprises [11]. Comparable results have 

been observed in international contexts, where firms with 

low investment efficiency and suboptimal factor 

productivity demonstrate significantly weaker cost 

performance [5, 8]. The persistent weakness in these 

indicators suggests that managerial strategies within the 

studied companies remain largely reactive rather than 

proactive, focusing on short-term operational adjustments 

instead of long-term structural optimization. 

Another critical insight of the study concerns the role of 

non-value-added production costs. Firms exhibiting higher 

levels of such costs showed markedly lower efficiency 

scores, confirming the central premise of lean production 

theory that waste elimination is fundamental to cost 

competitiveness [12]. Previous research in closed-loop and 

sustainable supply chain systems similarly demonstrates that 

reducing non-value-added activities yields significant 

improvements in cost efficiency, environmental 

performance, and overall system resilience [13, 14]. The 

moderate to high presence of these costs in Iranian 

automotive firms indicates limited implementation of lean 

principles and insufficient process integration across 

production networks. 

The application of a fuzzy expert system proved 

particularly valuable in capturing the complexity of cost 

efficiency dynamics. Traditional deterministic models 

struggle to incorporate qualitative judgments, uncertain 

information, and nonlinear interactions among production 

variables [10]. In contrast, the fuzzy system successfully 

integrated expert knowledge with quantitative data, 

producing a more realistic assessment of organizational 

performance. This methodological advantage echoes prior 

findings that hybrid decision-support systems significantly 

enhance the reliability of industrial performance evaluation 

under uncertainty [4, 7]. The present study therefore extends 

this literature by demonstrating the practical applicability of 

fuzzy systems in large-scale automotive manufacturing 

contexts. 

Furthermore, the results underscore the importance of 

integrating production planning, maintenance management, 

and operational monitoring. Firms that scored higher on 

integrated planning and maintenance indicators exhibited 

better cost efficiency, supporting previous research 

emphasizing the synergistic effects of coordinated 

production-maintenance systems [18, 19]. This integration 

enhances equipment reliability, reduces downtime, and 

stabilizes production costs, thereby contributing to sustained 

efficiency gains. The Iranian automotive firms’ relatively 

weak performance in this domain highlights a missed 

opportunity for cost optimization through organizational 

coordination. 

The findings also resonate with contemporary 

developments in data-driven optimization and digital 

manufacturing. Studies on digital twins, simulation-based 

planning, and advanced analytics demonstrate that data-

centric decision frameworks substantially improve 

production efficiency and cost control [16, 17]. The limited 

adoption of such technologies within the studied firms 

suggests that the Iranian automotive sector remains in an 

early stage of digital transformation, constraining its ability 

to compete in increasingly intelligent global production 

ecosystems. 

Beyond internal operations, broader supply chain 

configuration emerged as a critical determinant of cost 

efficiency. Firms that exhibited stronger alignment between 

production processes and supply chain structures achieved 

higher efficiency outcomes. This observation aligns with 

established research indicating that supply chain design, 

coordination, and technological integration directly 

influence organizational cost performance [2, 3]. Moreover, 

the integration of sustainability considerations into supply 

chain management—such as green and circular production 

models—has been shown to enhance both environmental 

and economic outcomes [20, 21]. The moderate efficiency 
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levels observed in this study therefore reflect not only 

internal production challenges but also systemic supply 

chain inefficiencies. 

Collectively, the results suggest that production cost 

inefficiency in the Iranian automotive industry is deeply 

structural and multi-dimensional. Addressing these 

inefficiencies requires more than incremental operational 

improvements; it demands comprehensive transformation of 

technological infrastructure, managerial decision-making, 

and supply chain governance. The fuzzy expert system 

developed in this study offers a powerful diagnostic and 

strategic tool for guiding such transformation by enabling 

managers to identify critical leverage points within complex 

production systems. 

The present study is subject to several limitations. First, 

the analysis was confined to four major automotive 

manufacturers in Iran, which, although dominant in the 

national market, may not fully represent the diversity of 

production practices across the broader industrial landscape. 

Second, the reliance on expert judgment, while 

methodologically justified within the fuzzy framework, 

introduces a degree of subjectivity that may influence the 

stability of the results. Third, data constraints limited the 

ability to conduct longitudinal analysis, restricting the 

examination of dynamic efficiency changes over time. 

Future studies should extend this framework to additional 

industrial sectors and a larger sample of firms to enhance 

generalizability. Longitudinal research designs would 

enable the examination of cost efficiency evolution under 

different strategic interventions. Moreover, integrating real-

time production data, digital twin models, and machine 

learning techniques into the fuzzy expert system could 

significantly improve predictive accuracy and decision-

support capabilities. 

Managers and policymakers should prioritize 

comprehensive digital transformation initiatives within the 

automotive sector, emphasizing technological upgrading, 

integrated production-maintenance planning, and data-

driven decision systems. Organizations should 

institutionalize lean management practices to eliminate non-

value-added activities and enhance productivity. Finally, 

national industrial policy should support the development of 

intelligent production infrastructures that facilitate 

sustainable cost competitiveness across the automotive 

supply chain. 
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