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1|Introduction    

Energy, particularly the petroleum sector, remains a cornerstone of global economic development, driving 

industrial progress and shaping international trade dynamics, valued at USD 6,705.68 billion in 2023 and 

expected to expand to USD 8,917.40 billion by 2031, reflecting a Compound Annual Growth Rate (CAGR) 
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Abstract 

This study addresses the challenge of optimizing international market entry decisions for Chinese petroleum equipment 

manufacturers in emerging economies. As global competition intensifies, effective market selection and entry strategy 

prioritization become crucial for successful expansion. This study employs an innovative integrated approach combining 

Data Envelopment Analysis (DEA), Malmquist and Neutrosophic Z-number Multi-Criteria Decision Making (MCDM) 

methods to evaluate market efficiency and prioritize entry strategies. The DEA Malmquist analysis assessed the efficiency 

and productivity changes of 35 countries from 2013 to 2019, categorizing them into highly efficient, stable, and inefficient 

markets. Subsequently, the Neutrosophic Z-number MCDM method prioritized specific entry strategies for each market 

category. Results reveal distinct strategy priorities: highly efficient markets emphasize technological capability and strategic 

sourcing; stable markets focus on regional consolidation and standardized training; inefficient markets prioritize regulatory 

compliance and product customization. This integrated approach provides a comprehensive framework for market analysis 

and strategy formulation, offering valuable insights for Chinese manufacturers in their global expansion efforts. The study 

contributes to international business strategy literature by demonstrating the effectiveness of combining quantitative 

efficiency analysis with expert judgment under uncertainty, while also providing practical implications for decision-makers 

in the petroleum equipment industry.  
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  of 3.68%. The petroleum industry is critical not only for energy supply but also for the equipment sector that 

supports its exploration, production, refinement, and distribution [1]. The global petroleum equipment 

market, valued at approximately USD 8.1 billion in 2020, is projected to grow at a Compound Annual Growth 

Rate (CAGR) of 3.2% from 2023 to 2030, underscoring its pivotal role in facilitating upstream, midstream, 

and downstream operations [2]. Key markets such as the United States, Canada, Saudi Arabia, and other oil-

rich nations with substantial reserves and production capacities are prime targets for equipment 

manufacturers seeking to establish or expand their global presence. These markets demand advanced 

technologies, including seismic imaging, deep-water drilling systems, and heat transfer solutions, to enable 

efficient resource extraction and processing in increasingly complex environments.  

China, which is often referred to as the "world’s factory" [3], has leveraged its robust industrial base to become 

a global manufacturing leader, contributing 30.7% of global output by 2022 [4]. This strength has driven the 

petroleum equipment sector, with firms like Hoffman (Beijing) Engineering Technology Co., Ltd. excelling 

in plate heat exchangers. Supported by companies like MA Steel and CNOOC, and policies like “Made in 

China 2025” and the 14th Five-Year Plan, targeting 70% domestic content by 2025 [5], China has enhanced 

its competitiveness in offshore drilling and FPSO systems [5]. However, in international markets, Chinese 

firms like Hoffman face fierce competition from established Western and Indian brands such as Kelvion, 

AIC A-Line, and Process Engineers and Associates, which are renowned for their reliability, superior after-

sales support, and compliance with stringent global standards like API and the EU’s ATEX directive [6], [7]. 

This intense competition in foreign markets has created a “red ocean” environment, characterized by 

aggressive price wars and shrinking profit margins. The challenge is further exacerbated by geopolitical 

tensions, particularly the anticipated U.S. trade policies under the Trump administration in 2025, which are 

expected to impose higher tariffs on Chinese goods [8]. These tariffs could restrict market access and increase 

costs, making it harder for Chinese manufacturers to compete in established markets like North America and 

Europe.  

Consequently, the pursuit of “blue ocean” opportunities—markets with lower competitive intensity, 

untapped potential, and growing demand—has become essential for sustaining growth and creating 

differentiated value [9]. Emerging economies in regions such as the Middle East, Africa, and Southeast Asia 

are particularly promising due to their rising infrastructure investments, increasing energy needs, and reduced 

presence of Western incumbents [10], [11]. These regions align with China’s strategic initiatives, such as the 

Belt and Road Initiative (BRI) and the Asian Infrastructure Investment Bank (AIIB), which aim to enhance 

regional connectivity and trade [12]. Despite the opportunities, selecting and prioritizing the right emerging 

markets poses significant challenges. Chinese manufacturers must navigate a TUNA environment—

Turbulent, Uncertain, Novel, and Ambiguous—marked by shifting regulations, geopolitical risks, and diverse 

market-specific variables such as economic conditions, institutional frameworks, and technical requirements 

[13]. For instance, while emerging economies offer growth potential, they vary significantly in terms of 

regulatory compliance, infrastructure readiness, and competitive landscapes. The critical question is: which 

markets should firms like Hoffman prioritize, and how should they tailor their entry strategies to maximize 

success under global uncertainty? 

Research on Chinese manufacturers entering emerging markets in the petroleum equipment industry is 

limited. While existing studies explore market entry strategies of Western firms [14] and internationalization 

motives of Chinese state-owned enterprises [15] they largely overlook tailored strategies for Chinese 

manufacturers in the global TUNA environment. Although potential markets in the Middle East and Africa 

have been identified for Chinese oil firms, and strategies for oilfield services and logistics have been analyzed 

[19], there is a lack of specific, adaptable strategies for these diverse regions amid global uncertainties. 

Moreover, while much research focuses on the broader petroleum sector, the equipment industry—crucial 

for global competitiveness—receives little attention [14], [16] Studies often highlight challenges faced by 

Western firms in emerging markets but pay limited attention to barriers encountered by Chinese 

manufacturers. Similarly, while some research examines the internationalization motives of Chinese national 

oil companies [17], [18] it rarely addresses how Chinese petroleum equipment manufacturers can strategically 
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select entry modes based on specific market characteristics. Most studies focus on the general petroleum 

industry or analyze reasons for global expansion failures, with little emphasis on integrating market 

identification, classification, and strategic decision-making tailored to the petroleum equipment sector [19], 

[20]. To address the problem, this study develops an integrated, data-driven framework that combines 

efficiency assessment, machine learning-based market segmentation, and advanced decision-making under 

uncertainty. The methodology leverages DEA for efficiency evaluation, K-means and DBSCAN—both 

machine learning techniques—for market clustering, and the Neutrosophic Z-number Multi-Criteria 

Decision-Making (MCDM) approach for strategy selection.  

DEA is a powerful solution for international market selection in export contexts. Multiple studies have 

applied DEA models to evaluate market efficiency and support decision-making processes [21]. These models 

incorporate various factors, including import tariffs, logistics costs, ease of doing business, political policy, 

and economic indicators, to assess potential export destinations, which can provide insights into market 

efficiency over time. The DEA Malmquist model extends to calculate Decision-Making Unit (DMU) 

productivity, with DEA window analysis adopting a dynamic approach by treating the same DMU as distinct 

entities over time, while the moving average method assesses relative efficiency by comparing each DMU 

against various reference sets [22].  

Following the efficiency assessment, market segmentation is critical to formulate tailored entry strategies. This 

study employs K-means clustering, a popular unsupervised machine learning algorithm, to group emerging 

economies based on their DEA Malmquist productivity scores into predefined categories: highly efficient, 

stable, and inefficient. K-means delivers clear, interpretable clusters that highlight structural differences in 

market efficiency and development levels, enabling firms to align their strategies with organizational priorities 

[23], [24]. However, K-means assumes uniform data distribution and fixed cluster shapes, which may 

oversimplify the complex, heterogeneous nature of global markets. To address this limitation, Density-Based 

Spatial Clustering of Applications with Noise (DBSCAN), another machine learning algorithm, is used as a 

complementary technique. Unlike K-means, DBSCAN does not require a predefined number of clusters and 

excels at identifying arbitrarily shaped clusters and outliers that may deviate from typical patterns [25]. By 

combining K-means for structured segmentation with DBSCAN for validation and outlier detection, this 

dual-clustering approach ensures both robust market grouping and sensitivity to unconventional 

opportunities, enhancing the reliability of market selection.  

After the market selections, the strategies for market entry are a challenge and involve complex decision-

making processes under uncertainty and complexity. Complex decision-making processes will lead to stages 

of the Neutrosophic Z-numbers MCDM approach. Neutrosophic Sets (NS) signify a substantial advancement 

in fuzzy set theory, providing a more inclusive framework by integrating truth, indeterminacy, and falsity 

membership grades, in contrast to conventional fuzzy sets that account for the degree of membership [22]. 

Providing a more inclusive framework enables NS to manage uncertainty more proficiently than alternative 

fuzzy methodologies such as Type-2 fuzzy sets, IFSs, and HFSs, which encounter difficulties in addressing 

indeterminacy and delivering a comprehensive overview [26], [27]. Z-numbers enhance decision-making 

under uncertainty by incorporating a reliability metric, which is absent in NS alone [28]. The incorporation of 

Z-numbers with NS in MCDM improves the framework's capacity to handle ambiguous information and its 

trustworthiness, rendering it especially beneficial in intricate situations when data is missing or inconsistent 

[29]. This integrated approach—linking Dynamic Efficiency Assessment (DEA-Malmquist), robust market 

segmentation (K-means & DBSCAN), and Advanced uncertainty Handling (NZN-AHP)—offers a 

comprehensive and logically structured framework that not only enhances methodological rigor but also aligns 

closely with the complex, uncertain, and highly heterogeneous nature of international market expansion in 

the petroleum equipment sector. 

This study focuses on answering the following research questions: 

I. How can Chinese petroleum equipment manufacturers effectively identify and prioritize emerging markets 

for entry?  
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  II. What are the most effective strategies for market entry in specific emerging markets, and how should these 

strategies be selected? 

In line with these research questions, the study will pursue the following objectives: 

I. To develop a systematic approach for identifying and prioritizing markets for Chinese petroleum equipment 

manufacturers.  

II. To offer strategic recommendations for selecting and entering specific emerging markets based on the 

evaluation of key factors. 

This study makes original contributions in two key areas: the development of an integrated framework for 

market selection and entry strategy formulation for Chinese petroleum equipment manufacturers and the 

innovative application of machine learning and Neutrosophic Z-number MCDM techniques. The proposed 

framework combines DEA Malmquist for dynamic efficiency assessment, K-means and DBSCAN for robust 

market segmentation, and Neutrosophic Z-number MCDM for advanced strategy selection under 

uncertainty, offering a systematic, data-driven approach to navigating the complex TUNA environment of 

global markets. A systematic, data-driven approach enables firms like Hoffman to prioritize high-potential 

emerging economies and tailor effective entry strategies, bridging the literature gap on Chinese manufacturers’ 

expansion in the petroleum equipment sector. The novel integration of machine learning-based clustering 

and Neutrosophic Z-number MCDM not only enhances methodological rigor but also provides a scalable 

model applicable to other industries facing similar global expansion challenges, contributing to the broader 

discourse on strategic decision-making in the era of big data and uncertainty. 

The rest of the study is divided into five sections. Section 2 provides a literature review, summarizing prior 

studies and describing the research approach. Section 3 explains the methodology along with the calculation 

formulas for each technique. Section 4 showcases the results and analysis, and Section 5 interprets the findings 

and concludes the study. 

2|Literature Review  

2.1|Globalization Strategies Framework 

Ghemawat's Global Strategy Framework, known as the AAA (Adaptation, Aggregation, Arbitrage) model, 

provides a robust theoretical foundation for analyzing China's petroleum equipment export strategy to 

emerging markets (Fig. 1) [30]. This model allows for flexible market assessment based on adapting to local 

differences, leveraging economies of scale, and exploiting market disparities [30]. The concept of 

"semiglobalization" accurately reflects the petroleum industry's current state, where geopolitical and regional 

economic factors remain significant [13]. The AAA model balances cost and scale advantages with adaptation 

to specific market needs [30]. This framework enables a comprehensive analysis of barriers and opportunities 

in emerging markets, particularly relevant for Chinese companies. It provides a systematic approach to 

analyzing challenges and proposing strategies for Chinese petroleum equipment firms in a complex global 

context. 

The application of Ghemawat's framework to China's export strategy involves a nuanced approach to each 

AAA component. The Adaptation strategy focuses on tailoring products and services to specific market 

requirements, crucial for entering diverse emerging markets with varying regulations and standards. The 

Aggregation strategy capitalizes on economies of scale through standardization, aligning with 

"semiglobalization" and leveraging China's manufacturing capabilities globally [13]. The Arbitrage strategy 

exploits differentials in costs, production, technology, and experience between China and target markets [30], 

particularly relevant given China's position in global manufacturing and growing capabilities in the petroleum 

sector. Integrating these strategies allows Chinese companies to balance their competitive advantages with 
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diverse market needs. This framework provides a comprehensive approach to market expansion and a 

foundation for strategy evaluation and adjustment in a volatile global business environment. 

 

Fig. 1. The AAA strategy triangle. 

Table 1 outlines specific strategies within each component of the AAA framework, providing a detailed 

roadmap for Chinese petroleum equipment manufacturers to navigate the complexities of emerging markets 

effectively: 

Table 1. AAA strategies for china's petroleum equipment export to emerging markets. 

 

 

 

 

Strategy Type Adaptation Strategies Code Details Reference 

Adaptation 
strategies  

Regulatory compliance 
customization 

S11 Customization of equipment to meet 
local regulatory standards and 
environmental conditions; leveraging 
relationships with government bodies 
for compliance. 

Wireman [31]  

Flexible financing 
schemes 

S12 Offering flexible financing options 
tailored to local economic conditions, 
developing leasing or installment 
payment programs for emerging 
markets. 

Pinto and 
Coutinho dos 
Santos [32]  

Localized service 
networks 

S13 Development of market-specific 
service and support networks; forming 
partnerships with local petroleum 
service companies. 

Paul W. 
Beamish [32]  

Cultural marketing 
alignment 

S14 Localization of marketing and sales 
approaches to align with cultural 
norms; building a digital marketing 
strategy focused on specialized 
content and case studies. 

Chaffey et al. [33]  

Regional-specific 
product modification 

S15 Adaptation of product features to suit 
regional operational practices; 
customizing products and services for 
specific market demands. 

Porter [34]  
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  Table 1. Continued. 

2.2|Literature on DEA Method 

DEA is a non-parametric technique used to determine the efficiency of decision-making units. The work 

conducted by Farrell in 1957 marks the origins of the DEA. Farrell's theory of production potential frontier 

evaluates the operational efficiency and financial success of companies within the same sector by considering 

factors such as the efficiency of resource allocation and overall technical efficiency [43]. The DEA-Malmquist 

model is a modified version of the original DEA model [44]. The DEA-based Malmquist productivity index 

is designed to evaluate productivity alterations throughout a specific period. Malmquist initially proposed the 

Malmquist index, a quantity index to analyze input consumption [45]. Färe et al. [44] synthesized the concepts 

of quantifying effectiveness from Farrell by measuring performance from Caves et al. [46]. The Malmquist 

Productivity Index (MPI) based on DEA is directly derived from the data that is being received and sent out. 

This index serves as a highly effective tool for quantifying the performance change of DMUs. The method is 

an invaluable instrument for assessing the efficiency of DMUs. The MPI is computed by integrating the 

Catch-Up index (CU), which quantifies technical efficiency, and the Frontier-Shift (FS) index, which 

quantifies technological efficiency. The current investigation uses the Malmquist model to identify potential 

countries for petroleum equipment companies to enter the market. 

Strategy Type Adaptation Strategies Code Details Reference 

Aggregation 
strategies  

Regional manufacturing 
consolidation 

S21 Establishment of regional 
manufacturing hubs to serve multiple 
emerging markets. 

Rugman and 
Verbeke [35]  

Core component 
standardization 

S22 Standardization of core product 
components across markets to achieve 
economies of scale. 

Birkinshaw et al. 
[36]  

Global brand unification S23 Development of a global brand 
identity for Chinese petroleum 
equipment; creating premium product 
lines to compete with international 
brands. 

Steenkamp [37]  

Standardized operational 
training 

S24 Create standardized training programs 
for equipment operation and 
maintenance; develop international 
training programs for employees. 

Becker [38]  

Centralized R&D 
optimization 

S25 Centralization of R&D efforts to 
leverage innovations across markets; 
investing in advanced technologies 
and automation. 

Porter [34]  

Arbitrage 
strategies  

Technological capability 
leverage 

S31 Utilization of China's advanced 
technological capabilities; investing in 
technologies to enhance product 
quality. 

Porter [34] 

Strategic global sourcing S32 Strategic sourcing of raw materials and 
components from low-cost regions; 
building strong local supply chains for 
optimized costs and delivery times. 

Murray et al. [39] 

Cost-based competitive 
pricing 

S33 Leveraging lower manufacturing costs 
in China to offer competitive pricing 
and developing cost-efficient solutions 
for state-owned oil companies. 

Zeng and 
Williamson [40] 

Knowledge transfer 
exploitation 

S34 Exploitation of knowledge 
differentials by offering technology 
transfer as part of deals. 

Kogut and 
Zander [41] 

Diplomatic advantage 
utilization 

S35 Capitalizing on China's diplomatic ties 
for preferential access, leveraging the 
Belt and Road Initiative for market 
entry. 

Sági and 
Engelberth [42]  
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The DEA method, particularly in conjunction with the Malmquist index, has been extensively used in 

previous studies to evaluate the performance and development of countries. Prior studies, such as Färe et al. 

[44], used the DEA-Malmquist index to evaluate productivity growth and efficiency in industrialized nations, 

incorporating factors like GDP and technical progress. At the same time, Charnes et al. introduced the DEA 

framework to measure DMU efficiency, later adapted to assess country-level performance using economic, 

social, and environmental indicators [47], [48]. Zhu [49] further detailed DEA’s versatility in handling multiple 

inputs and outputs to evaluate national stability across industries and regions. Building on these works, we 

apply the DEA method to assess countries’ suitability for petroleum equipment enterprises. The selected 

inputs and outputs (Table 2) enable a comprehensive evaluation of country stability and development, 

informing strategic market entry decisions in the petroleum sector.  

For a Chinese company exporting oil and gas equipment, the DEA-Malmquist analysis incorporates input 

variables (Table 2) critical to production capacity, consumption, and business environments. These inputs—

such as public debt, tax rates, security index, economic decline, electricity and renewable energy capacity, 

business startup costs, and tax complexity—directly shape the business environment and production 

capabilities. High debt or taxes may reduce affordability and profitability, while security and economic stability 

influence operational viability. Energy capacities reflect industrial support, and business startup costs and tax 

burdens indicate market accessibility. 

Output variables, including oil production, diesel and heating oil consumption, business freedom index, and 

trade freedom index, reflect a country’s stable and conducive business environment. These outputs highlight 

success in leveraging oil and gas resources and the degree of commercial freedom, guiding the exporting 

company’s investment and market selection decisions. The DEA Malmquist Output Orientation (OV) 

method is chosen over alternatives like OC or OGRS, as it maximizes outputs (e.g., oil production and 

consumption) without reducing inputs. This approach is critical for developing an efficient market entry 

strategy, optimizing resource use, and meeting international market demands. 

Table 2. Inputs and outputs used in previous relevant studies. 

 

 

 

 

 

 

 

 

 

2.3|Literature on Clustering Methods 

Clustering is an unsupervised learning technique that groups data based on similarity or distance, aiming to 

maximize intra-cluster similarity while minimizing inter-cluster differences [50]. It is widely applied in fields 

such as market segmentation, pattern recognition, and anomaly detection. Common clustering methods 

include K-means, Fuzzy C-Means (FCM), DBSCAN, and hierarchical clustering, with applications in areas 

like marine traffic analysis [51], digital library management, and federated learning [52]. However, clustering 

Input Factor Output Factors 

(I) Government debt as a percent of GDP (O) Oil production (thousand barrels per day) 

(I) Tax rate as a percent of commercial profits 
(O) Diesel and heating oil consumption 
(thousand barrels/day) 

(I) Security threats index (0 = low, 10 = high) (O) Business freedom index (0-100) 

(I) Economic decline index (0 = low, 10 = high) (O) Trade freedom index (0-100) 

(I) GDP per capita (current U.S. dollars)  

(I) Electricity production capacity (million kilowatts)  

(I) Renewable power capacity (million kilowatts)  

(I) Fossil fuels electricity generation (billion kilowatt-hours)  

(I) Solar electricity generation (billion kilowatt-hours)  

(I) Cost of starting a business (% of income per capita)  

(I) Imports of goods and services (billion USD)  

(I) Number of taxes paid by businesses  
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  faces challenges such as sensitivity to initialization and parameter selection, which can lead to suboptimal 

results. Advanced techniques, such as Quantum Particle Swarm Optimization (QPSO) for FCM, have been 

developed to improve convergence and stability [25]. 

K-means, a centroid-based clustering algorithm, partitions data into k clusters by minimizing intra-cluster 

variance, assuming convex, spherical clusters [53]. Its computational efficiency and scalability make it ideal 

for large, structured datasets [16]. K-means has been widely used in market analysis [54] and marine traffic 

studies [55], financial performance evaluation [56], sales potential analysis of BUMDES products [57], logistics 

optimization [58], and organizational performance analysis [59]. However, its limitations include the need to 

predefine the number of clusters (k) and sensitivity to outliers, which can skew centroids and reduce clustering 

accuracy in heterogeneous datasets [60]. 

DBSCAN, a density-based clustering algorithm, groups data points based on proximity and density, forming 

clusters of arbitrary shapes without requiring a predefined number of clusters. It is effective at identifying 

outliers, making it suitable for detecting anomalous markets [61]. DBSCAN defines core points (≥minPts 

points within ε radius), border points (within ε of a core point), and noise (outliers), with applications in 

marine traffic pattern extraction [62–64] as well as [65]. However, DBSCAN’s performance depends on 

careful calibration of ε and minPts, leading to improvements like multiverse optimization [66] and quadtree-

based parameter adaptation [67], which increase computational complexity. 

In this study, K-means is used to segment 35 emerging economies into three performance-based clusters 

based on MPI scores, leveraging its efficiency and interpretability for structured market analysis. DBSCAN 

complements K-means by validating clusters and identifying outliers, ensuring no strategically significant 

markets are overlooked. This dual approach combines K-means’ structured segmentation with DBSCAN’s 

ability to detect non-spherical clusters and anomalies, improving the reliability of market prioritization for 

Chinese oil and gas equipment manufacturers. 

2.4|Literature on Neutrosophic Z-Numbers AHP 

AHP, developed by Saaty [68], is an MCDM method that structures complex decisions by organizing criteria 

into a hierarchy, assigning weights through pairwise comparisons, and ranking alternatives based on their 

relative importance. AHP’s structured, systematic approach makes it highly suitable for the oil and gas sector, 

where decisions involve multiple conflicting factors such as cost, risk, and market potential, and for 

prioritizing tasks like market selection and strategy formulation. Its ability to incorporate both quantitative 

data and expert judgment allows decision-makers to evaluate diverse criteria, such as economic viability, 

regulatory compliance, and geopolitical risks, which are critical in the volatile oil and gas industry [69], [70]. 

AHP has been effectively applied in this sector for risk assessment, supply chain optimization, and market 

prioritization, as well as in broader contexts for selecting optimal markets and strategies [71], [72]. However, 

conventional AHP struggles with handling uncertainty, subjectivity, and imprecise data prevalent in the 

TUNA environment of global oil and gas markets. To address this, fuzzy logic was integrated into AHP to 

manage vagueness, but fuzzy AHP falls short in capturing indeterminacy and assessing the reliability of 

judgments, which are crucial for robust decision-making in complex, dynamic settings [73–75]. 

To overcome these limitations, Neutrosophic Set Theory (NST), introduced by Smarandache [76], enhances 

fuzzy sets by incorporating three independent membership functions—Truth (T), Indeterminacy (I), and 

Falsity (F)—within the interval [−0, 1+], enabling a comprehensive representation of uncertainty, 

inconsistency, and contradiction. Single-Valued Neutrosophic Sets (SVNS) further adapt NST for practical 

applications, such as supply chain management and critical factors in sustainable practice analysis [72], [77], 

[78]. However, NST alone lacks mechanisms to evaluate the reliability of information. Z-numbers, proposed 

by Zadeh [28], address this by pairing a fuzzy restriction (A) with a reliability measure (B), enhancing decision-

making precision in contexts like system reliability assessments [79]. Integrating NST and Z-numbers into 

Neutrosophic Z-numbers (NZN) combines multi-dimensional uncertainty modeling with reliability 

considerations, as demonstrated in cybersecurity and MCDM applications [77], [79], [29]. NZN-AHP is 
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particularly suitable for this study, as it equips Chinese oil and gas equipment manufacturers to prioritize 

emerging markets and tailor entry strategies in the TUNA environment. By addressing uncertainty, 

indeterminacy, and reliability, NZN-AHP ensures robust, adaptive decision-making for market selection and 

strategy prioritization, aligning with the sector’s complex and uncertain dynamics. 

Table 3. Related works. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

3|Methodology 

The research process comprised two distinct phases, as shown in Fig. 2. 

 

Fig. 2. Proposed research framework. 

The proposed research framework for prioritizing emerging markets and strategizing entry for Chinese oil 

and gas equipment manufacturers unfolds in three structured phases. Phase 1: Market Efficiency Assessment 

involves a comprehensive evaluation using the DEA Malmquist model to analyze the efficiency and 

Application of AHP Sector Purpose Reference 

Fuzzy AHP Renewable energy 
Prioritize green hydrogen potential in 
India. [80] 

AHP Oil and Gas 
Assess the risks of oil and gas pipeline 
hot work. [81] 

AHP Oil and Gas 
Identify complexity drivers in supply 
chains. [69] 

Improved AHP Oil and Gas 
Quantify the risks of crude oil storage 
tank leaks. [75] 

AHP Power Generation 
Select optimal markets for rolling 
stock manufacturers. [71] 

AHP General Business 
Choose locations for market 
expansion. [82] 

AHP General Business 
Evaluate 193 countries for export 
market viability. [72] 

Neutrosophic AHP Tourism 
Assess business plan feasibility for bus 
tours. [78] 

Z-number fuzzy AHP Finance 
Analyze non-traditional security 
threats to supply chains. [83] 

Fuzzy AHP with Extended 
Z-numbers Logistics 

Select optimal logistic hub locations 
under uncertainty. [84] 
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  productivity dynamics of 35 emerging economies from 2013 to 2019. This phase leverages input factors such 

as import tariffs, logistics costs, and political-economic indicators to classify markets based on performance 

metrics. Phase 2: Market Segmentation employs K-means clustering to categorize these economies into three 

performance-based groups—high, stable, and low efficiency—facilitating structured market prioritization. To 

enhance robustness, DBSCAN is applied to validate the clusters and identify outliers, ensuring the inclusion 

of strategically significant markets with unique trajectories. Phase 3: Strategy Prioritization utilizes the NZN-

AHP to rank entry strategies for each cluster, integrating truth, indeterminacy, falsity, and reliability metrics 

to address uncertainties and tailor strategies, such as joint ventures or certifications, to market-specific 

conditions. This integrated framework, grounded in rigorous quantitative and qualitative methodologies, 

provides a systematic approach to guide firms like Hoffman in navigating the complexities of the TUNA 

global environment. 

3.1|DEA Malmquist 

DEA-Malmquist, proposed by Caves et al. [46], is a tool used to assess the efficiency changes for each DMU 

over different periods [46]. This study utilized the original MPI model and the extended model by Fare et al. 

[48] to evaluate the dynamic productivity trends according to the efficiency and technology of the companies. 

The DEA-Malmquist method examines many categories of inputs and outputs (shown in Table 3) to evaluate 

the efficiency of DMUs over a certain period of time. The MPI comprises two primary elements: Efficiency 

Change (EC) and Technological Change (TC). Efficiency change, or CU, reflects the changes in efficiency 

among the DMUs, while technological change, referred to as FS, illustrates the shifts in the efficiency frontier. 

By comparing efficiency scores, this method allows the determination of the relative efficiency of logistics 

companies, thereby assessing and ranking them based on their financial indicators, aiding in making more 

precise management decisions and strategies. The total factor productivity change from period t to period 

t+1 is determined by applying Eq. (1). 

Between t and t+1, MPIt
t+1 > 1  demonstrates a significant increase in DMU performance, whereas MPIt

t+1 =

1 ; MPIt
t+1 < 1 on the other hand, shows no change in performance and negative growth. 

Two components may be multiplied to get the MPI index: 

In the context of analyzing the productivity of logistics companies based on financial reports, a CU value 

greater than 1 indicates the company is actively working to reduce the gap and approach ideal efficiency. 

Alternatively, an FS value assesses the company's overall efficiency improvement or decline, potentially 

expanding or contracting the frontier and impacting industry-wide efficiency. An increase in the CE value 

suggests the company is nearing the efficiency frontier, whereas a rise in the FS value indicates innovation 

and technological advancement. 

3.2|Clustering Algorithm  

3.1.1|K-means clustering algorithm 

K-Means is a straightforward unsupervised learning method employed for clustering tasks. It divides a set of 

‘n’ data points into k groups, assigning each point to the cluster with the closest mean value. The primary 

objective of the K-Means algorithm is to reduce the target function. 

MPIt
t+1 = √

b0
t  (et+1, f t+1)

b0
t  (et, f t)

 ×  
b0

t+1 (et+1, f t+1)

b0
t+1 (et, f t)

. (1) 

MPI(et+1, f t+1, et, f t) 

=  
b0

t+1 (et+1, f t+1)

b0
t  (et, f t)

 √
b0

t  (et+1, f t+1)

b0
t+1 (et, f t)

×
b0

t  (et, f t)

b0
t+1 (et, f t)

, = CU ×  FS. 

(2) 
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The steps for clustering data with the K-Means algorithm are as follows: 

Step 1. Split the dataset into K groups and randomly allocate the clusters. This process ensures that each 

cluster contains a roughly equal number of data points. Random assignment guarantees that every data point 

has an equal chance of being placed in any cluster, reducing the risk of bias. 

Step 2. Measure the distance between each data point and the center of each cluster. 

Step 3. Relocate data points that are far from any cluster to the nearest one, while leaving points already near 

a cluster unchanged. 

Step 4. The resulting clusters, including their initial configuration, internal distances, and cohesion, can be 

heavily influenced by the initial selection of partitions. 

3.1.2|DBSCAN clustering algorithm 

Simultaneously, DBSCAN, a density-based clustering algorithm, is utilized to identify patterns in the dataset. 

The preprocessing stage involves standardizing the dataset through feature scaling to enhance the algorithm’s 

robustness. At its core, DBSCAN focuses on identifying core points, forming clusters, and isolating outliers. 

By determining core points based on proximity and density, the algorithm autonomously constructs clusters, 

effectively capturing regions with varying point densities. 

The DBSCAN algorithm operates as follows: 

Core point identification 

I. Parameters: ε (neighborhood radius), min_pts (minimum number of points in a neighborhood). 

II. For each data point, xi x_i xi. 

III. Count the number of neighboring points within ε distance. 

IV. Mark xi x_i xi as a core point if the count ≥ min_pts. 

Cluster formation 

I. For each core point xi x_i xi. 

II. Recursively expand the cluster by adding reachable points within ε distance. 

III. Assign each non-core, non-noise point to the cluster of its nearest core point. 

IV. Unassigned points are classified as noise or outliers. 

V. This structured approach ensures that DBSCAN effectively identifies clusters and outliers based on 

density, providing a robust framework for spatial data analysis. 

3.3|NZN-AHP Method 

Zadeh [28] describes a Z-number as a structured pair of fuzzy numbers (A, C), where A represents the fuzzy 

value associated with an uncertain variable X, and C indicates the reliability of that value. However, this 

framework fails to account for the intrinsic aspects of indeterminacy and falsity within Z-numbers. To address 

this limitation and create a more robust model that incorporates truth, indeterminacy, and falsity, the 

Neutrosophic Z-Number (NZN) has been introduced as an enhanced extension of the original concept.  

NZN-AHP Model 

Step 1. Calculate the weight of the expert. 

Expert weights will be assessed using NZN numbers, comprising two components: A, representing the degree 

of evaluation based on the expert's experience and education, and C, indicating the degree of certainty based 

on the research team's knowledge about the expert. The two NZN numbers representing the expert rating 
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  based on years of experience and education will be aggregated using Eq. (7) and converted into a crisp score 

using Eq. (11). Table 4 outlines the expert-level assessment along with the corresponding linguistic scale [85]. 

Table 4. Expert rating scale. 

 

 

 

 

Calculate the evaluation value for k experts, obtaining k values EK: ekj = {ek1, ek2, … ekk}. The weight of 

expert EW: ewj = {ew1, ew2, … ewk} is calculated as Eq. (3) below: 

Step 2. Select decision-makers and experts who are considered experts in this field. 

The main and sub-criteria for strategy selection for market expansion in emerging markets are collected. 

Expert opinions are collected using a linguistic scale established by Saaty [68], subsequently converted to 

NZN. The rating scale and corresponding NZN are presented in Table 4. 

Table 5. Linguistic scale set. 

 

 

 

 

 

 

 

 

 

 

 

 

Step 3. Construct Pairwise comparison matrices derived from the relationship between criteria by the 

decision-makers panel. 

Step 4. Application of the aggregation method to aggregate expert opinions into one matrix to form the direct 

relation matrix. 

Step 5. Convert the aggregated pairwise comparison matrices for criteria into deneutrosophic form by 

applying Eq. (4): 

where T, I, and F represent truth, indeterminacy, and falsity, respectively. aij denotes the value in the 

comparison matrix, with i referring to the number of comparisons or criteria under consideration. 

Education 
(A) 

Position 
(A) 

Certainty 
(C) 

Linguistic Scale Code NZN 

Doctor C-level Very high Very high VH (0.8,0.15,0,2) 
Master D-level High High H (0.6,0.35,0.4) 
Bachelor M-level Medium Medium M (0.4,0.65,0.6) 
  Low Low L (0.2,0.85,0.8) 
  Very low Very low VL (0,1,1) 

ewj =
ekj

∑ ekj
k
j=1

. (3) 

Saaty Scale Explanation 

NZN Scale Reciprocal 

Membership Membership 

𝛂𝐀𝐢 𝛂𝐂𝐢 𝛃𝐀𝐢 𝛃𝐂𝐢 𝛄𝐀𝐢 𝛄𝐂𝐢 𝛂𝐀𝐢 𝛂𝐂𝐢 𝛃𝐀𝐢 𝛃𝐂𝐢 𝛄𝐀𝐢 𝛄𝐂𝐢 

1 Equally influential 0.50 0.50 0.50 0.50 0.50 0.50 0.50 0.50 0.50 0.50 0.50 0.50 

2 Weak advantage influential 0.55 0.40 0.40 0.65 0.45 0.60 0.45 0.40 0.60 0.65 0.55 0.60 

3 Slightly influential 0.60 0.30 0.35 0.75 0.40 0.70 0.40 0.30 0.65 0.75 0.60 0.70 

4 Preferable influential 0.65 0.60 0.30 0.35 0.35 0.40 0.35 0.60 0.70 0.35 0.65 0.40 

5 Strongly influential 0.70 0.80 0.30 0.15 0.30 0.20 0.30 0.80 0.70 0.15 0.70 0.20 

6 Fairly influential 0.75 0.70 0.25 0.25 0.25 0.30 0.25 0.70 0.75 0.25 0.75 0.30 

7 Very strongly influential 0.80 0.90 0.25 0.10 0.20 0.10 0.20 0.90 0.75 0.10 0.80 0.10 

8 Absolute influential 0.85 0.85 0.20 0.10 0.15 0.15 0.15 0.85 0.80 0.10 0.85 0.15 

9 Absolutely influential 0.90 1.00 0.10 0.00 0.10 0.00 0.10 1.00 0.90 0.00 0.90 0.00 

s(aij) =  
2 +  aE1 aR1 −  bE1 bR1 − cE1 cR1 

3
, DEF(NZNZ1) ϵ [0, 1], (4) 
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Step 6. Normalize the aggregated or average comparison matrix using Eq. (5):  

 

where ∑k=1
n  akj is the sum of the criteria per column in the aggregate matrix, and aij p represents the preference 

value of the criterion in the aggregated comparison matrix. 

Step 7. Compute the weights of the criteria by calculating the row averages from the normalized matrix 

obtained in the previous step. 

Step 8. Consistency test of the pairwise comparison matrix.  

Calculate the Consistency Index (CI) for each matrix; the CI can be computed based on Eq. (6). This step is 

crucial for assessing the consistency of the experts' evaluations during the pairwise comparisons. 

Step 9. Determine the Consistency Ratio (CR) for the matrices by dividing the Consistency Index (CI) by the 

Random Index (RI), as outlined in Eq. (7). 

In Eq. (8), λmax is the principal eigenvalue of the pairwise comparison matrix, and the following can be 

calculated by the following formula: 

The matrices are deemed consistent if the values of CR are less than 0.1 [86]; otherwise, decision-makers must 

reassess their evaluations because inconsistencies would violate the transitivity principle [87]. Table 6 presents 

the Random Index (RI) values corresponding to each matrix used in the Saaty method. 

Table 6. Random Index (RI). 

 

 

 

4|Results 

4.1|Results of Phase 1: DEA Method 

The DEA Malmquist-OV model was applied to assess the performance changes of 35 countries from 2013 

to 2019, evaluating and ranking DMUs through the Malmquist Productivity Index (MPI), CU, and FS values. 

Analysis of the CU index, as shown in Table 7, reveals that most countries maintained a stable value of 1 over 

multiple years, indicating consistent relative efficiency without significant changes. The 2015-2016 period 

showed the most notable improvement with an average of 1.00779, reflecting DMUs catching up and 

improving efficiency compared to advanced units. However, the 2018-2019 period had the lowest average of 

0.999584, suggesting some units failed to maintain efficiency and showed signs of decline. The overall average 

of 1.002692 indicates that DMUs generally maintained or improved efficiency during this period. 

DMU5 stood out with the highest average index (1.047656), particularly in 2015-2016 with an index of 

1.248364, demonstrating superior performance improvement. The highest average index could be attributed 

to the adoption of new technologies or management improvements, rapidly enhancing DMU5's 

competitiveness. Similarly, DMU19 showed notable improvements in certain years, with a peak index of 

Norm ij =
aij

∑k=1
n  akj

 for j = 1,2, , n, (5) 

𝐶𝐼=  
λmax−n

n−1 
. (6) 

CR =  
CI

RI
. (7) 

λmax = 
∑j=1

n BijWj

Wi
. (8) 

n 1 2 3 4 5 6 7 8 9 10 11 12 13 14 
RI 0.00 0.00 0.58 0.90 1.12 1.24 1.32 1.41 1.45 1.49 1.51 1.48 1.56 1.57 
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  1.142135 in 2017-2018, while DMU8 had a significant improvement of 1.167513 in 2018-2019, indicating 

successful efforts to catch up with leading units. 

Conversely, some DMUs showed signs of decline in efficiency catch-up ability. DMU6 had the lowest average 

index among DMUs at 0.98017, with significant drops to 0.920616 and 0.908923 in 2017-2018 and 2018-

2019, respectively. The lowest average index of DMUs indicates that this unit struggled to maintain 

operational efficiency, possibly due to factors such as a lack of investment or ineffective management. 

DMU35 and DMU19 also experienced declines, with indices dropping to 0.939773 and 0.910115 in 2017-

2018 and 2018-2019, respectively. 

The maximum and minimum values of the CU index over the years show significant fluctuations in the ability 

to catch up with efficiency among DMUs. DMU5 had the highest index of 1.248364 in 2015-2016, reflecting 

outstanding improvement, while DMU6 had the lowest index of 0.908923 in 2018-2019, indicating a 

considerable decline. The highest Standard Deviation (SD) of 0.043481 in 2015-2016 indicates clear 

differences between DMUs in their ability to improve performance, while other years had lower SDs, showing 

more uniformity in catch-up ability. Overall, 28 out of 35 countries had a stable average CU efficiency of 1. 

The highest average CU efficiency was observed in DMU5, DMU8, DMU19, DMU32, and DMU35, 

indicating that the outputs of these countries improved due to enhanced technical efficiency rather than FS. 

Conversely, DMU6 and DMU25 did not achieve CU efficiency with average values below 1. 

Table 7. CU Index. 

CU 2013=>2014 2014=>2015 2015=>2016 2016=>2017 2017=>2018 2018=>2019 Average 

DMU1 1 1 1 1 1 1 1 

DMU2 1 1 1 1 1 1 1 

DMU3 1 1 1 1 1 1 1 

DMU4 1 1 1 1 1 1 1 

DMU5 1 1 1.248364 0.998089 1.0253 1.014182 1.047656 

DMU6 0.958164 0.976364 1.033016 1.083938 0.920616 0.908923 0.98017 

DMU7 1 1 1 1 1 1 1 

DMU8 1 1 1 1 1 1.167513 1.027919 

DMU9 1 1 1 1 1 1 1 

DMU10 1 1 1 1 1 1 1 

DMU11 1 1 1 1 1 1 1 

DMU12 1 1 1 1 1 1 1 

DMU13 1 1 1 1 1 1 1 

DMU14 1 1 1 1 1 1 1 

DMU15 1 1 1 1 1 1 1 

DMU16 1 1 1 1 1 1 1 

DMU17 1 1 1 1 1 1 1 

DMU18 1 1 1 1 1 1 1 

DMU19 1 1.112049 0.95308 0.991841 1.142135 0.910115 1.018203 

DMU20 1 1 1 1 1 1 1 

DMU21 1 1 1 1 1 1 1 

DMU22 1 1 1 1 1 1 1 

DMU23 1 1 1 1 1 1 1 

DMU24 1 1 1 1 1 1 1 

DMU25 0.963931 0.980039 1.00038 1.034217 1.031238 0.984359 0.999027 

DMU26 1 1 1 1 1 1 1 

DMU27 1 1 1 1 1 1 1 

DMU28 1 1 1 1 1 1 1 

DMU29 1 1 1 1 1 1 1 
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Table 7. Continued. 

 

The FS, as presented in Table 8, reflects changes in frontier efficiency over time and remained relatively stable 

for many countries with FS=1. The stability of FS suggests these DMUs maintained stability in production 

operations and technology. While not showing dramatic improvements, they also didn't experience efficiency 

declines. This group may represent units that have reached a certain level of efficiency and did not experience 

breakthroughs or declines during the analyzed period. The 2013-2015 period recorded slight improvements, 

with the highest average in 2014-2015 (1.002646), indicating progress in enhancing production efficiency and 

technology. However, from 2016 to 2017, there was a notable decline, with the average dropping to 0.975147, 

suggesting many DMUs couldn't maintain development momentum or faced technological challenges. 

Table 8. FS index. 

 

CU 2013=>2014 2014=>2015 2015=>2016 2016=>2017 2017=>2018 2018=>2019 Average 

DMU30 1 1 1 1 1 1 1 

DMU31 1 1 1 1 1 1 1 

DMU32 1.015861 0.99273 1.037795 1.038274 1.038675 1.000349 1.020614 

DMU33 1 1 1 1 1 1 1 

DMU34 1 1 1 1 1 1 1 

DMU35 1 1 1 1.064087 0.939773 1 1.000643 

Average 0.998227 1.001748 1.00779 1.006013 1.002792 0.999584 1.002692 

Max 1.015861 1.112049 1.248364 1.083938 1.142135 1.167513 1.047656 

Min 0.958164 0.976364 0.95308 0.991841 0.920616 0.908923 0.98017 

SD 0.009691 0.019895 0.043481 0.019246 0.03114 0.03633 0.010775 

FS 2013=>2014 2014=>2015 2015=>2016 2016=>2017 2017=>2018 2018=>2019 Average 

DMU1 1 1 1.03698 1.005286 1.077355 1 1.019937 

DMU2 1.052557 1 1 1 1 1 1.008759 

DMU3 1 1 1 1 1 1 1 

DMU4 1 1 1 1 1 1 1 

DMU5 1 1 0.825556 0.908686 0.956385 0.961424 0.942008 

DMU6 0.992135 1.015514 0.966489 1.021928 0.996847 1.00223 0.99919 

DMU7 1 1 1 1 1 1 1 

DMU8 1.027911 0.913022 1 1 1.021207 0.92595 0.981348 

DMU9 1 1 1 1 1 1 1 

DMU10 1 1 1 1 1 1 1 

DMU11 1 1 1 1 1 1 1 

DMU12 0.982414 1 1 1 1 1 0.997069 

DMU13 0.982102 1 1 1.042746 0.805335 0.940433 0.961769 

DMU14 1 1 1 1 1 1 1 

DMU15 1 1 0.993971 1 1 1 0.998995 

DMU16 1 1 1 1 1 1 1 

DMU17 1 1 1 1 1 1 1 

DMU18 1 1.224292 0.970801 0.995496 1.007679 1 1.033045 

DMU19 1 0.937934 1.010013 0.967362 0.871667 1.06656 0.975589 

DMU20 1 1 1 1 1 1.036063 1.006011 

DMU21 1 1 1 1 1 1 1 

DMU22 1 1 1 1 1 1 1 

DMU23 1 1 1 1 1 1 1 

DMU24 1 1 1 1 1 1 1 
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  Table 8. Continued. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Some DMUs, particularly DMU1, DMU2, and DMU33, showed marked improvements in frontier efficiency. 

DMU1 had the highest average index (1.019937) throughout the period, indicating continuous technological 

improvements and productivity enhancements. Specifically, in 2015-2016 and 2017-2018, DMU1's indices 

reached 1.03698 and 1.077355, respectively, showing significant advancements in production efficiency. 

DMU2 and DMU33 maintained stability at one and had periods with indices above 1, although their overall 

averages were 1.008759 and 1.004266, respectively, still reflecting efficiency improvements. These DMUs 

may be benefiting from policies investing in new technologies or improving operational processes, thereby 

maintaining competitive advantages and high efficiency. 

In contrast to the DMUs that demonstrated improvement, several DMUs, most notably DMU25, exhibited 

a significant decline in frontier efficiency over multiple years. DMU25 recorded the lowest average index 

among all DMUs, achieving only 0.865306. Particularly alarming was the period from 2016 to 2017, during 

which DMU25 experienced a precipitous decline, with its index plummeting to an exceptionally low value of 

0.202553. This dramatic deterioration suggests that this unit encountered severe issues related to production 

efficiency or management practices. 

The underlying causes of this decline may be attributed to various external factors, including market volatility, 

financial crises, or inadequate investment in technology and human capital. A salient example of these external 

pressures can be observed in Turkey's experience during 2016. The nation faced 30 incidents of severe 

terrorist attacks perpetrated by the Kurdistan Workers' Party (PKK) and the self-proclaimed Islamic State 

(IS), resulting in substantial casualties among security forces and civilians. These acts of terrorism, coupled 

with political instability and armed conflicts, precipitated a surge in Turkey's inflation rate and a 15% 

devaluation of the Turkish Lira against the US Dollar. Consequently, investor confidence was significantly 

eroded, contributing to Turkey's remarkably low FS score. 

DMU13 encountered similar challenges, registering an average index of 0.961769, with a particularly sharp 

decline to 0.805335 in 2017-2018. These DMUs may need to critically reassess their development strategies 

and implement structural reforms to facilitate recovery and enhance efficiency in subsequent years. Such 

measures could include diversifying economic activities, strengthening institutional frameworks, and 

increasing investments in research and development to bolster resilience against external shocks and improve 

long-term productivity. 

An analysis of the maximum and minimum values of the indices across the years reveals significant 

fluctuations in frontier efficiency among the DMUs. DMU18 exhibited the highest index, peaking at 1.224292 

FS 2013=>2014 2014=>2015 2015=>2016 2016=>2017 2017=>2018 2018=>2019 Average 

DMU25 1.002404 1.004716 0.99663 0.202553 0.974436 1.011094 0.865306 

DMU26 1 1 1 1 1 1 1 

DMU27 1 1 1 1 1 1 1 

DMU28 1 1 1 1 1 1 1 

DMU29 1 1 1 1 1 1 1 

DMU30 1 1 0.992154 1 1 0.99498 0.997856 

DMU31 1 1 1 1 1 1 1 

DMU32 0.992162 0.997135 1.000087 1.016668 1.024877 1.021486 1.008736 

DMU33 1 1 1 1 1.025597 1 1.004266 

DMU34 1 1 1 1 1 1 1 

DMU35 1 1 0.991014 0.969419 1.031546 0.998137 0.998353 

Average 1.000905 1.002646 0.99382 0.975147 0.994084 0.99881 0.994235 

Max 1.052557 1.224292 1.03698 1.042746 1.077355 1.06656 1.033045 

Min 0.982102 0.913022 0.825556 0.202553 0.805335 0.92595 0.865306 

SD 0.011208 0.042617 0.031025 0.135828 0.043544 0.022242 0.026823 
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in 2013-2014, which reflects a superior technological improvement. This substantial enhancement may be 

attributed to the implementation of novel technologies or significant management initiatives. Conversely, 

DMU25 recorded the lowest index of 0.202553 in 2016-2017, indicating a severe decline that could be 

ascribed to external factors or internal issues. The highest Standard Deviation (SD) was observed in 2016-

2017 (0.135828), highlighting substantial efficiency disparities among DMUs during this period, possibly due 

to market volatility. In contrast, other years demonstrated lower SDs, suggesting greater stability across 

DMUs. These variations in the FS also reflect the diverse economic, technological, and managerial contexts 

of each DMU, providing crucial information for long-term efficiency evaluations of individual units. 

Examining the MPI presented in Table 9, we observe fluctuations in DMU productivity from 2013 to 2019, 

illustrating improvements or declines in operational efficiency. DMU18 emerged as the unit with the highest 

index throughout the period, achieving 1.224292 in 2014-2015. The highest index of DMU represents a 

significant advancement, demonstrating a notable improvement in productivity. The sharp increase in this 

index may be the result of implementing advanced technologies or robust management improvement 

measures, enabling DMU18 to achieve exceptional growth in production efficiency. In stark contrast, DMU25 

exhibited a severe decline, recording the lowest index of 0.209484 in 2016-2017. This substantial decrease 

may stem from various adverse factors, including internal national challenges or external influences such as 

market volatility or unfavorable policy changes. 

Table 9. MPI. 

MPI 2013=>2014 2014=>2015 2015=>2016 2016=>2017 2017=>2018 2018=>2019 Average 

DMU1 1 1 1.03698 1.005286 1.077355 1 1.019937 

DMU2 1.052557 1 1 1 1 1 1.008759 

DMU3 1 1 1 1 1 1 1 

DMU4 1 1 1 1 1 1 1 

DMU5 1 1 1.030595 0.906949 0.980581 0.975059 0.982197 

DMU6 0.950628 0.991511 0.998398 1.107708 0.917713 0.91095 0.979485 

DMU7 1 1 1 1 1 1 1 

DMU8 1.027911 0.913022 1 1 1.021207 1.081059 1.0072 

DMU9 1 1 1 1 1 1 1 

DMU10 1 1 1 1 1 1 1 

DMU11 1 1 1 1 1 1 1 

DMU12 0.982414 1 1 1 1 1 0.997069 

DMU13 0.982102 1 1 1.042746 0.805335 0.940433 0.961769 

DMU14 1 1 1 1 1 1 1 

DMU15 1 1 0.993971 1 1 1 0.998995 

DMU16 1 1 1 1 1 1 1 

DMU17 1 1 1 1 1 1 1 

DMU18 1 1.224292 0.970801 0.995496 1.007679 1 1.033045 

DMU19 1 1.043029 0.962623 0.959469 0.995562 0.970692 0.988562 

DMU20 1 1 1 1 1 1.036063 1.006011 

DMU21 1 1 1 1 1 1 1 

DMU22 1 1 1 1 1 1 1 

DMU23 1 1 1 1 1 1 1 

DMU24 1 1 1 1 1 1 1 

DMU25 0.966248 0.984661 0.997008 0.209484 1.004875 0.995279 0.859593 

DMU26 1 1 1 1 1 1 1 

DMU27 1 1 1 1 1 1 1 

DMU28 1 1 1 1 1 1 1 

DMU29 1 1 1 1 1 1 1 

DMU30 1 1 0.992154 1 1 0.99498 0.997856 
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  Table 9. Continued. 

 

A noteworthy observation is the Standard Deviation (SD) across the years, particularly in 2016-2017, which 

reached its peak value (0.137128). The standard deviation across the years indicates a pronounced divergence 

among DMUs in terms of productivity changes, with some units demonstrating significant improvements 

while others experienced declines. This substantial variability may reflect influencing factors such as 

fluctuating market conditions, uneven adoption of new technologies, or disparities in managerial capabilities 

among DMUs. In contrast, other years exhibited lower standard deviations, for instance, 2013-2014 

(0.015131) and 2015-2016 (0.013477), suggesting greater stability and less disparity in productivity among 

units during these periods. 

The average index of DMUs across the years generally oscillated around 1, indicating overall stability in 

productivity across all units. However, a slight decrease in the average index for 2016-2017 (0.980408) could 

be interpreted as a challenging period for some DMUs, with productivity declining possibly due to more 

pronounced impacts from economic factors or external environmental pressures. Conversely, the highest 

index (1.107708) in 2016-2017 for DMU6 reflects that some units successfully navigated difficulties and even 

improved productivity. 

In general, the MPI table provides a comprehensive view of efficiency levels and productivity changes among 

DMUs. Units such as DMU18 demonstrated robust improvements, while others like DMU25 faced 

significant challenges, reflecting the diversity in adaptability and improvement capabilities within a volatile, 

competitive environment. The substantial variations in indices also suggest that some DMUs successfully 

capitalized on opportunities and enhanced productivity, while others struggled to leverage these opportunities 

or encountered considerable obstacles. 

Fig. 3 illustrates the relationship between the average FS, CU, and MPI of the DMUs. Most countries exhibited 

stability in performance. Generally, the trend of MPI changes closely aligns with FS, indicating that the overall 

productivity improvement of DMUs primarily resulted from enhancements in innovation capabilities and 

optimization of production processes, rather than from catching up to standards. This insight enables 

managers and governments to assess that reform efforts and investments in technology are yielding positive 

outcomes, fostering a conducive environment for economic development. 

 

MPI 2013=>2014 2014=>2015 2015=>2016 2016=>2017 2017=>2018 2018=>2019 Average 

DMU31 1 1 1 1 1 1 1 

DMU32 1.007899 0.989886 1.037886 1.05558 1.064514 1.021842 1.029601 

DMU33 1 1 1 1 1.025597 1 1.004266 

DMU34 1 1 1 1 1 1 1 

DMU35 1 1 0.991014 1.031546 0.969419 0.998137 0.998353 

Average 0.999136 1.004183 1.000327 0.980408 0.996281 0.997843 0.996363 

Max 1.052557 1.224292 1.037886 1.107708 1.077355 1.081059 1.033045 

Min 0.950628 0.913022 0.962623 0.209484 0.805335 0.91095 0.859593 

SD 0.015131 0.04184 0.013477 0.137128 0.04089 0.024968 0.02665 
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Fig. 3. Comparison of CU, FS, and MPI. 

 

4.2|Results of Phase 2: Clustering by K-Means and DBSCAN 

Using DEA Malmquist analysis, we categorized 35 countries into distinct groups via K-means clustering. The 

ANOVA results in Table X reveal significant differences in MPI performance across clusters, with an F-value 

of 131.482 and a significance level (p < 0.001), confirming that at least one cluster has a significantly different 

mean MPI compared to others. The difference in MPI mean validates that the clustering captures meaningful 

performance variations among DMU groups. 

Table 10. ANOVA. 

 

 

Based on this analysis, countries were classified into three categories, as shown in Table 11. The high-

performance market group includes 30 countries, such as Azerbaijan, Bahrain, Tunisia, and Ecuador, 

characterized by economies heavily reliant on petroleum exports. These nations exhibit strong demand for 

extraction equipment and advanced technologies, supported by robust energy infrastructure and investment-

friendly government policies. For example, Azerbaijan’s oil sector contributes 42% to its GDP, driven by 

projects like the Baku-Tbilisi-Ceyhan pipeline. Bahrain leverages its long-established infrastructure and recent 

discoveries, despite producing 50,000 barrels per day and sharing 150,000 barrels daily from the Abu Safa 

field with Saudi Arabia, being the smallest GCC producer. Vietnam, another notable example, holds 

significant potential with estimated reserves of 600-700 million m³ of oil and 800 billion m³ of gas [88]. 

Turkey represents a unique case as the sole member of the volatile market category. Its strategic position 

between Europe and Asia is counterbalanced by frequent political and economic fluctuations that create 

market instability [89]. Despite challenges, Turkey shows significant potential, exemplified by the Sakarya field 

with its 710 billion m³ reserves. The country has also demonstrated a commitment to energy sector 

development through initiatives like the $1 billion World Bank renewable energy program, though market 

uncertainties persist [90]. 

The moderate-performance market group includes Brazil, Egypt, Mexico, and Iran. These nations possess 

substantial resource potential but face significant challenges. Brazil, while a leading South American producer 

with notable offshore fields like Lula and Buzios, continues to navigate political and economic instability. 

Egypt shows promise, particularly with the Zohr gas field's $6-10 billion investment plan, but requires 

 Cluster Error     
Mean Square df Mean Square df F Sig. 

MPI 0.011 2 0.000 32 131.482 <0.001 
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  substantial infrastructure development. Iran and Mexico face additional complications from regulatory 

restrictions and international sanctions that affect market access [91], [92]. 

Table 11. Classification of markets. 

 

 

 

 

 

To complement K-means clustering, we applied the DBSCAN algorithm. DBSCAN identifies clusters based 

on data point density, marking low-density points as outliers without requiring a pre-specified number of 

clusters. While K-means produced three distinct groups, DBSCAN classified Turkey as an outlier (-1) and 

grouped the remaining 34 countries into a single cluster (0). Classifying Turkey as an outlier reinforces 

Turkey’s unique market position and the need for tailored strategies. K-means, however, offers a more 

actionable framework for petroleum equipment exporters by providing precise market categorizations for 

targeted entry strategies, risk assessment, and investment planning. 

This classification system enables petroleum equipment exporters to tailor market entry strategies to each 

country group’s unique characteristics. The high-performance markets offer opportunities for technology-

driven investments, volatile markets like Turkey require cautious, adaptable approaches, and moderate-

performance markets demand strategies that address regulatory and infrastructural challenges. By leveraging 

these insights, companies can optimize resource allocation and enhance international expansion efforts in the 

complex global petroleum market. 

 

Fig. 4. DBSCAN result. 

 

4.3|Results of NZN-AHP 

4.3.1|Expert panel 

In terms of expert panel size, this selection is crucial to ensure reliable and valid outcomes. The choice to use 

16 experts for the NZN-AHP method aligns with standard practices and guidelines in MCDM research. 

Typically, MCDM studies involve expert panels ranging from 10 to 30 members, depending on the study's 

complexity and scope. The use of 16 experts falls within this range and provides a balanced approach to 

Category Countries 

Inefficient mark Turkey 
Stable markets Brazil, Egypt, Mexico, Iran 
Highly efficient markets Azerbaijan, Bahrain, Tunisia, Ecuador, Equatorial Guinea, Gabon, 

Uzbekistan, Kuwait, Vietnam, Norway, Oman, Qatar, Republic of 
the Congo, Saudi Arabia, Thailand, United Arab Emirates (UAE), 
India, Chad, Ghana, Indonesia, Kazakhstan, Romania, Greece, 
Algeria, Angola, Colombia, Malaysia, Argentina, Philippines, Peru 
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capturing diverse insights while maintaining manageable data collection and analysis [73]. This size ensures 

the inclusion of varied perspectives without introducing excessive complexity or inconsistency, which can 

occur with larger panels. 

Furthermore, selecting 16 experts allows for high-quality inputs, focusing on the expertise and relevance of 

the participants, which is critical in achieving reliable and meaningful results [20]. This approach aligns with 

findings from other studies that have successfully employed similar panel sizes in MCDM applications, such 

as those in supplier selection and risk assessments [70], [74]. Therefore, the panel size of 16 experts is both 

justified and effective for the study's objectives, ensuring comprehensive and robust decision-making while 

remaining practical and focused. The summary of respondents’ demographic information is shown in Fig. 3. 

Table 12 presents the results of the weight analysis from the experts participating in the study, illustrating the 

distribution of knowledge and the positions of each expert in the evaluation framework. This information 

not only provides insight into the experts but also reflects the quality and reliability of the collected data. By 

understanding the experience and educational background of each expert, the validity of the analytical results 

in the study is reinforced. Below is a summary of the experts' information, including their educational levels, 

job positions, and the weights calculated from their assessments. 

Table 12. Distribution of expert weights and demographic information. 

4.3.2|Results of the NZN-AHP method 

In this section, we present the results of the NZN-AHP applied to the adaptation strategies for the petroleum 

equipment market entry in emerging economies. A total of 16 experts evaluated the proposed strategies within 

the inefficient markets group through pairwise comparisons, assessing the relative importance of each strategy 

in relation to the others.  

In the context of adapting to inefficient markets, several strategies have been identified as crucial for success. 

Regulatory Compliance Customization (S11) emerges as the most critical strategy, holding a weight of 21.50%. 

The Regulatory Compliance Customization underscores the necessity of customizing equipment to meet local 

regulatory standards and environmental conditions, while leveraging relationships with government bodies 

for compliance, as highlighted by Wireman [31]. Following closely, Regional-Specific Product Modification 

(S15) ranks second with a weight of 20.56%, emphasizing the importance of adapting product features to suit 

regional operational practices and customizing products and services to meet specific market demands, as 

noted by Porter [34]. Flexible Financing Schemes (S12), ranked third at 19.48%, focuses on offering financing 

options tailored to local economic conditions, including developing leasing or installment payment programs 

for emerging markets, according to Pinto and Coutinho [32]. Fourth is Localized Service Networks (S13) with 

Expert Education Position V-Edu V-Position R-Expert Sum NZN Deneutrosophic Crips 
Weight 

Expert 1 Master D-level VI VI VH [(0.84,0.96),(0.1225,0.0225),(0.16,0.04)] 0.9324 0.07379 

Expert 2 Doctor C-level AI AI M [(0.96,0.64),(0.0225,0.4225),(0.04,0.36)] 0.8635 0.06833 

Expert 3 Doctor C-level AI AI L [(0.96,0.36),(0.0225,0.7225),(0.04,0.64)] 0.7679 0.06077 

Expert 4 Doctor C-level AI AI VL [(0.96,0),(0.0225,1),(0.04,1)] 0.6458 0.05111 

Expert 5 Doctor C-level AI AI L [(0.96,0.36),(0.0225,0.7225),(0.04,0.64)] 0.7679 0.06077 

Expert 6 Doctor C-level AI AI VL [(0.96,0),(0.0225,1),(0.04,1)] 0.6458 0.05111 

Expert 7 Doctor C-level AI AI M [(0.96,0.64),(0.0225,0.4225),(0.04,0.36)] 0.8635 0.06833 

Expert 8 Doctor C-level AI AI VH [(0.96,0.96),(0.0225,0.0225),(0.04,0.04)] 0.9732 0.07701 

Expert 9 Master D-level VI VI M [(0.84,0.64),(0.1225,0.4225),(0.16,0.36)] 0.8094 0.06405 

Expert 10 Master D-level VI VI M [(0.84,0.64),(0.1225,0.4225),(0.16,0.36)] 0.8094 0.06405 

Expert 11 Master D-level VI VI L [(0.84,0.36),(0.1225,0.7225),(0.16,0.64)] 0.7038 0.05570 

Expert 12 Master D-level VI VI H [(0.84,0.84),(0.1225,0.1225),(0.16,0.16)] 0.8883 0.07030 

Expert 13 Master D-level VI VI VL [(0.84,0),(0.1225,1),(0.16,1)] 0.5725 0.04530 

Expert 14 Master D-level VI VI VH [(0.84,0.96),(0.1225,0.0225),(0.16,0.04)] 0.9324 0.07379 

Expert 15 Master D-level VI VI VL [(0.84,0),(0.1225,1),(0.16,1)] 0.5725 0.04530 

Expert 16 Master D-level VI VI H [(0.84,0.84),(0.1225,0.1225),(0.16,0.16)] 0.8883 0.07030 
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  a weight of 19.34%, highlighting the need for the development of market-specific service and support 

networks through partnerships with local petroleum service companies, as stated by Paul  [93]. Finally, 

Cultural Marketing Alignment (S14) ranks fifth with a weight of 19.12%, emphasizing the importance of 

localizing marketing and sales approaches to align with cultural norms and building a digital marketing strategy 

focused on specialized content, supported by Chaffey et al. [33]. This analysis reveals that regulatory 

compliance and product modification are paramount for companies seeking to succeed in emerging markets. 

By concentrating on these strategies, businesses can effectively navigate the complexities of local regulations 

and market demands, ensuring their offerings are both relevant and compliant. 

Table 13. Crisp weight aggregated matrix of 

inefficient markets group. 

 

 

 

 

 

 

 

Table 14. Weights and ranking results of NZN-AHP in inefficient markets group. 

 

 

 

 

 

 

 

 

 

 

In stable markets, several strategies have emerged as essential for companies aiming to achieve success. 

Regional Manufacturing Consolidation (S21) stands out as the most crucial strategy, with a weight of 21.74%. 

The Regional Manufacturing Consolidation strategy emphasizes the necessity for companies to establish 

regional manufacturing hubs that can efficiently serve multiple emerging markets, enhancing operational 

efficiency and responsiveness. Following closely, Standardized Operational Training (S24) ranks second with 

a weight of 19.90%, highlighting the significance of creating standardized training programs for equipment 

operation and maintenance, which can help ensure consistency and quality across different regions. Core 

Component Standardization (S22) ranks third at 19.64%, pointing to the importance of standardizing core 

product components across markets to achieve economies of scale, thus reducing costs and increasing 

competitiveness. Global Brand Unification (S23) follows in fourth place with a weight of 19.40%, 

underscoring the need to develop a cohesive global brand identity that can effectively compete with 

international brands by creating premium product lines. Lastly, Centralized R&D Optimization (S25) ranks 

fifth with a weight of 19.32%, emphasizing the importance of centralizing research and development efforts 

to leverage innovations across various markets. 

 
S11 S12 S13 S14 S15 

S11 0.575 0.567 0.806 0.878 0.955 

S12 0.433 0.575 0.549 0.832 0.897 

S13 0.637 0.428 0.575 0.733 0.853 

S14 0.641 0.626 0.415 0.747 0.725 

S15 0.710 0.659 0.660 0.709 0.747 

Strategy 
Criteria Weight Matrix 

Normalization Weights Rank 
S11 S12 S13 S14 S15 

S11 0.9246 0.9166 1.1560 1.2276 1.3052 1.0944 21.50% 1 

S12 0.7830 0.9246 0.8985 1.1825 1.2473 0.9917 19.48% 3 

S13 0.9866 0.7775 0.9246 1.0827 1.2030 0.9843 19.34% 4 

S14 0.9912 0.9758 0.7649 1.0971 1.0754 0.9732 19.12% 5 

S15 1.0595 1.0094 1.0098 1.0588 1.0971 1.0464 20.56% 2 

SUM 4.7448 4.6039 4.7539 5.6488 5.9281 5.0900 
  

CI 0.0339 

CR 0.0303 



 Nguyen et al. |Opt. 2(3) (2025) 141-176 

 

163

 

  
Table 15. Weights and ranking results of NZN-AHP in stable markets group. 

 

 

 

 

 

 

 

 

 

 

In the context of arbitrage strategies, the analysis reveals key approaches for companies aiming to leverage 

their competitive advantages in emerging markets. Technological Capability Leverage (S31) ranks as the most 

critical strategy, with a weight of 21.44%. The Technological Capability Leverage strategy highlights the 

importance of utilizing advanced technological capabilities to enhance product quality and innovation, which 

can provide a significant edge in the competitive landscape. Strategic Global Sourcing (S32) follows closely 

in second place with a weight of 20.07%. This strategy emphasizes the need for companies to strategically 

source raw materials and components from low-cost regions, thereby optimizing costs and improving delivery 

times, which is crucial for maintaining competitive pricing. In third place is Diplomatic Advantage Utilization 

(S35), with a weight of 19.73%, underscoring the value of capitalizing on China's diplomatic ties for 

preferential access to markets, particularly through initiatives like the Belt and Road Initiative. Cost-Based 

Competitive Pricing (S33) ranks fourth with a weight of 19.55%, indicating the importance of leveraging 

lower manufacturing costs to offer competitive pricing and cost-efficient solutions tailored for state-owned 

oil companies. Lastly, Knowledge Transfer Exploitation (S34) occupies the fifth position with a weight of 

19.22%, signifying the potential benefits of offering technology transfer as part of business deals to exploit 

knowledge differentials. 

Table 16. Weights and ranking results of NZN-AHP in high efficiency markets group. 

 

 

 

 

 

 

 

 

 

4.3.3|Discussion 

After an intensive review of a vast number of previous research, the knowledge revealed that there have been 

numerous studies digging into the issue in various fields of the social economy, applying different methods 

from quantitative to qualitative. However, in most cases, previous studies either focus on customer behavior 

or take a broad view of the supply chain from pre-harvest to post-harvest steps [94], [95]. This study proposed 

Strategy 
Criteria Weight Matrix 

Normalization Weights Rank 
S21 S22 S23 S24 S25 

S21 0.9246 0.9461 1.1613 1.2844 1.1807 1.0903 21.74% 1 

S22 0.8205 0.9246 0.9293 1.1979 1.0993 0.9852 19.64% 3 

S23 1.0013 0.7954 0.9246 1.0867 1.0906 0.9731 19.40% 4 

S24 1.0797 0.9952 0.7890 1.0967 1.0654 0.9981 19.90% 2 

S25 0.9607 0.8042 0.9207 1.0961 1.0967 0.9692 19.32% 5 

SUM 4.7867 4.4655 4.7249 5.7617 5.5327 5.0159 
  

CI 0.0126 

CR 0.0113 

Strategy Criteria Weight Matrix Normalization Weights Rank 

S31 S32 S33 S34 S35 

S31 0.9246 1.0638 1.2023 1.2477 1.3045 1.1399 21.44% 1 

S32 0.9241 0.9246 1.0727 1.2257 1.2329 1.0673 20.07% 2 

S33 1.0114 0.9319 0.9246 1.1481 1.2127 1.0394 19.55% 4 

S34 0.9891 1.0056 0.9241 1.0967 1.1063 1.0220 19.22% 5 

S35 1.0657 0.9878 1.0196 1.0790 1.0967 1.0490 19.73% 3 

SUM 4.7867 4.4655 4.7249 5.7617 5.5327 5.3177 
  

CI 0.0834 

CR 0.0745 
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  to focus on the production line of food service operations, from receiving ingredients to serving finished 

food to customers, which are the main points causing food waste in a business. The research distinguishes 

from other studies by integrating grey theory with the Delphi technique and the DEMATEL method. These 

methods consider the strategic view from the managers and find the interdependence among the key drivers, 

helping to reveal the root causes and propose effective controlling strategies to tackle the issue. By integrating 

grey theory, the study allows for taking into account the circumstances of [96] agueness. The application of 

the grey Delphi-DEMATEL method will assist the food service managers in identifying priorities in decision 

making when faced with the food waste problem. It also contributes to the scholarly knowledge in Vietnam 

about controlling food waste. 

The results of data analysis confirmed the significance of six dimensions: Purchasing, Receiving, Inventory 

controlling, Preparing, Selling, and General Drivers for food service businesses to take forward the food waste 

issue. This finding supports previous leading studies: Luo et al. [95] prioritized the role of production, post-

harvest handling and storage, processing, distribution, and retail. Or Filimonau et al. [97] expressed the causes 

and solutions in three steps: pre-kitchen, kitchen, and post-kitchen. Wu et al. [98] mainly focused on the 

production steps that happened within the service provider team by expressing the importance of 

procurement, warehousing, and production. Having similar findings with this research but more on the side 

of consumers, Wu et al. [98] confirmed the priority of customers’ role in reducing food waste. 

The findings of the Delphi technique showed that IC8 (Store location), IC9 (Strict regulation on food hygiene 

and safety), SE6 (Random customer purchase), and PU8 (Ingredients forecast fail) were not significant and 

were eliminated from the key drivers list. This conclusion of the panel list was in a different direction from 

the previous study. Ribeiro et al. [99] emphasized that the store location (IC8) might influence the amount of 

food waste, especially when it concerns the size of the store. The researcher believed that it has a significant 

relation with the forecast and predicting the demand. In fact, the relation between store location and the 

amount of food waste was found to differ in various studies. The result depends on the characteristics of the 

market and the business area [100]. Moreover, most of the previous studies looked into the retail market in 

general, while the number of studies that mentioned store location for food service businesses is quite limited. 

In this research, we confirmed that store location (IC8) has no significant relation with the amount of food 

waste in the Vietnamese food service industry. The strict regulation on food hygiene (IC9) and safety has a 

relationship with the amount of food waste due to the requirement of either the government or the F&B 

businesses [98]. The food safety regulation may lead to the ingredient disposal, even if it might still be edible. 

Also mentioned but not considered significant, Moraes et al. [101] indicated that this factor was not a vital 

matter with the Brazilian market, as they might not be aware of it. The Vietnamese government has launched 

the Food Safety Law a long time ago, but it is still generous, which may explain the different findings from 

the previous studies. 

The difference in decision about Random customer purchase (SE6) may be because of the different 

characteristics in the operation manner and customer habits of the Vietnamese market. Restaurants in 

Vietnam often please customers’ preferences by accepting any changes to their original dishes or even making 

a dish not on their published menu. Thus, pleasing customers’ preferences could be the reason that random 

customer purchase was not a significant driver of food service operators in Vietnam. Ingredients forecast fail 

(PU8) was mentioned often in previous studies as a main cause of food waste for all kinds of food & beverage 

enterprises. It could happen because of failure or inaccuracy in forecasting the market demand, or inevitable 

[102]. Previous western researchers also indicated that errors in forecasting demand are a significant reason 

leading to food waste [103–105]. The Vietnamese food service business is distinguished by the street food 

restaurants and merchants who do both wholesale and retail. This study focuses on the broad view of food 

service operations, which includes all types of service from fine-dining to local street vendors. Buying 

ingredients based on forecasting demand may fit with the big standardized operation, but family or street 

food businesses may work differently. After eliminating four factors: Store location, Strict regulation on food 

hygiene and safety, Random customer purchase, and Ingredients forecast fail, a comprehensive analysis of 
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the other 34 key drivers revealed the interrelation among them, as well as finding the root cause of the food 

waste issue by the grey DEMATEL method. 

The subgroup analysis showed that in the Purchase process, Communication failure with the supplier and 

bankruptcy of the supplier (PU2), Poor relationship with suppliers (PU5), Lack of reliable suppliers (PU6), 

and Supply chain inefficiencies (PU7) were the main reasons causing food waste in this step. This finding 

supported the previous studies about the significance of the factors; however, there were slight differences in 

terms of the cause-and-effect relationship. Mithun Ali et al. [106] mentioned that communication failure with 

the supplier and their bankruptcy were the effect factors, while it is the root cause factor in this research. 

Similarly, Lack of reliable suppliers (PU6) and Supply chain inefficiencies (PU7) were proved to be effective 

factors in the study of Magalhães et al. [107]. The reason could be that in the previous research, authors 

looked into the relationship among the factors from a broad view as a whole, while this research put them 

into subgroups as a subsystem. 

The analysis of the receiving process pointed out that Poor quality and defective products (RE1) and Products 

with very short expiry dates/shelf life (RE4) were the main reasons for food waste in food service operations. 

This finding contributed to the studies of Moraes et al. [108] and Magalhães et al. [107] by indicating that 

these two factors were the root cause of the issue. In the Inventory control group, it was noted that Physical 

inventory error (IC3), Blackout (IC5), Poor inventory management (IC6), and Large menu (IC7) were the 

significant factors leading to wasting food. This result was in line with the indication in the literature review 

section. In the Preparing and Selling steps, the analysis showed that Lack of capacity (PP1), Unskilled staff 

(PP4), Employees training (PP6), Staff serving mistake (SE1), Apprehension of customer bad feedback (SE2), 

and Inappropriate portion size (SE5) were the most important factors causing food waste in the operation. 

With the General drivers, Poor leadership in following the standard and procedures (GE2), and Poor waste 

management (GE5) were vital because they are the root cause of the food waste issue. Findings of key drivers 

in the Preparing and selling process, as well as general drivers, supported the results of previous studies. 

Mithun Ali et al. [106] said that the lack of capacity, capacity inflexibility or underutilization, inability to 

produce high-quality products or fulfill customers’ demand, cause inefficiency in the production line, with 

consequent food waste and loss for the businesses. International studies have expressed the gravity of 

unskilled staff and employees' training toward solving the food loss issue, which was concluded as unqualified 

staff, [98], [103], [109]. The result of the cause-and-effect factors was slightly different from the literature 

review, which can be explained by the distinction between the market and the running operation manner. 

4.4|Discussion 

4.4.1|Discussions of DEA malmquist’s results 

Countries in the highly efficient market group, such as Malaysia, have demonstrated significant improvements 

in productivity and technological efficiency. As a petroleum exporting nation, Malaysia has benefited from 

rising global energy prices. The country's supportive policies, including the Bumiputra Economic 

Empowerment Program launched in 2013, have helped Malaysia achieve $38.52 billion in exports of fuels, 

oils, gas, and distillation products in 2018 [110]. Despite varying levels of GDP and FDI as reported by The 

GlobalEconomy.com, countries in this group recognize the importance of these indicators in driving 

economic growth and job creation, with a particular focus on the petroleum industry. These markets are 

characterized by rapid adoption of technological and managerial advancements, maintaining and enhancing 

production efficiency. They are considered ideal destinations for high-tech products due to their infrastructure 

readiness and commitment to technological innovation, creating a highly competitive environment and a 

primary target for petroleum equipment exporters, especially those from China. 

For these highly efficient markets, Chinese companies need to emphasize providing high-quality products at 

competitive prices compared to Western or Japanese competitors. China's advantage of large-scale production 

allows for cost reduction and provision of reasonably priced petroleum equipment while meeting technical 

standards [3], [40]. An effective strategy is to focus on equipment capable of optimizing production processes, 
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  reducing emissions, or enhancing automation in operations. Additionally, companies should prioritize 

building strategic partnerships with local firms and participating in joint Research and Development (R&D) 

projects. Providing in-depth technical support services, including regular maintenance and equipment 

updates, is also crucial in maintaining long-term customer relationships and building trust in these competitive 

markets. 

Countries like Bahrain, Oman, and Kazakhstan represent stable markets within the OPEC+ group, 

maintaining consistent productivity and efficiency over the years. These countries show clear differentiation 

in terms of economic development, particularly in their dependence on petroleum [111]. Some, like Saudi 

Arabia, the UAE, and Norway, have been investing heavily in advanced petroleum extraction technologies 

and diversifying their industries. For instance, Saudi Arabia announced plans to build the $500 billion NEOM 

mega-city project in the northern Red Sea. The petroleum industry contributes significantly to GDP, national 

budget revenues, and exports in these countries. However, some, like India and Thailand, depend on oil 

imports to meet domestic consumption needs. There's also a trend towards energy transition, with countries 

like Norway, UAE, and Vietnam seeking to reduce dependence on oil by developing renewable energy and 

investing in clean energy sectors. In Vietnam, for example, domestic oil production has continuously declined 

from 16.9 million tons in 2015 to 9.7 million tons in 2020 [112]. 

For these stable markets, Chinese companies should focus on providing equipment at affordable prices while 

emphasizing durability and stability. Instead of directly competing on high technology with countries like 

Germany or the United States, companies can emphasize practicality and long-term efficiency. Positioning 

oneself as a reliable supplier with reasonable costs and quality after-sales service will be key. Chinese 

companies can also leverage their advantage in providing flexible financial solutions, such as long-term 

equipment leasing contracts or comprehensive service packages. In China, financial leasing sales account for 

10% of total machinery and equipment sales, indicating a potential for such strategies in these markets [113]. 

Countries like Turkey, showing a decline in productivity and efficiency, belong to the group of inefficient 

markets. These countries may face economic, political, or management issues, making it difficult for them to 

keep up with more advanced nations. For example, Turkey has witnessed severe declines in specific periods 

due to political instability and a lack of investment in new technologies [3]. The petroleum industry plays a 

crucial role in the economies of countries like Iran, Kazakhstan, Brazil, and Mexico. Although some countries 

like Turkey and Egypt are not major oil producers, they play a strategic role in energy transportation. 

According to Statista, about 40,000 ships annually pass through the Bosporus Strait each year (35,146 ships 

in 2022 and 39,000 in 2023), and 24,820 ships passed through the Suez Canal in 2022. 

Penetrating these inefficient markets requires a flexible and cautious strategy. Chinese companies can exploit 

advantages in competitive pricing and supply flexibility. Low-cost, durable, and easy-to-maintain products 

will suit the needs of these countries, where budgets for petroleum projects are often limited. China can also 

leverage diplomatic policies and initiatives such as BRI to support these less developed countries through 

preferential loans and investments in petroleum infrastructure [114]. Companies can develop flexible financial 

support options, consider joint ventures or cooperation with local governments, and focus on providing 

comprehensive solutions from equipment supply to technical support and personnel training. 

4.4.2|Discussions of clustering by K-Means and DBSCAN results 

The application of K-means and DBSCAN clustering methods in this study provides a robust framework for 

segmenting 35 emerging economies based on their Malmquist Productivity Index (MPI) scores, offering 

valuable insights into market prioritization for Chinese oil and gas equipment manufacturers. K-means, a 

centroid-based algorithm, effectively partitioned the economies into three distinct clusters—high, stable, and 

low efficiency—based on their productivity performance. This structured segmentation aligns with the 

algorithm’s strength in producing interpretable, scalable groupings for large datasets [53], [54]. The high-

efficiency cluster likely includes economies with substantial infrastructure investment and favorable economic 

indicators, such as Saudi Arabia or the UAE, which are prime targets for market entry due to their robust oil 
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and gas sectors. The stable cluster may represent economies with consistent but moderate growth, while the 

low-efficiency cluster could include markets with higher risks or underdeveloped infrastructure. However, K-

means’ reliance on predefined cluster numbers (k=3) and sensitivity to outliers may limit its ability to capture 

nuanced market dynamics, particularly in heterogeneous datasets where economies exhibit unique trajectories 

[60]. 

DBSCAN, employed as a complementary density-based clustering method, addressed these limitations by 

validating K-means results and identifying outliers without requiring a predefined number of clusters [61]. By 

grouping economies based on density and proximity, DBSCAN detected clusters of arbitrary shapes and 

isolated outliers like Turkey, which may exhibit distinct productivity patterns due to its geopolitical positioning 

or economic volatility [61]. These outliers are strategically significant, as they may represent untapped “blue 

ocean” opportunities with less competition from Western incumbents [9]. DBSCAN’s ability to handle noise 

points ensured that atypical economies were not forced into ill-fitting clusters, enhancing the robustness of 

the market segmentation. However, its performance depends on the calibration of parameters (ε and minPts), 

and suboptimal settings could overlook smaller clusters or misclassify noise points [66]. The dual-clustering 

approach mitigated these challenges by combining K-means’ structured segmentation with DBSCAN’s 

sensitivity to anomalies, providing a comprehensive view of market opportunities. This integrated 

methodology supports Chinese manufacturers like Hoffman in prioritizing high-potential markets and 

tailoring entry strategies, aligning with the study’s objective to navigate the TUNA global environment. 

4.4.3|Discussions of NZN-AHP method’s results 

NZN-AHP results provide valuable insights into the prioritization of market entry strategies for Chinese 

petroleum equipment manufacturers in different market categories. These findings offer a nuanced 

understanding of how companies should tailor their approaches based on market efficiency levels. 

In inefficient markets, the emphasis on Regulatory Compliance Customization (S11) as the top strategy, with 

a weight of 21.50%, underscores the critical importance of navigating complex and often challenging 

regulatory environments. The Regulatory Compliance Customization strategy aligns with Wireman’s assertion 

that compliance is fundamental in these markets, where regulatory frameworks may be less developed or 

more volatile [34]. The high ranking of this strategy suggests that companies must prioritize understanding 

and adapting to local regulations to establish a foothold in these markets. The second-ranked strategy, 

Regional-Specific Product Modification (S15), with a weight of 20.56%, highlights the need for product 

adaptability in inefficient markets. This finding supports Porter's emphasis on tailoring offerings to meet 

specific market demands [34]. In the context of petroleum equipment, this could involve modifying products 

to suit local geological conditions, operational practices, or resource types, thereby enhancing their appeal and 

functionality in these challenging markets. 

For stable markets, the prominence of Regional Manufacturing Consolidation (S21) as the top strategy 

(21.74% weight) indicates a shift towards operational efficiency and scale. This approach aligns with Rugman 

and Verbeke's concept of regional strategies in international business [35]. By establishing regional 

manufacturing hubs, companies can optimize their production processes while maintaining proximity to 

multiple markets, potentially reducing costs and improving responsiveness to local demands. The high ranking 

of Standardized Operational Training (S24) in stable markets, with a 19.90% weight, reflects the importance 

of consistency and quality in operations. This strategy, as supported by S. Becker's human capital theory, 

suggests that investing in standardized training programs can enhance operational efficiency and product 

quality across different markets, contributing to a company's competitive advantage [38]. 

In highly efficient markets, the primacy of Technological Capability Leverage (S31), weighted at 21.44%, 

underscores the critical role of advanced technology in gaining a competitive edge [34]. This finding aligns 

with Porter's view on technological leadership as a source of competitive advantage. For Chinese 

manufacturers, this implies a need to focus on innovation and high-tech solutions to compete effectively in 

these sophisticated markets. The strong showing of Strategic Global Sourcing (S32) as the second-ranked 
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  strategy in efficient markets, with a 20.07% weight, highlights the importance of optimizing the global value 

chain. This strategy, consistent with Christopher et al.'s work on supply chain management, suggests that 

companies should leverage international sourcing networks to enhance cost-efficiency and quality, crucial 

factors in highly competitive markets [115]. 

Across all market types, the relatively balanced weights of the top strategies (ranging from approximately 19% 

to 22%) indicate that a holistic approach is necessary for successful market entry. This balance suggests that 

while a specific strategy may be prioritized, neglecting others could lead to suboptimal outcomes. Companies 

should, therefore, consider implementing a comprehensive plan.  

The integration of DEA Malmquist and NZN-AHP in this study has created a comprehensive and robust 

analytical framework for assessing market efficiency and developing market entry strategies for Chinese 

petroleum equipment manufacturers. This combination leverages the strengths of both methods, creating a 

multidimensional approach to address the complex issue of selecting and prioritizing international market 

entry strategies. The DEA Malmquist method was used to evaluate the efficiency and productivity of 35 

countries from 2013 to 2019, allowing for the classification of markets into three groups: highly efficient, 

stable, and inefficient markets [116]. This approach provides an overall picture of the country's performance 

based on multiple input and output indicators, reflecting economic, political, and technological factors 

affecting the petroleum industry. The DEA Malmquist results revealed significant differences in efficiency 

and productivity among market groups, providing an essential basis for developing appropriate market entry 

strategies. 

Meanwhile, the NZN-AHP method was applied to prioritize market entry strategies for each market group 

identified by the DEA Malmquist. This method leverages the ability to handle uncertain and ambiguous 

information of neutrosophic theory, combined with the ability to assess the reliability of information through 

Z-numbers [28], [29],[117] Handling uncertain and ambiguous information of neutrosophic theory is 

particularly suitable in the context of evaluating international business strategies, where there are many 

uncertain and complex factors. 

The combination of these two methods creates an effective two-step analysis process: The first step uses 

DEA Malmquist to evaluate and classify markets based on efficiency and productivity, providing an objective 

basis for grouping markets with similar characteristics. The second step applies NZN-AHP to identify and 

prioritize the most appropriate market entry strategies for each identified market group. This approach allows 

Chinese petroleum equipment manufacturers not only to identify potential markets based on efficiency but 

also to customize their strategies to suit the specific characteristics of each market group. The results of 

combining these two methods have brought valuable insights: For highly efficient markets such as Malaysia, 

Algeria, and Colombia, DEA Malmquist showed significant improvements in productivity and technological 

efficiency. NZN-AHP suggested prioritizing Technological Capability Leverage (S31) and Strategic Global 

Sourcing (S32) strategies, reflecting the need for high-tech solutions and efficient supply chains in these 

competitive markets [34], [115]. For stable markets like Bahrain, Oman, and Kazakhstan, DEA Malmquist 

indicated stability in productivity and efficiency. NZN-AHP proposed prioritizing Regional Manufacturing 

Consolidation (S21) and Standardized Operational Training (S24) strategies, reflecting the need to balance 

operational efficiency with adaptation to regional diversity [35], [38], for inefficient markets such as Turkey, 

Brazil, and Iran, DEA Malmquist pointed to declines in productivity and efficiency. NZN-AHP suggested 

prioritizing Regulatory Compliance Customization (S11) and Regional-Specific Product Modification (S15) 

strategies, reflecting the need for a cautious and flexible approach in these volatile markets [31]. 

This combination not only provides a comprehensive approach to evaluating and prioritizing market entry 

strategies but also enhances the reliability of results through the use of both quantitative data (in DEA) and 

expert assessment (in NZN-AHP). This combined method can be considered an essential methodological 

contribution in the field of international business strategy research, especially in the context of the global 

petroleum industry. However, it should be noted that this combined approach also has some limitations. For 

example, DEA Malmquist depends on the quality and availability of input data, while NZN-AHP relies on 
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subjective expert assessments. Additionally, this model assumes that the proposed strategies will be suitable 

for all countries within the same market group, which may not always be true due to cultural and economic 

diversity among countries. Nevertheless, the combination of DEA Malmquist and NZN-AHP in this study 

has provided a robust and comprehensive analytical framework for assessing market efficiency and developing 

market entry strategies. This approach is not only valuable for Chinese petroleum equipment manufacturers 

but can also be widely applied in other industries and international business contexts. 

5|Conclusion 

This study introduces an integrated framework combining DEA Malmquist, K-means, DBSCAN, and 

Neutrosophic Z-Number Analytic Hierarchy Process (NZN-AHP) to assess market efficiency and prioritize 

entry strategies for Chinese oil and gas equipment manufacturers in emerging markets. Key contributions 

include the effective classification of 35 emerging economies into three performance-based clusters (high, 

stable, low efficiency) using DEA Malmquist and clustering methods, and the prioritization of tailored entry 

strategies for each cluster via NZN-AHP. This approach innovatively blends quantitative efficiency analysis 

with qualitative decision-making under uncertainty, offering practical guidance for firms like Hoffman to 

navigate the TUNA global environment. The methodology advances international business strategy literature 

by providing a robust, data-driven tool for market selection and strategic planning, supporting China’s “Going 

Global” ambitions in high-end manufacturing. 

Despite its contributions, the study has limitations. First, the DEA Malmquist analysis relies on data from 

2013–2019, which may not capture recent economic shifts or geopolitical changes, such as U.S.-China trade 

tensions in 2025. Second, the NZN-AHP method may be subject to expert bias, potentially affecting strategy 

prioritization. Third, the findings are primarily tailored to the oil and gas equipment sector and Chinese 

manufacturers, limiting generalizability to other industries or regions. Fourth, the static nature of the 

recommendations may not account for dynamic market changes. Finally, the assumption of homogeneity 

within clusters may oversimplify market-specific nuances. 

These limitations suggest avenues for future research. Longitudinal studies could track market efficiency and 

strategy performance over time to enhance adaptability. Applying the framework to other industries, such as 

renewable energy, could broaden its relevance. Incorporating country-specific factors, like regulatory 

frameworks or cultural differences, would refine market segmentation. Engaging diverse stakeholders, such 

as local partners or regulators, could mitigate bias in NZN-AHP. Validating the framework’s outcomes 

through case studies of implemented strategies would strengthen its practical utility. Additionally, integrating 

sustainability considerations, such as green energy transitions, could align the framework with global trends. 

In conclusion, this study provides a comprehensive, data-driven approach for Chinese oil and gas equipment 

manufacturers to prioritize and strategize market entry in emerging economies. By addressing efficiency, 

segmentation, and uncertainty, it equips firms to optimize resource allocation and tailor strategies to diverse 

markets. While limitations exist, the framework’s flexibility and robustness offer significant potential for 

refinement and broader application, paving the way for future research to enhance global market expansion 

strategies in the evolving energy sector. 
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