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Can Smart Manufacturing Benchmark the Complex Landscape of Global Success?

Abstract

Purpose: The globalization of markets poses great challenges and thus the manufacturing businesses
trying to expand their operations to cater to a global audience have to undergo significant
transformations. Therefore, this research aims to identify key challenges and elucidate the critical
success factors (CSFs) required for the global growth of manufacturing companies on a worldwide
scale.

Design/methodology/approach: A range of Interval Valued Spherical Fuzzy Sets (IVSFs), and
flexible methodologies such as the Analytic Hierarchy Process (AHP) and Data Envelopment
Analysis (DEA) have been employed to evaluate the issues in detail. It calculates the effectiveness
delivered by each Critical Success Factor (CSF), and identifies the factors acting as a barrier to global
market penetration.

Findings: This research highlights the transformative potential of smart manufacturing in developing
economies, identifying CSFs such as government support, cost optimization, and resilient supply
chain management as essential for overcoming obstacles like over-reliance on foreign technologies,
regulatory rigidity, and skill gaps. The integration of Interval-Valued Spherical Fuzzy Sets (IVSFS)
with AHP and DEA models offers actionable insights to foster localized innovation, reduce foreign
dependencies, and promote user-centric designs, aligning with the United Nations Sustainable
Development Goals (SDGs).

Originality/value: This study shows that [IVSFs, AHP, and DEA can be used together to estimate the
global challenges of manufacturing firms in developing markets. The combination of efficient
decision-making and these strategies is novel as it provides ways in which businesses in developing
countries can deal with their obstacles and improve their competitiveness on the global stage.

Keywords: Local to global; Smart Manufacturing; AHP-DEA; Globalization; Business Strategy;
Benchmark.

1. Introduction

Smart manufacturing refers to a new mode of production that is built around new technologies
such as the Internet of Things, artificial intelligence, and big data analytics (Mahmoodi et al., 2024).
The use of advanced smart technologies automates tasks and increases efficiency while allowing for
real-time quality control (Cui et al., 2024). Looking into the realm of digital transformation, SMEs
in developing economies are realizing the importance of smart manufacturing in making them
competitive on a global scope (Bocken and Geradts, 2020). Smart manufacturing identifies new ways
of producing smart products on a global level. In addition to ignoring the sheer size of firms,
manufacturing companies properly employ any means available to optimally cut down the expenses
of finalizing the product (Baryshnikova et al., 2021). “Flex”, for example, utilizes IIOT in enhancing
productivity and automating processes while “Deloitte Consulting” relies on digital twin technology
in predictive maintenance and workflow optimization. Workflow optimization and digital twin
technology work in tandem in “Deloitte Consulting” due to the need for prediction (Abate et al.,



2020). On the other hand, “Boingo Wireless” highlights the significance of strong cybersecurity
protocols, which are endorsed by advancing digital security in smart manufacturing and enhancing
the confidence of the global market (Alatise and Hancke, 2020).
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Figure 1. Challenges in Global Manufacturing and Projected Growth of Smart Manufacturing
(2023-2030) (Adapted from Hu et al. (2024))

Manufacturers face serious difficulties stemming from issues such as supply chain interruptions (in
60 percent of cases), increasing costs (45 percent), and deficient skilled workers (30 percent) (Hu et
al., 2024), as shown in Figure 1. All of these problems emphasize the fact that new strategies like
smart manufacturing must be implemented to solve these problems using new technologies such as
automation and digital twins (Stefan, 2023). Aside from that, a significant part of Figure 1 focuses on
the expected evolution of the smart manufacturing industry, which will increase from 250 billion US
dollars in 2023 to more than 450 billion US dollars in 2030. Such a trend suggests a paradigm shift
in the global landscape of manufacturing in industries with the further advancement of Industry 4.0
tools and systems that are reliable, effective, and environmentally friendly (Sahoo and Lo, 2022).

The trajectories for reaching competitiveness on a global scale of smart manufacturing coincide
with an important milestone which is the complete change from localized invention to global
application. These findings make it evident that local innovation is key in putting nations on the map
and driving progress around the globe, and thus they can set new markers of manufacturing industrial
competitiveness for the world (Wu et al., 2021). The fulfillment of this declaration is reliant on
ensuring that a diverse set of barriers are cleared, for example, infrastructure gaps, technical
imbalances, and skill gaps among labor (Li and Malerba, 2024). Hence, dealing with such
multifaceted problems becomes critical to growing the global footprint of smart manufacturing
companies (Zhou et al., 2023).

The existing gaps in research such as globalization strategies which tend to bring in smart
manufacturing together still seem to focus on specific areas rather (Qayyum et al., 2024). Anyhow,
the overall integration of smart manufacturing firms into the economies of developing nations has
still not been extensively researched (Li and Malerba, 2024). This study delves into the smart
manufacturing industry's remarkable metamorphosis from local powerhouse to global contender,
unearthing the strategic blueprints and innovative practices that pave the path to international success.
This manuscript highlights the economic and sustainable benefits for the policymakers of the local
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manufacturing industry by tackling identified obstacles and incorporating CSFs. Several studies have
explored CSFs and challenges in smart manufacturing, focusing on Indian contexts. Shukla and
Shankar (2024) highlighted technological readiness and management commitment as crucial for
adopting smart manufacturing in Indian SMEs. However, they did not extensively address the critical
role of information integration in achieving Industry 4.0 adoption. These studies typically use
traditional methodologies like AHP or DEA independently. AHP requires precise pairwise
comparisons, making it highly sensitive to inconsistencies and unsuitable for handling vague or
ambiguous information (Menekse and Camgdz Akdag, 2022). Similarly, DEA, though effective in
evaluating efficiency, operates solely with crisp input and output values, limiting its ability to
accommodate the variability and imprecision often present in real-world scenarios (Nguyen et al.,
2022). This manuscript introduces a novel hybrid approach combining Interval-Valued Spherical
Fuzzy Sets (IVSFS), AHP, and DEA, which has never been applied before in this context. The [IVSFS-
AHP method enhances decision-making under uncertainty, while DEA evaluates relative efficiency,
bridging methodological gaps in existing literature. By applying this unique framework, this study
provides actionable insights to strengthen India’s global manufacturing competitiveness. The
explanation of this transformative process can be achieved by addressing the following research
questions.

e How does smart manufacturing impact the overall manufacturing sector in developing
countries, and what challenges does the manufacturer face in adopting new technologies?

e What are the most influential CSFs for surmounting these obstacles, and how significant is
their interrelation?

e How can smart manufacturing pave the way for manufacturers of developing countries to
conquer the global stage, despite the obstacles and complexities they face?

The paper seeks to address the aforementioned questions by accomplishing the following research
objectives:

e To identify the obstacles that prevent local manufacturers from taking part in the global
expansion of smart manufacturing.

e To identify the most effective and dependable CSFs to overcome these obstacles.

e To gauge the efficiency of prospective CSFs to overcome these obstacles.

To meet our research objectives, this manuscript utilizes a hybrid multi-criteria decision-making
(MCDM) framework named IVSFs-AHP with DEA. This integrated methodology helps create a
hierarchical model organized with the main goal. This procedure can identify and address constraints
from start to finish and use performance analysis to rank the CSFs based on their relative efficiencies.

This paper is organized into distinct sections, each addressing a critical aspect of the study. Section 2
presents the literature review, providing an in-depth analysis of the challenges within the smart
manufacturing landscape and identifying key research gaps. Section 3 introduces a case study
focusing on India’s mobile phone manufacturing sector, illustrating the practical relevance of the
research. Section 4 describes the research methodology and explains the application of the proposed
hybrid framework integrating [VSFs, AHP, and DEA. Section 5 provides a detailed analysis of the
results, highlighting significant findings. Section 6 discusses the findings in the context of global
manufacturing challenges and opportunities. Section 7 outlines the practical and theoretical
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implications of the study. Finally, Section 8 concludes the paper, by summarizing the key insights,
acknowledging limitations, and suggesting directions for future research.

2. Literature review

Smart manufacturing introduces advanced technologies that enhance productivity, facilitating
easier access for businesses in developing countries to global markets (Kasmad, 2022). It establishes
a direct link between customer retention and key performance metrics, encompassing financial
profitability and corporate valuation (Zimmermann et al., 2021). Recognizing and integrating cultural
nuances into product adaptation is a CSFs for companies aiming for global expansion (Chaudhuri et
al., 2021). This is exemplified by global giants like McDonald's, which successfully introduced the
Mala Grilled Chicken Sandwich in China, tailoring it to local preferences (Ahmad et al., 2020). Such
localization efforts involve incorporating indigenous ingredients and flavors to resonate with regional
tastes (Shaw et al., 2020). Smart manufacturers must therefore develop a deep understanding of
diverse consumer preferences and local regulations to create products that both adhere to global
standards and appeal to local sensibilities (Roudometof, 2023).

In light of expanding to international markets, it is essential to consider approaches that suit
consumer needs. One effective approach to be able to grow regional markets is through the
establishment of local production sites. The significance of localized smart manufacturing technology
is not confined to the aforementioned sectors; in other sectors of the world, it also marks further
industrial change. In the automobile manufacturing sector, the versatility of smart manufacturing is
illustrated by the flexible production techniques of “Auto Global Inc.” in response to ever-changing
market conditions and the introduction of new technologies (Adhikari and Roy, 2024). This
adaptability not only increases efficiency but also helps in reinforcing a strong international presence
in the market. Further, Al-powered decision-making enhances manufacturing ability and maintains
quality across different geographical locations.

National policies on smart manufacturing vary significantly, reflecting diverse priorities and
economic contexts. For instance, in Germany's Industry 4.0 Framework for Industry 4.0, collaboration
between the government and industry pushes for the establishment of innovation clusters and includes
the integration of IoT and Al technologies into the manufacturing industry (Bhagwan and Evans,
2023). In contrast, As per the ‘Made in China 2025’ strategy, it is evident that the country is making
great strides in boosting local automation and robotics innovation with a priority on reducing the
technology dependence on other nations (Li and Branstetter, 2024). Similarly, the United States
“Manufacturing USA program” where investments are made in joint public-private initiatives
intended to facilitate transferring technology and providing training to the advanced industry
(Shokouhyar et al., 2022). In the case of India, foreign direct investment is being actively encouraged
while at the same time, the Make in India campaign is meant to foster the adoption of smart metering
among SMEs (Shang and Chiu, 2023). All of the above-mentioned strategies alone show a nation’s
target policy focus to aspire for innovation, solve existing impediments, and develop the
manufacturing sector of a country sustainably.

Building on this, strategic localization by Xiaomi in the Indian mobile phone market shows its
ability to adjust the product mix to the preferences of the target audience (Roudometof, 2023). Thus,
smart manufacturing methods have enabled some aspects of design and features to be adjusted to
different societies quickly while controlling production attention has been directed at efficient
sourcing of components and improvement of the processes. Through this strategy, the Xiaomi 3 is
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reported to have significantly increased its share in the global market (Bucknell Bossen and Kottasz,
2020, Lu and Menezes, 2024). Thus, these works illustrate the important role of smart manufacturing:
how global strategic expansion can be combined with local adaptation so that a company can reach
leadership positions across several markets. Previous studies on smart manufacturing focus on
technological advancements like IoT and Al While several works highlight the transformative
potential of Industry 4.0, the practical challenges in resource-constrained settings are frequently
overlooked (Narkhede et al., 2024) or emphasize global competitiveness factors such as supply chain
integration and compliance (Christopher, 2016). However, they stop short of connecting these
domains in a unified framework. My study picks up by bridging this gap, using a combined IVSFs
AHP-DEA methodology to rank critical success factors, validating them with sensitivity analysis, and
linking smart manufacturing strategies directly to global competitiveness benchmarks.

The literature review reveals that globalization and the manufacturing sector in developing
countries have traditionally been examined as distinct entities. However, a combined analysis of these
two dimensions reveals the potential for revolutionary change within the smart manufacturing
landscape. Consequently, this manuscript seeks to identify and analyze the obstacles impeding the
global expansion of industries utilizing smart manufacturing. The subsequent section employs a
Systematic Literature Review (SLR) to achieve this objective, which the expert group further
validates. SLR, as shown in Figure 2, focuses on understanding the role of smart manufacturing in
the transition toward global existence. It involves a comprehensive and methodical analysis of
existing literature, with the selection of ninety-three relevant articles. It further specifies inclusion
and exclusion criteria for study selection and employs targeted databases and keywords to execute
the literature search. The SLR effectively summarizes how smart manufacturing interrelates with
success towards global expansion.



Identification
Domain: Smart manufacturing and mobile manufacturing

Paper Selection Criteria (PSC):

e Top publication of smart manufacturing, most cited paper, paper related to
developing countries

Assembling

e Impact factor of Journal, Publication date, Mobile phone supply chain and
potential future research directions in this domain.

Source Quality: Web of Science, Scopus, IEEE

) 4

Acquisition

Search Period: 2019 to 2024

Search Keywords: 'Smart Manufacturing', 'mobile manufacturing',
'GLOCALisation', 'Supply Chain', 'Logistics', 'developing nations' and 'Peer-to-
Peer Networks', AHP DEA.

Arranging

Total number of search results: (N=737)

¥

Purification
Step 1: Article related to smart manufacturing. Number of Papers (N) =737

Step 2: Articles after removing duplicates and irrelevant methodology papers N= 548
Step 3: Articles after considering smart manufacturing in developing countries N= 341

Step 4: Article after removing unrelated studies to mobile manufacturing. N= 259

Assessing

Step 5: Articles after full screening based on specific obstacle. N= 93

Out of these 93 articles, 61 were utilized to identify obstacles and 52 papers were
focusing on CSFs in mobile manufacturing of developing nations.

Figure 2: Systematic literature review methodological framework (Created by authors)

This research examines pathways to global success in smart manufacturing, focusing on the
challenges faced by developing countries. Initial analysis identified 30 potential obstacles to smart
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manufacturing implementation. Through expert consultation and literature review, this was refined
to 22 obstacles specific to the mobile manufacturing industry. This focus on mobile manufacturing
highlights the importance of emerging mobile technologies for enhancing efficiency and
competitiveness in the global tech trend.

Table 1: Obstacles for local companies incorporating smart manufacturing technologies

Category Obstacles of smart manufacturing References
Integration of legacy systems with new (Mahmoodi et al., 2024)
technologies (Kim et al., 2023)
Cybersecurity threats and vulnerabilities gl:)/lza;lanya ctal, 2022) (Yang etal,
Lack of standardization across platforms and (De Matos et al., 2023) (Fathi et al.,
devices 2022)
Technical High costs associated with implementing smart (Ignatov, 2018) (Buran and Ergek,
technologies 2022)
Data management and analysis complexities g:gil)l ctal,, 2022) (Mahmoodietal.,
Rapid technological obsolescence gé?;) ot al, 2021) (Bachir et al,
Challenges in IoT device connectivity and (Fathi et al., 2022) (Yang et al.,
management 2023)
Resistance to change among employees (Malagihal, 2021) (Lim et al., 2023)
Lack of clear strategy for digital transformation ;l?elzli)nlngr)za ot al., 2023) (Bachir et
Insufﬁment collaboration between IT and (Abonyi et al., 2024) (Witt, 2019)
Organizational operations . . .
Difficulty in scaling smart manufacturing (Ledro et al., 2022) (Abonyi et al.,
solutions 2024)
Intellectual property concerns in a collaborative (Kou et al., 2021) (Mahmoodi et al.,
arena 2024)
Alignment of smart manufacturing initiatives with  (Beikmirza et al., 2023) (Lim et al.,
overall business goals 2023)
Limited access to financing for technology (Kocsis and Xydis, 2019) (Fathi et
upgrades al., 2022)
Uncertain 'retl'm.l' qn investment for smart (Abonyi et al., 2024) (Witt, 2019)
manufacturing initiatives
Economic fluctuations impacting investment (De Matos et al., 2023) (Bachir et
E . decisions al., 2019)
conomic . . (Goodarzian et al., 2020) (Fathi et
Cost of training employees on new technologies al., 2022)
Competition from companies in countries with (Lim et al., 2023) (Kou et al., 2021)
lower labor costs
High upfront costs of smart technology adoption gl:)/lzalh)moodl ctal,, 2024) (Malagihal,
Compliance with evolving industry standards and (Yang et al., 2023) (Witt, 2019)
regulations & ° ’
Regulatory Data privacy laws and regulations affecting data

usage
Environmental regulations
manufacturing processes

impacting

(Kim et al., 2023) (Kouetal., 2021)

(Fathi et al., 2022) (De Matos et al.,
2023)



Labour-related

Export controls and trade barriers affecting global
supply chains

Safety standards for workplace and product safety

Regulatory uncertainty in emerging technology
fields

Skill gaps in the workforce for operating smart
technologies

The aging workforce and challenges in attracting
younger talent

Need for continuous learning and development
programs

Cultural barriers to adopting new work practices

(Abonyi et al., 2024) (Yang et al.,
2023)

(Yang et al., 2023) (Bachir et al.,
2019)

(Mahmoodi et al.,, 2024) (Witt,
2019)

(Buran and Ergek, 2022) (Bachir et
al., 2019)

(Fathi et al., 2022) (Malagihal,
2021)

(Yang et al., 2023) (Bachir et al.,
2019)
(Lim et al., 2023) (Goodarzian et al.,
2020)

Managing workforce transitions and job (Kim et al., 2023) (Fathi et al.,
displacements due to automation 2022)

*(Created by authors)

2.2. Research Gap

The interaction of global processes and local context in India and its relation to the smart
manufacturing process diffusion in the developing world is still less studied. However
previous research has called for greater contextual studies in developing economies without
offering much about the scenarios in these nations (Arcidiacono and Schupp, 2024).

The current body of literature inclines to focus more on the expected advantages of smart
manufacturing and to pay little if any, attention to the difficulties encountered by
manufacturers in developing countries. Although some of the works underline the potential
of Industry 4.0 to change the economics, implications of resource-constrained settings are at
times not addressed (Narkhede et al., 2024).

Some critical success factors have already been established, but further research is needed to
ascertain the actual relationships between the CSFs and the contributing factors to the smooth
transition to smart manufacturing. For instance, much has been done to categorize CSFs, but
little has been done to determine their interrelationships concerning barriers to adoption in
developing countries (Malaga and Vinodh, 2021).

The Indian industrial sector is like a hybrid which is quite recent to the literature on smart
manufacturing. While The discourse of smart manufacturing is global, it appears that the
Indian context and associated problems are of a special nature, which the existing research
does not fully encompass (Kumar et al., 2024).

Case Application — India’s Mobile Phone Manufacturing Sector

India is a vibrant country with a rapidly changing smart manufacturing industry and an exciting
case of mobile manufacturing. In the last 12 years, the mobile industry has grown at a pace of 2000%,
which shows that the sector has the potential to act as a model for other industries (Dutta et al., 2024).

The mobile manufacturing sector presents the Indian approach toward technology and how most

manufacturers face challenges and opportunities created with the shift of smart manufacturing on the

global stage. The focus on mobile production is needed in developing countries as it contributes a
significant portion of the manufacturing budget. Mobile manufacturing is the best example to consider
because it includes a high level of technology and a core understanding of the supply chain across
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continents. India has 800 million active users of mobile phones, showing the huge market potential
(Lim et al., 2023). The mobile manufacturer was previously dependent on assembly-based production
which is now pushed by smart manufacturing principles and exemplifying the aspiration of the nation
(Makaya et al., 2023). This transformation is surprising because emerging economies have gone from
conventional production to directly jumping on advanced technology like the Internet of Things, Al,
and digital twins. The mobile industry is not just about production. It is also about the consumer
connection with innovation in product variation and process differentiation (Shokouhyar et al., 2022).
Now, the Indian manufacturer is incorporating smart technology in its production to become more
competitive on a global scale.

The Indian government has launched new incentive packages such as ‘Make in India’, ‘Production
Link Scheme’, and ‘SAMARTH Udyog Bharat 4.0’ to promote the setting up of domestic
manufacturing bases which will produce components that are utilized in mobile handsets (Shang and
Chiu, 2023). With the aforementioned initiatives, it is expected that the extent of value addition by
India in the business of manufacturing mobile phones will grow from the current 15% to between 25
and 30% in the next seven years (Mehrotra, 2020). Those efforts combined with the new incentive
package that the government is going to roll out, are likely to help India establish itself as a stronghold
for mobile pitch manufacturers who want to go global and act local at the same time, which is very
important. This smart manufacturing journey is more than just a transformation in technology, it’s a
cultural, tactical, and technical evolution that requires major investment into acquiring the right
knowledge and expertise on smart manufacturing (Goswami and Daultani, 2022). The case study of
India’s mobile assembly industry will highlight the effect smart manufacturing has on emerging
economies and the associated policy, market, and innovation changes. It serves as an excellent
example for other developing countries seeking to utilize smart manufacturing to achieve economic
growth and enhance their global competitiveness.

3.1.  Obstacles affecting local-to-global mobile manufacturing sectors

The obstacles to implementing smart manufacturing (as shown in Table 1) apply to a wide range of
industries. Therefore, this study focuses specifically on these industry-specific obstacles that mobile
manufacturers face when expanding globally through the implementation of smart manufacturing.
These factors were identified through extensive SLR and expert consultation.

3.1.1. Technological obstacles

This section details the technological obstacles that affect mobile phone manufacturing on a global
scale. The study focuses on the engineering and developmental obstacles to mobile phone
manufacturing as shown in Table 2. The study focuses on identifying key technological obstacles

using the keywords "technology integration", "innovation constraints", and "digital infrastructure
challenges" in academic databases such as Google Scholar and Web of Science.



Table 2:

Technological Obstacles

Code

Obstacle

Obstacle Effect

References

T1

T2

T3

T4

T5

Delayed
Implementation of
Emerging Trends

Foreign OEMs

Undervalued

Complexity in
Carrier Aggregation

Poor Choice of
Antenna
Architecture

Challenges in
Power Output
Control

The swift adoption of 4G LTE technology by
Chinese companies, led to high-quality, cost-
effective cell phones.

Indian brands' failure to recognize and adapt
to the 4G trend.

Indian companies initially underestimated the
market impact of Chinese OEMs.

Failure to prioritize timely establishment of
production facilities.

Recognition of strategic misjudgment only
after significant market losses.

The complex task of adapting to a multitude
of band combinations and augmenting
handset radiofrequency channels is a
necessity stemming from the global diversity
in spectrum allocation.

The requirement for operators to integrate up
to five carriers,

is a process essential for achieving data
transmission rates surpassing 300 Mbps and
offering bandwidth capacities over 40MHz.
Shift towards uplink carrier aggregation for
broader frequency band coverage, driven by
the surge in real-time uploads.

Bandwidth limitations inherent in Time
Division Duplex (TDD) systems, China has
resorted to intra-band solutions, necessitating
the deployment of power amplifiers (PAs)
characterized by high linearity.

Envelope Tracking (ET) technology, once a
standard for enhancing battery life and LTE
network coverage, now presents significant
implementation challenges for local and mid-
tier phone manufacturers.

Devices equipped with Class 2 power
functions require the integration of filters
with  high linearity and low loss
characteristics, which are essential to
minimize gearbox losses and ensure effective
heat dissipation.

The lack of such advanced technological
measures in local mobile phones has led to
an increased risk of overheating,
necessitating the adoption of stringent
quality control protocols.

(Abate et al,
2020)
(Pierson et al.,
2016)

(Ghosh et al,
2021)
(Ignatov, 2018)

(Mardanya et al.,
2022)
(Kou et al., 2021)

(Gupta and Mittal,
2023)
(Kim et al., 2023)
(Rodriguez et al.,
2019)

(Kou et al., 2021)
(De Matos et al.,
2023)

*(Created by authors)
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3.1.2. Operational obstacles

This section scrutinizes previous research findings in the MPSC. The study identifies operational
challenges as critical obstacles (shown in Table 3) using keywords such as 'supply chain efficiency’,
'logistics management', and 'production bottlenecks' in databases like “Dimensions” and “Lens.org”.

Table 3: Operational obstacles

Code Obstacle Name Obstacle Effect References

O1 Cost Reduction in e The cost gap between importing (Bachiretal.,2019)
CBU vs. Local Completely Built-up Units (CBUs) and (Rodriguezetal., 2019)
Manufacturing local manufacturing has led to a significant (Shokouhyar et al.,

02

03

04

05

Challenge of the
Expanding
Capabilities of Mid-
Tier Smartphones

Pursuit for Higher
Gigabit Speeds

Reliance on
Imported Products

The Reverse
Logistics Dilemma

increase in CBU imports in India, often
through facilitated agreements.

This trend results in lower costs for
imported phones in India compared to
international markets, posing a
considerable threat to domestic handset
manufacturers.

Chinese manufacturers have swiftly
captured a significant share of the global
mobile phone market with their mid-range
smartphones.

Indian domestic manufacturers are
limiting their model range due to
difficulties in meeting demand.

There is a growing trend towards
integrating mid-range smartphone radio
frequency front ends, RF Flex, to cut costs
while retaining design customization
capabilities.

Achieving gigabit speeds in cell phones
introduces a new level of complexity in
radio frequency (RF), challenging for
manufacturers with limited advanced
skills.

Modern RFFEs need to provide high
linearity and efficiency, along with
integrating multiple features.

RF complexity escalates, and
manufacturers are increasingly dependent
on specialized RFFE vendors for
compliant, integrated solutions.

The share of mobile communication
hardware in the national import portfolio
has risen to 26.4%.

Imports have grown from 64.3% in 2012—
13 to 79.4% in 2020-21.

less value creation, due to heavy
dependence on imported products.

Indian mobile manufacturers face
challenges due to the underutilization of
reverse logistics (RL), leading to inventory
stagnation and resource wastage.

2022)

(Li et al., 2018)
De Campos et al.,
2020)

(Gupta and Mittal,
2023)

(Abate et al., 2020)

(Malagihal, 2021)
(Nguyen et al., 2022)

(Beikmirza et al., 2023)
(Leramo et al., 2022)
(Goswami and
Daultani, 2022)
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*(Created by authors)

3.1.3. Government policy and regulations obstacles

This section delves into Government Policy and Regulations Obstacles (shown in Table 4) in the
MPSC, identified as critical obstacles in prior research. Utilizing keywords like 'regulatory impact',
'policy constraints, and 'government legislation' in search engines such as “Science.gov” and “ERIC”,
the study examines how these obstacles affect smart manufacturing efficiency and growth, to provide
strategic insights for operating within these regulatory frameworks.

Table 4: Government policy and regulations

Code  Obstacle name Obstacle effect References

Gl Drawbacks of Phased e Increase in import taxes on specific (Robustelli et al,
Manufacturing mobile parts in India by 2022, including 2019)
Program display components and motors. (Yang et al., 2023)

e Government tax initiatives stress the
need for a robust local ecosystem for
effective policy implementation.
G2 Undesirable Effects e Despite the development of production (Abate et al., 2020)
of SEZs facilities under the "Make in India" (Lim etal., 2023)
initiative, duty-free SEZ-to-DTA sales (Fathi et al., 2022)
may unfairly advantage SEZ-based
companies, distorting the competitive

landscape.
G3 Misusing Export e Export Oriented Units moving products (Malagihal, 2021)
Privileges to DTAs without equivalent tariffs are (Bortolotietal., 2022)
seen as inequitable. (Li et al., 2022)

e Government support is needed to ensure
fairness amidst 'Make in India' local
smartphone production
G4 Vendor Impediments e Advocacy for delaying import taxes on (Yang et al., 2023)
foreign 5G gear, citing superior (Lietal., 2018)
performance over domestic components.
e  Without changes, India faces the risk of
falling behind in 5G technology
compared to developed countries.
G5 Stagnant Regulatory e Indian telecom authorities push for (Bucknell Bossen and
Framework reforms to attract foreign investment, Kottasz, 2020)
lacking equivalent tax incentives for
domestic manufacturers.
o This imbalance gives foreign companies
a competitive edge over local mobile
manufacturing firms.

*(Created by authors)

3.1.4. Environmental obstacles

This sub-section investigates Environmental Obstacles in the smart manufacturing implementation
(shown in Table 5), a critical area highlighted by previous studies. Focusing on keywords such as '
Waste Generation ', 'e-waste management', and 'green manufacturing' in academic databases, the
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research seeks to understand the environmental challenges impacting the manufacturing sector,
aiming to offer solutions for more sustainable and eco-friendly practices.

Table 5: Environmental obstacles

Code Obstacle Name Obstacle Effect References
El Obstacles in e Developing nations' firms struggle with (Robustelli et al,
Segregating developed countries' environmental laws on  2019)
Components phone component recovery. (Lim et al., 2023)
e Inadequate E-waste regulations result in (Imranetal., 2023)
unsafe handling.
E2 Faulty Collection e Poor e-waste collection practices in some (Kou et al., 2022)
Systems countries. (Witt, 2019)
e Negative environmental impact tarnishes
mobile manufacturers' image.
e Leads to protests and possible bans on
companies.
E3 Recycling Plastic e Mobile phone plastics, containing harmful (Bachir et al., 2019)
Conundrums compounds, impede eco-certifications. (Kim et al., 2023)
e Challenges in reuse and waste management
for developing country firms.
E4 Neuronal Damage e Mobile phones' diverse materials, including (Buran and Ercek,
Due to Electronic hazardous elements, pose neurological risks. 2022)
Waste (Wuetal., 2021)
*(Created by authors)

3.1.5. Knowledge and behavioral obstacles

This sub-section unravels the intricate tapestry of Knowledge and Behavioral Obstacles (shown in
Table 6) within the MPSC. Guided by a search for nuanced terms like 'knowledge gaps', 'behavioral
dynamics', and 'organizational learning' in scholarly databases, this exploration delves into the less-
charted cognitive and behavioral terrains that significantly shape the MPSC's landscape.

Table 6: Knowledge and behavioral obstacles

Code  Obstacle Name Obstacle Effect References

K1 Chinese Players' e Chinese brands held 57% of the Indian (Witt, 2019)
Supremacy mobile market in early 2021. (Abate et al., 2020)

e Indian firms lag due to limited exposure and (Luo, 2021)
weaker promotion strategies.

K2 Scarcity of e lack of domestically tailored applications.  (Fathi et al., 2022)
Specialized e Challenges local manufacturers to improve (Rajabpour et al,
Applications device usability. 2022, Shaw et al.,

2020)
K3 Cost Troubles e High mobile device costs in developing (Bachir et al., 2019)
economies deter consumers. (Bortoloti et al., 2022)
e Local manufacturers need cost-efficient (Vijhetal., 2020)
innovations to stay competitive.
*(Created by authors)
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3.2.  Ciritical Success Factors (CSFs) for Local Manufacturers to Go Global

The CSFs identified in this research are strategically tailored to mitigate the obstacles encountered by
the mobile phone sector to adopt smart manufacturing. These CSFs, derived from an exhaustive
literature review, serve as pivotal solutions to the specific obstacles highlighted in the study. Some of
these previous studies have shown how companies with smart manufacturing practices often
experience improved brand reputation, increased market share, and greater global success (Sunny et
al., 2020). The author's identification of CSFs was facilitated by a targeted keyword search
encompassing terms such as 'Smart Manufacturing', 'Global Distribution', 'Government Initiatives',
'Customer Management', 'mobile manufacturing', and 'Grey Market Problem’ in databases like Web
of Science, IEEE, and Scopus. The selected academic papers were distinguished by their rigorous
methodological approach, explicitly identifying both obstacles and CSFs in smart manufacturing. The
alignment of CSFs with the obstacles not only provides a targeted approach to overcoming obstacles
but also underscores the practical applicability of this research. By focusing on the twelve most
pertinent CSFs (as shown in Table 7), the paper offers a strategic roadmap for mobile manufacturers
in emerging economies, guiding them toward achieving global success despite the prevalent
obstacles.

Table 7: CSFs for mobile manufacturers utilizing smart manufacturing to go global

Code CSF Name CSF Effect References
CSF1 Intelligent e  Collaboration among local manufacturers, (Yang et al., 2023)
Manufacturing suppliers, and stakeholders. (Zheng et al., 2018)
e Targets optimal design and radiation
mitigation

e Engages government and financial entities
e The automotive industry utilizes intelligent
manufacturing for predictive maintenance,
where BMW implemented Al-based
systems that reduced unplanned downtime
by 20% and improved vehicle assembly

precision.
CSF2  Context-aware e focus on personalized user experiences (De Matos etal.,
Computing through perceptive computing. 2023)
e Data collection enhances global market (Farahbakhsh etal.,
competitiveness 2021)

e Aids in production optimization and supply
chain efficiency

e Siemens Smart Factory uses context-aware
computing to dynamically adjust robotic
assembly lines based on real-time
production bottlenecks, achieving a 15%
reduction in cycle time.

CSF3  Stop grey e RFID tag integration combats grey market (Rajak et al., 2022)
marketing of challenges in manufacturing. (Finlay et al., 2022)
products e Protects revenues, brand integrity, and

intellectual property.

e Bolster's global competitiveness of
regional mobile manufacturers.

e Samsung combats grey marketing using
blockchain to track products across global
supply chains, reducing counterfeit issues
by 30%.
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CSF 4

CSF 5

CSF 6

CSF 7

CSF 8

Multiple Carrier
Aggregation

Impartialness in
OEM's country
of origin

Customer
management

Establish a global
distribution
network

Utilize Strategic
Partnerships

Local manufacturers are encouraged to
adopt this technology for competitive
parity.

Aims to enhance resource allocation across
multiple carriers.

Ensures minimum quality of service for
subscribers based on priority.

Foxconn leverages carrier aggregation
to manage seamless communication
between loT devices across multiple
production facilities, enabling faster
response times and uninterrupted
operations.

The manufacturer's location impacts value
capture and supplier network design.
Localized R&D gives domestic firms a
global supply chain advantage.
Anonymizing manufacturer origin in
supplier talks reduces national bias.

Apple ensures impartial sourcing by
engaging with multiple OEMs from China,
India, and Vietnam, fostering competitive
pricing and reducing dependency on a
single country.

Focus on customer service and online
presence.

Customer retention is key to global
expansion.

Market share through unique offers

GE's Additive Manufacturing division
employs customer feedback data to
customize 3D-printed components,
reducing order errors by 25% and
improving satisfaction.

Global expansion for local mobile
companies via strong  distribution
networks.

Enhances logistics  efficiency and
customization ease.

Growth exemplifies robust distribution
network benefits.

Amazon Robotics uses automated
warehouses combined with a global
distribution network to enable same-day
delivery, setting a benchmark in smart
logistics.

Global companies leverage multi-firm
collaborations for growth.

Partnerships enhance distribution,
technical strength, and resource access.
Microsoft-Huawei collaboration  on
Windows Phone is a successful example.
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(Beikmirza et al.,
2023)
(Kim et al., 2023)

(Turienzo and
Lampon, 2022)
(Trejos et al., 2020)

(Hilton et al., 2020)
(Ledro et al., 2022)

(Aguado et al., 2019)
(Sunny et al., 2020)

(Musa et al., 2019)
(Yan and Huang,
2022)



CSF9 Government
support

CSF Compliance with
10 international
standards

CSF Development of
11 Resilient supply
chain

CSF Focus on Cost
12 optimization

Boeing collaborates with tech companies
like NVIDIA to implement Al-driven
production lines, resulting in 20% faster
assembly times for aircraft.

Emphasis on research and development
and human resource  deployment
Creates an environment conducive to
market entry.

Elevating global competitiveness.
Infrastructure improvement, and strategic
trade agreements.

Germany’s Industry 4.0 initiative
provided grants to SMEs for smart
manufacturing adoption, increasing
digitization rates in manufacturing by
50%.

International standards boost customer
trust.

Cultural sensitivity —enhances global
customer relations.
Product flexibility and increased brand
loyalty in diverse markets.

Siemens complies with ISO 50001 energy
standards, enhancing energy efficiency by
15%, which helps secure contracts in
environmentally conscious markets.
Flexible supply chains adapt to changing
technology and user demands.
Streamlining logistics is essential for
global expansion.

Mobile solutions improve supply chain
efficiency and risk reduction.

Enhances global demand and
competitiveness.

During COVID-19, Toyota implemented
digital twins to model supply chain
disruptions, reducing recovery times by
50% and maintaining  production
schedules.

Effective cost management in unit delivery
enhances B2C business growth and
profitability.

Prioritizing supply chain efficiency drives
cost optimization.

Comprehensive cost analysis  boosts
efficiency from sourcing to delivery.

Tesla optimizes costs by vertically
integrating its supply chain, allowing it to
reduce Dbattery costs by 30% while
maintaining quality.

(Munoz et al., 2021)
(Chen et al., 2021)

(Leramo et al., 2022)
(Van Der Valk et al.,
2020)

(Kamble et al., 2020)
(Goodarzian et al.,
2020)

(Kocsis and Xydis,
2019)
(Best et al., 2020)

*(Created by authors)
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4. Research Methodology

This manuscript fills a gap in the literature by presenting the obstacles and CSFs of smart
manufacturing in the context of developing countries. The keywords so searched for are discussed in
Section 2 about the literature that was triangulated using the SLR approach. In section 3, building on
the analysis conducted in the SLR, this study discovered thirty unique obstacles and twelve CSFs in
smart manufacturing. The scope of this research narrowed the obstacles to twenty-two distinct ones
due to expert interviews, SLR analysis, and brainstorming sessions regarding manufacturing in
developing countries. In a similar context, the CSFs and obstacles identified above were used in the
final section of this study, where MCDM methods were employed to assess the dominance and
interdependence of the mentioned constraints. A spherical fuzzy set is a more innovative approach
when compared to fuzzy sets since it allows the attachment of membership value and uncertainty
radius to each element of the fuzzy set (Yang et al., 2019). SFS outperforms the other modeling
frameworks when it comes to noise interference cum slashing outliers within fuzzy sets. SFS takes
the form of a two-dimensional substructure in which each element of the SFS is associated with a
radius to dampen the effect that noise has on the degree function of membership (Sarraf and Nejad,
2020). With SFS, the variability for each element is always the same. This may not correctly capture
the uncertainty or the variability that existed in the data sets (Buran and Erg¢ek, 2022). IVSF, on the
other hand, does not have such restrictions allowing more elements to accommodate a diverse range
of interlinked uncertainty (Yilmaz et al., 2022). This extended multi-dimensional view of uncertainty
representation allows the more intricate details of uncertainty to be captured therefore enhancing the
representation of the uncertain data (Khezrimotlagh et al., 2019).

Interval valued spherical fuzzy sets combined with AHP-DEA have the potential to expand the
alternative performance assessment tools. Menekse and Camg6z Akdag (2022) synthesized AHP-
DEA with the novel spherical fuzzy and computer simulation models to ascertain which
manufacturing sector possessed the most robust assembly systems. The simulation models and IVSFs
AHP were deployed to provide input data for the DEA. Some manuscripts also see a combination of
ratio estimation using IVSFs and AHP, where AHP was utilized in combination with IVSFs for model
selection with a view of determining nations’ competitiveness Non-Decision Making Units (Buran
and Erc¢ek, 2022). Using IVSFs with AHP, researchers equated the performance of nations on a pair-
wise basis at diverse levels (Nguyen et al., 2022). IVSF in AHP enabled researchers to assess the
ranking of country performance at different levels against each other. Such an analysis provided a
basis for other developing countries seeking full efficiency and contributed to measuring
performance. IVSFS with AHP-DEA is a new combination resulting from little attempts and very
few research scholars' endeavors. As a result, this method has a great opportunity to provide precision
solutions and insight concerning complex decision-making issues.

This research presents a novel hybrid framework combining IVSFs-AHP and DEA to address
obstacles and critical success factors (CSFs) for local manufacturers' global expansion in the mobile
manufacturing sector through smart manufacturing. The IVSFs approach captures uncertainty and
improves decision-making reliability, while DEA enables comprehensive efficiency evaluations,
surpassing traditional methods DEMATEL and MICMAC. Mangla et al. (2018) used DEMATEL to
examine interdependencies in supply chain resilience factors. The study highlighted its ability to
uncover cause-effect relationships between factors, which are essential for strategic interventions.
However, the method's reliance on precise input values limited its robustness in scenarios with
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inherent data ambiguity. Dube and Gawande (2016) used MICMAC to identify barriers in sustainable
manufacturing, effectively categorizing challenges but struggling to capture dynamic
interdependencies due to its deterministic nature. The framework benchmarks performance criteria
like cost-efficiency, technological readiness, and resource allocation, aligning micro-level strategies
with SDG 9's macro-level goals for sustainable industrialization. By addressing challenges in
technology adoption and the interrelation of influential CSFs, this study provides actionable insights
for policymakers and manufacturers to enhance global competitiveness and offers a replicable model
for other sectors.
Integration of the Methodology
The combination of IVSFs, AHP, and DEA addresses the multidimensional challenges of
globalization as follows:
e Uncertainty Management: IVSFs ensure robust decision-making in the presence of
incomplete or uncertain data.
e Priority Structuring: AHP aligns organizational objectives with global manufacturing
challenges.
e Performance Benchmarking: DEA identifies best practices and measures the effectiveness
of CSFs in overcoming market entry barriers.
By aligning these methodologies with the specific challenges of globalization, this study provides a
comprehensive decision-making framework that is both innovative and practical for global
manufacturing firms.
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Goal: Prioritizing the Hindrances of local mobile manufacturer
to go global

IVSFs Analytic

Hierarchy Process

I

h U

Identifying essential obstacle and
formulating a hierarchical model

v

Make pair-wise

l comparisons

Check for consistency

v No

0<CR<0.1

Revision

Data Envelopment
Analysis

Yes ‘

Calculate weight of obstacle using IVSWAM

|

Defuzzification to find final Score

]

Aggregate the weights by using judgement
matrix (input output structure of DEA)

Obtain the local weights using the simplex method of solving
linear programming (for each obstacle individually).

!

Compare CSFs with respect to each obstacle and
repeat the previous step.

:

Accumulate local weights to get final weights by

again applying linear programming

l

Integrating final weights of obstacle in the form
of multipliers

'

Record the efficiencies of all CSFs

Figure 3: Flowchart of [IVSFs AHP-DEA Methodology (Created by authors)
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A structured framework to prioritize the problems faced by local mobile industries seeking
global growth is shown in Figure 3. The analysis here begins with the application of IVSF-AHP to
two aspects: identify key obstacles and devise a ranking model. A series of pairwise comparisons is
conducted to fix the relative significance of the potential obstacles and then a consistency check is
done where the allowable value of the consistency ratio CR is set at 0.1. The consistency in AHP
guarantees the reliability and validity of the pairwise comparisons resulting in more credible and
stronger decision-making outcomes. If there are inconsistencies, iterations are made to correct these
inconsistencies. Once a degree of consistency is reached, the weights of the obstacles are calculated
using the Average Method Weighted Spherical Valued Interval as shown in (EQ.2), with the results
then defuzzified to obtain final values (EQ. 3). These weights are then integrated into a judgment
matrix incorporated in the input-output structure of DEA (EQ. 4). Local weights of each barrier are
then calculated using linear programming models. The process also involves analysis of dependencies
of critical success factors (CSFs) against each CSF and reevaluation of the process. The local weights
are then used to obtain final weights in these models through further applications of linear
programming (EQ 5). Lastly, these weights are combined into factors that make it possible to
determine the efficiencies of all CSFs (EQ. 7). This rigorous methodology provides a comprehensive
and methodologically robust evaluation of the obstacles impeding global expansion and CSFs to cater
to those obstacles.

4.1. Application of IVSFs AHP-DEA Method

The following section proposes the steps for the IVSFS AHP-DEA methodology, assimilating the
concept of efficiency measurement for the factors and alternatives indexed above. A graphical
representation of the steps to apply the proposed methodology is given in Figure 3.

Step 1. Identification of obstacles: This step comprises splitting of problem into elements based on
their common specifications. The obstacle and sub-obstacle are thus identified, and a hierarchy has
to be created.

Step 2. Construction of the hierarchical structure:

A hierarchical structure consisting of at least three levels is developed in this step (Fig. 2) to select
the best alternative based on a score index at Level 1. obstacle C = (CI, C2, C3...Cn) are shown at
Level 2, and there may be several sub-obstacle for each criterion C defined at Level 3. At Level 4, a
discrete set of m feasible CSFs X = (x/, x2, .....xm) (m > 2) is defined.

Step 3. Calculate the consistency of IVSFS judgment matrices based on the linguistic measure of
importance given in Table 8.

Step 4. To assess the consistency of each pairwise comparison matrix, convert the linguistic terms to
their corresponding score indices based on Table 8 and perform a classical consistency check. If the
resulting Cr value is less than 10%, the crisp pairwise comparison matrix is considered consistent,
and its corresponding spherical fuzzy pairwise comparison matrix can be used. For example,
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Obstacle 1

CSF 1

Eradicating obstacle for local
manufacurers in going Global

Obstacle 2 Obstacle 3 -—— U)bstacle n

(5

Figure 4: Hierarchical Model for [IVSFs AHP-DEA Analysis (Created by authors)

Table 8: Linguistic terms used for pairwise comparisons

IVSFs
Linguistic Preference Score
Scale Index 4 = {u, ({1, a0, 1, )] [k ), v, @) [ ), )]
lue U}

Absolutely more 9 ([0.85, 0.95], [0.10, 0.15], [0.05, 0.15])

importance (AMI)

Very high importance ([0.75, 0.85], [0.15, 0.20], [0.15, 0.20])
7

(VHI)

High importance (HI) 5 ([0.65, 0.75], [0.20, 0.25], [0.20, 0.25])

Slightly more importance ([0.55, 0.65], [0.25, 0.30], [0.25, 0.30])
3

(SMI)

Equally importance (EI) | ([0.50, 0.55], [0.45, 0.55], [0.30, 0.40])

Slightly low importance ([0.25, 0.30], [0.55, 0.65], [0.25, 0.30])
1/3

(SLI)

Low importance (LI) s ([0.20, 0.25], [0.65, 0.75], [0.20, 0.25])

Very low importance ([0.15, 0.20], [0.75, 0.85], [0.15, 0.20])
1/7

(VLD

Absolutely low 19 ([0.10, 0.15], [0.85, 0.95], [0.05, 0.15])

importance (ALI)

*(Created by authors)
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Step 5. Calculate the interval-valued spherical fuzzy local weights of obstacles and CSFs.

Determine the weight of each alternative using Interval valued Spherical Weighted Arithmetic Mean
(IVSWAM) operator given in Eq. (1) concerning each criterion. Where the IVSFs for any linguistic
scale are defined by ([a,b], [c,d], [e,f]) (Kutlu Giindogdu and Kahraman, 2019).

a’+b?+c?+d?+e?+f2
2

Accuracy (@) = H(&@) = Eq.(1)

The weighted arithmetic mean is used to compute the IVSF weights (Kutlu Giindogdu and
Kahraman, 2019)

IVSWAMW(&l, &2 ...,&n) =Wq- &1 @ wy - &2 @ @ Wp - &n
.\ 1/2 \1/2
= {Ja-mm =)™ (-1 (-89,

. . ; . 1/2
[T ¢ M0 @] [T =) =TT =g =)™, P2 @

(M=, (1= 8)" =Ty (1 -7 - sz)w,-);l}

where w = 1/n.

Step 6. To obtain the final ranking orders for the CSFs, a hierarchical form is established and the
interval-valued spherical fuzzy weights at each level are combined to determine the global weights.
The computation is carried out from the bottom level (CSFs) to the top level (obstacle), as shown in
Figure 4. There are various IVSFS-AHP approaches, and our partially IVSFS-AHP approach uses
Equations (3) - (5), while our completely IVSFS-AHP approach employs Equation 7. Equation 3 uses
a modified score function to defuzzify the obstacle weights, and we add 1.0 to the previous score
function definition to make it more practical for spherical calculations.

_ _ 24b2-c2-d?~(e/2)*~ (f/2)?
Score (w;’) = S(W}’) = 2 - > g + 1 Eq.(3)

Example: Let a1 = ([0.85, 0.95], [0.1, 0.15], [0.05, 0.15]), > = ([0.20, 0.25], [0.65, 0.75], [0.20,
0.25]) and a3 = ([0.55, 0.65], [0.25, 0.30], [0.25, 0.30]) be three interval-valued spherical fuzzy
numbers. According to Eq. (3) we have S(a1) = 0.790, S(#2) = -0.467 and S(a3) = 0.248. Thus,
the alternative «; is better than others. This example indicates that the proposed score function is
reasonable

Equation (4) normalizes the obstacle weights (v_vjs )

M—/S S(W}g)

s - ) Eq. (4
S ) q-(4)

Equation (5) is used for weighting the decision matrix (CYSU.) (Monika and Sangwan, 2022).
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~ s =
Usy; = Wj = &s;

1

_ 2 l —S —S
(1-(- ai-)v_v’s')2 (1-(1- bi)w’s)zl : Hc;:",d;”if]
: . .
((-a2)" - (1-at-e3)") (1= 03)" - (1 - 03 - 2)" )2]

|

Eq.(5)

To obtain the final spherical fuzzy AHP score for each CSF, the global preference weights (F) are
aggregated using the spherical fuzzy addition operator as specified in Eq. (7).

F = anl dsi' = dsil @ dslz @ &SinVi
J j

Eq. (6)

Performance Assessment Using Interval-Valued Spherical (Monika and Sangwan, 2022)

Eq.(7)

) = () (aes,) )

1/2 |’ [Cd511C21 dag, | dz] ,

1/2

[R5 YO S A Y
\! <(1 - (b&su)z) (f&sll)z + (1 — (b&sn)2> (f&slz)z B (fasn)z (fa512)2> / |

Step 7. Introduction of dummy input: In this, a column of dummy input '1' has to be introduced in
the judgment matrix (Arora et al., 2022).
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Step 8. Conversion into Linear Programming Problem: The problem is then converted into LPP
and solved using the simplex method. Further, the LPP is solved using a basic CRR model (Arora et
al., 2022). Where x and y are the elements of the Z function.

Considering the values for B as,

y11 yl2 .. .. .. yln
y21 y22 ... ... .. Y2n
B = '
L yml e e e e ymn |
Max Z = yuxiitynxit....... +Y1nXin
Subject to: uii=1
ViXitynRxnt.. ... +y1nXin-un1< 0
y21X11Fty22X12F. . ... .. +y2nXin-un1< 0
Eq. (8)

YmiX11FymXit... ... FymnXin-un < 0
X11,X12, ceveeeennnnnnnnn Xin= 0

Now, the local weight of criterion C; is obtained.
Perform similar operations to get the local weight of all obstacles.

Step 9: Comparing CSFs w.r.t each Obstacle: This step involves comparing the CSFs with each
other based on each obstacle. To achieve this, a set of 'n' tables is created, where 'n' represents the
number of obstacles and 'm' represents the number of CSFs. Each table represents the comparison of
each CSF with every other CSFs for a specific obstacle. The local weight (Wij) of CSF 4i w.r.t
criterion Cj is determined for each of these n tables by solving a linear programming problem using
the simplex method (Arora et al., 2022).

A1 A | ...l Am
A1 ar arn | e alm
Am aml am2 | eeee.. dmm

Comparison of CSFs w.r.t C;
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Max Z = ajjzii+tanzipt........ +a1nZin

Subject to: uii=1

ajziitapzit........ +amzm-un< 0
axzi1+taxnzpt........ +anzZin-uni< 0
Eq. (9)
amiZi1tamzi2t........ +FamnZin-un1< 0
AR AL Zin= 0

Step 10: Accumulation of local weights to get final weights: After obtaining the local weights of
different CSFs based on their performance on different obstacles, a table with m rows (representing
the CSFs) and n columns (representing the obstacles) can be created. The values entered in the (Wij)
represent the weight of each CSF (i) relative to obstacle j. These weights will be used as outputs to
evaluate the CSFs based on the obstacle. Then, the linear programming problem can be solved for
each CSF using the simplex method. The resulting values for all the CSFs represent their efficiency.

C1 C2 C | ...... Cn
A1l Wi Wi | Wiz | ...... Win
A2 Wai W | W2 | ...... Won
Am Wm] Wm2 Wm3 ...... Wmn

Linear programming for CSFs 1 (Arora et al., 2022). Where W and V are the elements of the Z
function

Max Z =W Vii+Wi2Vipt........ +WinVin
Subject to: uyi=1 Eq. 10

WiuViitWiVia+........ +WinVin-uni< 0

W21ViitWaoVipt........ W Vin-uni< 0
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Wi ViitWmaViet........ FWmunVip-unn< 0
Vi1,Viz, ..., Vin=2 0

Step 11. Applying constraints in Step 9: Considering di, da........ dn as the obstacle local weights of
respective obstacles.

Vil = d1 V12
T d2

Vil = di V13
~d3

Vil = a1 V14
- d4
d1

V1l = — Vin
dn

Step 12. The final value 'Z' for all the cases is calculated: Now the calculation of the efficiency of
CSFs is done. By using the normal procedure involved in DEA, the aggregation is carried out and the
final weight of the CSFs is then calculated. Further, the CSFs are ranked in descending order of their
weights.

S. Result Analysis

This research explores how local companies that use smart manufacturing can survive and even grow
in the worldwide market. Utilizing the IVSFs AHP-DEA methodology, this study intricately maps
twenty-two hindering factors, each weighed against their influence on market entry and expansion.
These impediments are further juxtaposed with CSFs, meticulously selected for their role in company
success. The adoption of this multi-methodological approach ensures an unbiased ranking of CSFs
and effectively sidesteps the 'rank-reversal' predicament often seen in traditional AHP methods. This
paper thus acts as a comprehensive blueprint for market-entry optimization, laying bare both obstacles
and accelerators in a local-to-global brand metamorphosis.

Table 9: Weight Classification of Obstacle

Class Obstacle Weights
T2
T3
T5
o1
04
Gl
G2
G4
G5
K3
Class I K2 0.9884

Class I

— e e e e e e e

[u—
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T4 0.9571
02 0.9263
05 0.9153
Tl 0.8632
E3 0.8522
Class 111 03 08519
G3 0.8477
K1 0.7500
Class IV E4 0.7500
E2 0.7143
Class V El 0.6143
*(Created by authors)
Bar Graph of Obstacle Weights
El — 7 017
E2 018
E4 | 0.43
K1 | 0.50
G3 | 0.50
03 | 0.50
E3 | 0.56
T1 | 0.64
05 | 0.64

% 02 | 0.68

o T4 | 0.78

£ k2 | 0.82

[75]

g k3 | 1.00
G5 | 1.00
G4 | 1.00
G2 | 1.00
G1 | 1.00
o4 | 1.00
o1 | 1.00
TS | 1.00
T3 | 1.00
T2 | 1.00

0.2 0.4 0.6 0.8 1 1.2
WEIGHTS

Figure 5: Local obstacle Weightage (Created by authors)
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Table 10: CSF Weights per Obstacle (*(Created by authors)

Tt [ T2 | T3 [ T4 [ T5 | O1 | 02 [ 03 [ 04 [ 05 | GI | G2 | G3 | G4 | G5 | E1 | E2 | E3 | F4 | KI | K2 | K3
CSF1 [ 1.000 | 0.858 [ 1.000 | 1.000 [ 1.000 | 0.622 | 0.328 | 1.000 | 1.000 | 1.000 [ 1.000 | 0.429 | 0.354 | 0.629 | 0.528 | 1.000 | 1.000 | 1.000 [ 1.000 | 1.000 [ 0.895 | 1.000
CSF 2| 1.000 | 0.644 | 1.000 | 0.617 | 0.328 | 0.341 | 1.000 | 1.000 | 0.339 | 0.352 [ 0.600 | 0.152 [ 0.200 | 0.534 | 0.351 [ 0.184 | 0.189 [ 0.131 | 0.339 | 0.516 | 1.000 | 1.000
CSF 3 | 0.176 | 0.142 [ 1.000 | 1.000 [ 0.445 | 1.000 | 1.000 [ 0.543 | 1.000 | 0.367 [ 0.605 | 1.000 [ 1.000 | 1.000 | 0.775 | 0.155 | 0.195 | 0.188 | 0.302 | 0.655 | 1.000 | 0.763
CSF 4 | 1.000 | 0.489 | 1.000 | 1.000 | 1.000 | 0.351 | 1.000 | 1.000 | 0.429 | 0.344 | 0.445 | 0.149 [ 0.134 | 0.352 | 0.348 [ 0.167 | 0.245 [ 0.138 | 0.202 | 0.429 | 1.000 | 0.281
CSF 5 [ 0.569 | 1.000 [ 1.000 | 1.000 [ 1.000 | 1.000 | 0.600 | 1.000 | 0.607 | 0.620 [ 1.000 | 1.000 [ 1.000 | 1.000 | 0.630 | 0.353 | 0.504 | 0.354 [ 0.812 | 0.600 | 0.635 | 0.763
CSF 6 | 1.000 | 0.432 [ 0.830 | 0.628 [ 0.479 | 0.611 | 1.000 | 0.244 | 1.000 | 1.000 [ 1.000 | 1.000 [ 0.793 | 0.652 | 0.664 | 1.000 [ 1.000 | 1.000 [ 1.000 | 0.664 | 0.763 | 0.443
CSF 7 | 1.000 | 1.000 | 1.000 | 1.000 | 0.165 | 1.000 [ 0.924 [ 1.000 | 0.778 | 0.622 [ 1.000 [ 1.000 [ 1.000 [ 1.000 | 1.000 [ 0.431 | 1.000 [ 1.000 | 1.000 | 1.000 | 0.387 | 1.000
CSF 8 | 1.000 | 0.620 [ 0.315 | 0.621 | 1.000 | 0.751 | 1.000 [ 1.000 | 1.000 | 0.622 | 1.000 | 0.433 [ 0.486 | 0.775 [ 1.000 [ 1.000 | 0.338 [ 0.220 | 0.742 | 1.000 | 0.888 | 0.352
CSF 9 | 1.000 | 1.000 | 0.640 | 1.000 | 1.000 | 1.000 | 1.000 [ 1.000 | 1.000 | 1.000 [ 1.000 [ 1.000 [ 1.000 [ 1.000 [ 1.000 [ 1.000 | 1.000 [ 1.000 [ 1.000 | 1.000 [ 1.000 | 0.778
CSF 10 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 0.678 | 0.367 | 1.000 | 0.146 | 0.161 | 0.352 | 0.351 | 1.000 | 1.000 | 1.000 | 1.000 | 0.715 | 1.000 | 0.435
CSF11 [ 0.731 | 0.750 [ 0.209 | 0.458 [ 0.601 | 1.000 | 1.000 | 1.000 [ 1.000 | 1.000 [ 1.000 | 1.000 [ 1.000 | 1.000 | 0.616 | 1.000 [ 1.000 | 1.000 | 1.000 | 1.000 [ 1.000 | 1.000
CSF 12 | 1.000 | 1.000 | 0.335 | 0.616 | 0.343 | 1.000 | 1.000 | 0.328 | 1.000 | 1.000 [ 1.000 [ 1.000 [ 1.000 | 0.469 | 1.000 [ 1.000 | 1.000 | 1.000 | 0.201 | 1.000 | 1.000 | 1.000
Table 11: Crisp Ratings of Obstacle *(Created by authors)
Tl T2 T3 T4 T5 ol 03 | 04 | 05 [ GI G2 | G3 | G4 | G5 El E2 E3 E4 [ KI K2 K3
T1 [ 0.998 | 4.998 | 2.996 | 2.982 | 0.232 | 0.143 | 0.116 [ 2.819 | 0.111 | 2.819 | 1.641 [ 3.525 | 0.925 | 1.157 | 0.143 | 0.925 | 1.157 | 3.525 | 2.819 | 2.819 [ 0.099 | 0.099
T2 [ 0.200 | 0.999 | 4.997 | 2.982 | 0.139 | 0.143 | 7.000 [ 0.925 | 0.111 | 2.819 | 1.641 [ 1.157 [ 2.819 | 7.000 | 0.143 [ 2.819 [ 3.525 | 1.157 | 5.598 | 5.598 [ 3.525 | 0.099
T3 [ 0.333 [ 0.200 | 0.998 | 4.942 [ 0.099 | 0.111 | 1.157 [ 2.819 | 0.143 | 0.113 | 0.198 | 1.157 | 0.186 | 0.232 | 0.200 | 2.819 | 7.000 | 0.139 | 0.925 | 0.925 | 1.157 | 0.077
T4 | 0.333 [ 0.333 [ 0.200 | 0.998 | 0.139 | 0.111 [ 1.157 [ 2.819 | 0.143 | 0.925 | 0.141 [ 3.525 [ 0.113 | 0.142 | 0.200 | 5.598 [ 3.525 | 1.157 | 2.819 | 0.186 | 0.139 [ 0.099
T5 | 2.996 | 4.998 [ 6.999 | 4.942 | 0.142 | 0.143 [ 1.157 | 0.113 | 0.200 | 5.598 | 0.329 [ 1.157 [ 0.925 | 3.525 | 0.333 [ 5.598 | 3.525 | 3.525 | 5.598 | 2.819 [ 1.157 [ 0.232
01 | 6.995 | 6.999 | 9.000 | 9.000 | 7.000 [ 0.203 | 3.525 | 9.000 | 0.333 | 9.000 | 5.000 | 7.000 | 9.000 | 3.525 | 0.333 | 9.000 | 3.525 [ 7.000 | 9.000 | 2.819 | 7.000 | 0.232
02 | 6.000 [ 0.143 [ 0.333 | 0.333 | 0.232 [ 0.200 | 0.142 | 0.113 | 0.200 | 0.186 | 0.141 | 0.099 | 0.111 [ 0.099 | 0.143 | 0.925 | 1.157 [ 0.232 [ 0.925 | 0.925 | 3.525 | 0.139
03 | 0.200 [ 0.333 [ 0.200 | 0.200 | 0.142 [ 0.111 | 0.142 | 0.113 | 0.143 [ 2.819 | 0.329 | 1.157 | 0.925 [ 0.142 | 0.111 | 0.113 | 1.157 | 3.525 | 0.925 | 0.925 | 0.139 | 0.232
04 | 8995 [ 9.000 | 6.998 | 6.964 | 3.525 [ 1.661 | 3.525 | 5.598 | 0.203 | 1.572 | 5.000 | 7.000 | 2.819 | 3.525 | 0.333 | 2.819 | 7.000 | 3.525 [ 9.000 [ 5.598 | 7.000 | 3.525
05 | 0.200 | 0.200 | 0.994 | 0.333 [ 0.099 [ 0.111 | 1.157 | 0.111 | 0.250 [ 0.113 [ 0.198 | 0.139 | 0.186 | 0.139 [ 0.111 | 5.598 | 1.157 | 0.142 | 0.186 | 0.111 | 0.232 | 0.139
Gl | 0.333 [ 0.333 [ 4.997 | 6.967 | 1.157 [ 0.200 | 7.000 | 0.925 | 0.200 | 2.819 | 0.201 | 0.232 [ 2.819 | 7.000 | 0.200 | 0.925 | 3.525 [ 1.966 | 0.925 | 0.186 | 3.525 [ 0.139
G2 | 0.200 [ 0.333 [ 0.333 | 0.200 | 0.232 [ 0.143 | 7.000 | 0.186 | 0.143 [ 2.819 | 1.641 | 0.142 | 0.925 [ 0.232 | 0.143 | 2.819 | 1.157 [ 0.139 | 0.186 | 0.111 | 0.139 [ 0.099
G3 | 0.333 [ 0.200 [ 2.994 | 0.997 | 0.232 [ 0.111 | 3.525 | 0.186 | 0.200 | 0.925 | 0.198 | 0.232 | 0.113 [ 0.232 | 0.200 | 2.819 | 3.525 | 1.157 | 0.186 | 0.925 | 0.232 [ 0.099
G4 | 0333 [ 0.143 | 2.996 | 0.998 | 0.139 [ 0.200 | 7.000 | 0.113 | 0.200 | 2.819 [ 0.141 | 1.157 | 0.925 | 0.142 | 0.333 | 0.925 | 1.157 | 1.157 | 2.819 [ 2.819 | 0.232 | 0.139
G5 | 6.994 | 6.999 | 4.997 | 4.942 | 1.157 | 1.661 | 7.000 | 9.000 | 1.661 | 9.000 | 5.000 [ 7.000 | 2.819 | 1.157 [ 0.203 [ 2.819 | 7.000 | 7.000 | 5.598 [ 9.000 | 7.000 | 7.000
El [ 0.333 [ 0.200 | 0.200 | 0.143 [ 0.099 | 0.111 | 0.232 [ 0.113 | 0.200 | 0.080 | 0.329 [ 0.139 [ 0.111 | 0.232 | 0.200 [ 0.113 [ 0.232 | 0.142 | 0.925 | 0.186 | 1.157 | 0.139
E2 [ 0.333 | 0.200 | 0.143 | 0.200 | 0.139 | 0.200 | 0.232 [ 0.186 | 0.143 | 0.186 | 0.198 [ 0.232 [ 0.111 | 0.232 | 0.143 [ 0.925 [ 0.142 | 0.142 | 0.113 | 0.186 | 0.232 | 0.099
E3 | 0.200 | 0.333 [ 4997 | 0.333 | 0.139 | 0.143 [ 1.157 [ 0.111 | 0.200 | 0.113 | 0.247 [ 3.525 [ 0.186 | 0.232 | 0.143 [ 0.113 | 0.142 | 0.142 | 0.925 | 0.925 [ 0.139 [ 0.139
E4 | 0.200 [ 0.143 [ 0333 | 0.200 | 0.099 | 0.111 [ 0.232 [ 0.186 | 0.111 | 0.925 | 0.329 [ 1.157 [ 0.925 | 0.139 | 0.143 [ 0.186 | 0.142 | 0.232 | 0.113 [ 0.111 [ 0.139 [ 0.077
K1 | 0.200 | 0.143 | 0.333 | 2.980 | 0.139 | 0.200 | 0.232 | 0.186 | 0.143 | 2.819 | 1.641 | 3.525 | 0.186 | 0.139 [ 0.111 [ 0.925 | 1.157 | 0.232 [ 2.819 [ 0.113 | 3.525 | 0.139
K2 | 6.998 | 0.200 [ 0.333 | 4.942 | 0.232 | 0.143 [ 0.139 | 2.819 | 0.143 | 0.925 [ 0.198 | 3.525 | 0.925 | 1.157 [ 0.143 | 0.186 | 1.157 | 3.525 [ 2.819 [ 0.111 | 0.142 | 0.232
K3 | 6.995 | 6.999 | 8.999 | 6.965 | 1.157 | 1.661 | 3.525 | 0.925 | 0.200 | 2.819 | 5.000 | 7.000 | 5.598 | 3.525 [ 0.143 | 2.819 | 7.000 | 3.525 [ 9.000 | 2.819 | 1.157 | 0.142
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Figure 6: Aggregated Weights per obstacle w.r.t CSF (Created by authors)

Table 9 reveals the weights assigned to various obstacles faced by local mobile manufacturers
utilizing smart manufacturing. Based on these weights, we categorized these challenges into five distinct
groups, with Group 1 representing the most critical factors hindering their globalization efforts. This
pivotal group includes obstacles such as Foreign OEMs Undervalued (T2) and Cost Reduction in CBU
vs. Local Manufacturing (O1), among others. T2 underscores the quick adaptation of new technologies
by foreign OEMs, putting domestic manufacturers at a disadvantage, especially noted in the 4G market
share capture. Ol suggests that domestic handsets fail to meet the quality benchmarks at competitive
pricing, making differentiation challenging in global markets. The clustering in Figure 5 identifies
subgroups of smart manufacturing decision alternatives based on local weights, guiding targeted
strategies.

An additional barrier to smart manufacturing adoption resides in the inertia of regulatory
frameworks, designated here as G5 in Group 1. Such regulatory stagnation hinders the rapid integration
of emerging technologies into smart manufacturing processes, constraining companies from fully
capitalizing on the potential of advanced manufacturing paradigms. Another prominent concern,
referred to as K3, is the competitive disadvantage that local firms encounter compared to large-scale
businesses. The latter, capitalizing on the economics of scale, enforces a downward force on market
pricing, so compressing the profit margins of smaller enterprises and indirectly impacting their product
quality. The obstacle from Group 5 has a negligible effect on MPSC.

Table 10 shows that a decision that works well overall for smart manufacturing might not be the
best when looking at specific problems. Simply put, a high overall score does not necessarily mean better
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performance in all areas. Figure 6 enhances the justification presented in Table 10 by providing a
comprehensive perspective on the effects of CSFs on results at the system level. The aggregated value of
CSFs in the context of smart manufacturing implementation indicates that CSF 9 holds the highest
weightage, suggesting its potential to address multiple obstacles within the system.

RADIAL DIAGRAM OF OBSTACLES

Figure 7. Weighted Crisp Obstacle Ratings (Created by authors)

The crisp obstacle rating shown in Table 11 is used to determine the relative importance or weight of the
obstacle. The importance of each obstacle is determined based on its correlation with the overall goal
shown in Figure 7. The rationale behind this approach is that the more correlated an obstacle is with
another obstacle, the more important it is in the decision-making process. Figure 7 reveals that "Stagnant
Regulatory Framework (G4)" and "Cost Reduction in CBU vs. Local Manufacturing (O1)" are the most
significant obstacles to smart manufacturing implementation, as evidenced by their highly weighted crisp
obstacle ratings. This underscores the need to address outdated regulations and cost disparities to
facilitate the adoption of smart manufacturing technologies.
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Table 12: Weights and Ranks obtained for CSFs by integrated AHP-DEA

CSF Weights Rank
CSF9 1.0000 1
CSF 7 0.9137 2
CSF 11 0.8840 3
CSF 1 0.8597 4
CSF 12 0.8578 5
CSF 5 0.8517 6
CSF 10 0.7833 7
CSF 6 0.7822 8
CSF 8 0.7645 9
CSF 3 0.7432 10
CSF 2 0.5865 11
CSF 4 0.5690 12

*(Created by authors)

Table 12 is analyzed to draw insights regarding the CSFs. The fourth CSF, “Government
Support”, has garnered a maximum level of resource efficiency, which is rated as 1. This means that the
government allocates the best possible support in terms of resource usage to get the desired outcome
from smart manufacturing. To enhance local creativity, the government can provide incentives like the
imposition of import duties on foreign manufactured mobiles, liberal trading policies, and the use of
patents and copyrights. This finding corroborates previous work which shows the need for government
involvement in the enhancement of local industries as well as in localizing technologies (Chen et al.,
2020).

In smart manufacturing, consistent quality control is crucial, spanning from the procurement of
raw materials to the actual delivery of the finished goods. CSF 11, which is “Develop a robust supply
chain,” ranked third with an efficiency score of 0.8840, also stresses the need for consistent quality
control in the smart manufacturing process. This need for quality control is also reflected in the literature,
which has established that there is a relationship between good supply chain management practices and
the quality of the product (Sachan et al., 2022). On top of that, CSF 4, has the lowest efficiency while
remaining in the twelfth place on the ranking system with an efficiency score of 0.5689. This is because
Multiple Carrier Aggregation works best with stable systems rather than flexible systems as it is
inherently process driven by data which has to be accurate and timely. Lastly, Assuming this, CSF 2 and
CSF 3 are in the second and the third last positions with efficiency scores of 0.7432 and 0.5864
respectively.
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6. Discussion

The study employed the IVSFS-AHP integrated with DEA to analyze critical success factors (CSFs) and
obstacles. Through this methodology, the weightage of 22 identified obstacles was determined, alongside
the efficiency levels of the CSFs in addressing these challenges. The insights derived from the application
of this novel approach are detailed below, providing a comprehensive understanding of the interplay
between obstacles and CSFs in the context under investigation.

Smart manufacturing offers a transformative opportunity for manufacturers in developing economies
by enhancing efficiency, cost optimization, and product quality. Aligned with prior research by (Nguyen
et al., 2022), this study identifies over-reliance on foreign technologies (obstacle O4) and the delayed
adoption of emerging trends (obstacle T1) as critical barriers that escalate costs, constrain local
innovation, and undermine competitiveness. Technological dependence and policy stagnation obstruct
sustainable industrialization and the adoption of energy-efficient practices (Patterson et al., 2022).
Building on these findings, this manuscript study uncovers the compounding role of rigid regulatory
frameworks and insufficient policy incentives for green investments, revealing the critical interplay
between policy, market readiness, and technological adoption. Policymakers should focus on
implementing targeted subsidies for green technology adoption, establishing clear regulatory frameworks
for smart manufacturing standards, and incentivizing R&D in localized manufacturing technologies.

The identification of critical success factors (CSFs), such as government support (CSF 9) and robust
supply chain management (CSF 11), builds on and reinforces earlier findings in the literature. Goodarzian
et al. (2020) highlighted the role of resilient supply chains in mitigating disruptions and ensuring the
continuous and sustainable flow of resources. Similarly, (Stefan, 2023) emphasized the importance of
proactive government policies in fostering technology adoption and advancing sustainability in
manufacturing. This study reveals that government incentives not only directly support innovation but
also strengthen supply chain resilience by creating an enabling ecosystem for smart technologies. Reports
like the World Economic Forum further support this connection by underscoring the importance of
integrated public-private collaborations in fostering industrial innovation (Nguyen, 2024). Governments
and private sectors must work together to develop a dual strategy where public investment supports long-
term infrastructure and private entities lead innovation in tools like predictive maintenance and digital
twins. Integrated networks can accelerate the deployment of advanced manufacturing technologies.

This study demonstrates that smart manufacturing can position developing economies as competitive
players on the global stage by driving innovation, improving product quality, and achieving cost
efficiency. While earlier studies, such as (Bonfanti et al., 2023), emphasized the alignment of
manufacturing strategies with the United Nations Sustainable Development Goals (SDGs) as a broad
conceptual framework. This research provides empirical evidence of how such alignment directly
enhances global competitiveness. Additionally, strategic investments in fostering local innovation
ecosystems and reducing dependencies on foreign technologies. Supported by reports from the UNIDO
Industrial Development Report, these findings highlight the dual role of smart manufacturing in
achieving sustainable growth and enhancing economic self-reliance, thereby charting a clear path toward
long-term global competitiveness (Santiago et al., 2024). Policymakers should establish innovation hubs,
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enforce technology transfer agreements, and Develop benchmarking systems to assess local
manufacturers' progress against global standards. This includes facilitating cross-border collaborations
to adopt best practices from regions leading in smart manufacturing.

The findings of this research underscore the transformative potential of smart manufacturing for
developing economies, revealing a multifaceted interplay between critical success factors (CSFs) and
obstacles in achieving global competitiveness. The integration of the Interval-Valued Spherical Fuzzy
Sets (IVSFS) with AHP and DEA models has illuminated key pathways for overcoming challenges such
as over-reliance on foreign technologies, rigid regulatory frameworks, and skill gaps, which hinder
innovation and sustainable industrial growth. Notably, government support, cost optimization, and
resilient supply chain management emerge as pivotal CSFs, enabling local manufacturers to align with
global standards while promoting sustainable practices in line with the United Nations Sustainable
Development Goals (SDGs). This study highlights the importance of localized innovation ecosystems,
reducing dependencies on foreign imports, and leveraging user-centric design to enhance
competitiveness. By providing actionable insights, this research paves the way for policymakers to
develop inclusive, innovation-driven strategies that integrate advanced technologies and build resilient,
sustainable manufacturing ecosystems capable of thriving on the global stage.

7. Sensitivity Analysis:

A sensitivity study was carried out to account for any variability and guarantee reliable findings.
This widely used technique evaluates how small adjustments to input values affect the stability of a
solution. Sensitivity analysis is essential to the validity of this study since it depends on human input,
which may contain personal biases (Agrawal, 2022). Changing the weights given to the preferences of
the decision-makers was part of the sensitivity analysis. Six other examples (s = 1, 2, 3,...6) were made
in which the input of one DM was set to "Very Important" and that of the others to "Unimportant." The
baseline is the initial scenario (s = 7), in which the DM weights were changed. The weight distributions
are shown in Table 13. After that Ranking value of the CSFs was calculated and contrasted for every
example The results, as displayed in Table 14, strongly concur with patterns found in the baseline study,
demonstrating the validity of the conclusions.

Figure 8 reveals a remarkable trend — despite variations in decision-maker weights across the six
cases, CSF rankings remained remarkably consistent. This compelling evidence suggests the robustness
of our results, demonstrating the minimal influence of individual DM preferences on the overall outcome
(Prashar and Sunder M, 2024). The largest fluctuation occurred in CSF 4 (Intelligent Manufacturing)
due to its reliance on rapidly changing technologies and varying levels of adoption across systems,
making it highly sensitive to dynamic industry and technological conditions. Similarly, The fluctuation
for CSF 3 (Stop Grey Marketing of Products) unpredictability is due to varying decision-maker priorities
influenced by regional enforcement, market exposure, and the perceived financial impact of grey
marketing. In many cases, the ranking of CSFs changes as decision-makers adjust their weights based on
priorities and perspectives. However, the overall trend of the results remains consistent, reflecting the
relative importance of each CSFs across the analysis.
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The sensitivity analysis results reinforce the crucial need for comprehensive guidelines for

domestic mobile manufacturers. Policymakers must carefully evaluate regulations impacting operations
within the Indian sector. Importantly, the sensitivity analysis demonstrates the validity of this study. By
revealing the consistent trends in CSFs, regardless of decision-maker weighting, this study confidently
concludes that our results remain largely unaffected by potential observer bias.
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Figure 8. Efficiency Ranking” Movements for CSFs during Sensitivity (Created by authors)
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Table 13. Weightage Allocated to DMs in Sensitivity Analysis

Case 1 Case 2 Case 3 Case 4 Case 5 Case 6 = Regular
Less Less Less Less Less Very Less
DM 6 important important important important important  Important  important
Less Less Less Less Very Less Less
DM 5 important important important important Important important | important
Less Less Less Very Less Less Less
DM 4 important important important Important important important | important
Less Less Very Less Less Less Less
DM 3 important important Important important important important | important
Less Very Less Less Less Less Less
DM 2 important Important important important important  important  important
Very Less Less Less Less Less Very
DM 1 Important important important important important important | Important
*(Created by authors)
Table 14. Efficiency of CSFs with Changing DM’s Weightage
Regular Case 1 Case 2 Case 3 Case 4 Case 5 Case 6
CSF 1 4 9 1 5 7 4 2
CSF 2 11 12 12 12 12 12 9
CSF 3 10 5 6 6 11 6 7
CSF 4 12 11 9 11 4 11 12
CSF 5 6 4 7 4 6 5 8
CSF 6 8 7 10 8 3 7 11
CSF7 2 2 5 3 1 3 6
CSF 8 9 6 4 9 10 10 10
CSF 9 1 1 2 2 2 1 1
CSF 10 7 10 11 10 8 9 4
CSF 11 3 3 3 1 5 8 3
CSF 12 5 8 8 7 9 2 5
*(Created by authors)
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8. Implications

8.1.  Theoretical implications

This research introduces a novel hybrid methodological framework combining IVSFs-AHP with
DEA to address obstacles and CSFs for local manufacturers’ global expansion, particularly in the mobile
manufacturing sector, through smart manufacturing. The use of IVSFs is particularly unique as it captures
uncertainty and imprecision in decision-making more effectively than traditional fuzzy sets, enhancing
the reliability of pairwise comparisons and achieving high consistency (Stoilova and Munier, 2021).
Combined with DEA, this approach ensures comprehensive efficiency evaluations, outperforming
previous linear programming techniques. By addressing trade-offs such as the cost dynamics of
completely built units versus local manufacturing, this framework aligns micro-level firm strategies with
macro-level policy objectives, resonating with SDG 9’s goals of sustainable industrialization. Beyond
providing a replicable model for other sectors, this study offers actionable insights for policymakers to
design targeted interventions, such as trade deals and import duties while enabling local mobile
manufacturers to benchmark their performance and enhance global competitiveness. This hybrid
approach fills gaps in existing literature and provides a transformative framework for achieving
sustainable global success. Future research could extend this framework to other industries, such as
automotive or electronics manufacturing, to validate its applicability and effectiveness. Additionally,
integrating emerging technologies like artificial intelligence or blockchain could further enhance
decision-making precision and efficiency evaluations.

8.2.  Practical and research implications

The research employed the integration of IVSFs AHP with the DEA model in determining the
prioritization of CSFs and investigating the obstacles that local mobile companies face in trying to
compete globally. The findings of this study give rise to several implications as detailed below:

1. In this study, cost optimization (CSF 12) is identified as a crucial factor for the global expansion
of local manufacturers. Low-cost strategies with smart manufacturing performance will more
quickly allow and respond to market changes instead of larger conglomerates which tend to be
slower and more cumbersome in their decision-making processes. The adoption of agile and cost-
efficient manufacturing practices is imperative for small and medium enterprises (SMEs) to
sustain competitive parity in the global marketplace, as underscored by Carmona et al. (2024).
This increased focus on competitiveness is also in line with SDG 9 for expanding sustainable
industrialization. The evidence presented in this paper also corroborates previous research that
cost-minimization strategies are fundamentally important in enabling local manufacturers to
compete globally (Khan et al., 2020). Furthermore, the Industrial Development Report
underscores the importance of sustainable industrial practices, especially for emerging
manufacturers aiming to scale internationally (Patterson et al., 2022).

ii.  Evolving to shift from global to local exports has a significant economic effect on domestic
manufacturing (O4) as it decreases the time and cost associated with transportation. This approach
aligns with the emphasis on the economic benefits of reducing logistical complexities and
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strengthening local production networks (Gossling and Reinhold, 2024). Local manufacturers
focusing on glocalization by minimizing their dependence on foreign products not only contribute
to sustainable economic growth but also reduce carbon footprints associated with long-distance
trade (Yang, 2024). This sustainable development agenda, particularly in terms of mitigating
environmental impacts caused by global trade (Kamran et al., 2021). Moreover, the method
reinforces sustainable economic growth by fostering domestic supply chains and networks,
thereby creating resilient local economies that support both economic and environmental
sustainability.

The findings of this manuscript highlight that local manufacturers face significant challenges in
meeting user-centric design expectations (Obstacle K2), which are often scrutinized by
technologically equipped patrons. This result supports the World Bank Digital Development
Report, which emphasizes the necessity of designing inclusive and user-friendly technology
interfaces to bridge the digital divide (Johri et al., 2024). As SDG 10 highlights, making
technology accessible to a greater range of users not only promotes functional literacy but also
fosters both global and local engagement. Local differentiation from foreign companies is
achieved by focusing on and exaggerating specialized characteristics, which enhances customers’
perception of the company’s products (Patterson et al., 2022). This approach aligns with insights
from the OECD Digital Economy Outlook on leveraging design innovations to improve brand
perception (Young, 2024). Furthermore, this finding corroborates previous research
demonstrating that user-centered design significantly influences brand perception and loyalty
(Chen et al., 2020).

The same matrix also provides a robust framework for goal-setting in low disruptive innovation
takeovers, with potential applications extending beyond business strategy into public policy. This
offers policymakers a strategic tool to design and implement industrial policies that support local
initiatives aiming to integrate modern technological advancements (Yang, 2024). The OECD
Science, Technology, and Innovation Outlook underscores the significance of aligning
innovation-driven policies with local economic ecosystems to catalyze technology-driven growth
(Young, 2024). Such an approach is consistent with the principles advocated by SDG 9, which
emphasizes fostering innovation, promoting sustainable industrialization, and enhancing
infrastructural capabilities. Furthermore, the UNIDO Industrial Development Report highlights
the transformative potential of inclusive and sustainable industrial policy frameworks in
leveraging advanced technologies for diversified and equitable industrial growth, reaffirming the
model's broader applicability (Santiago et al., 2024).

Conclusion

The central endeavor of this paper is devoted to the delineation of obstacles besetting the growth of

the local mobile phone industry within the context of smart manufacturing. These challenges also affect
customer satisfaction, repurchase intention, and the likelihood of recommendation. Some manufacturers
are beginning to build a domestic ecosystem for mobile phone components and procurement, but they
struggle to become part of the global supply chain. This paper offers some valuable insights that could
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be useful to the mobile phone industry in these countries as they seek to shift from local to global markets
employing smart manufacturing techniques.

This study employs a sophisticated MCDM technique and assessment process to derive estimates of
the selected variables which integrate both qualitative and quantitative dimensions. Such AHP and DEA
techniques are employed as a hybrid model integrating IVSFs. Results of the proposed integrated model
confirm that the framework developed in this study enables the construction of a prioritized list of CSFs
designed to satisfy particular needs, making sure that the proposed solution addresses multiple interacting
factors and is solving the problem holistically. The hierarchy structure is established and the successive
levels are ranked using AHP. Likewise, DEA is used to assess the competency of the CSFs. The IVSFs
AHP-DEA facilitates generating a sorted list of appropriate alternatives, assigning individual weights to
each option which is how this fuzzy combines the two approaches. The resulting ranking lists provide
various strategies regarding the assessment of fractal dimensions of the supply chain ensuring the
promotion of sustainability, profit maximization, and environmental friendliness in the smartphone
production processes.

This research shows that Indian manufacturers can enhance their competitiveness in the global market
by prioritizing cost optimization and leveraging government support. Interval-valued spherical fuzzy sets
can be combined with other decision-making tools to compare different decision-making approaches, as
inconsistencies in the matrices and the lack of comprehensive examination can pose tangible risks and
limit the study's conclusions. This study offers a framework for benchmarking smart manufacturing,
implementation faces challenges such as infrastructure limitations, high costs, and workforce skill gaps.
Addressing these requires investments in infrastructure, upskilling, and cost-efficient solutions.
Emerging trends like digital twins, Al, and IoT can further enhance benchmarking and drive adaptive
manufacturing systems. Future research ought to concentrate on devising a novel approach that can
complement the existing ranking system by facilitating decision-makers in visualizing any
inconsistencies in the matrix. This approach should also enable them to iteratively rank the alternatives
for optimal outcomes.
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Appendix 1: Detailed Information about Experts

Sr. Year of
No. Experience

1. 16

2 14

3 13

4 11

5 12

6 11

7 10

8. 19

*(Created by authors)

Qualification

PhD in
manufacturing and
Management

Master’s Degree in
smart
manufacturing

MBA
Master’s Degree in
Engineering

Master’s Degree in
Globalization

PhD in Local to
global export

Master’s Degree in
Engineering

PhD in Industry 4.0
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Designation & Job Description

Director of
Operations

Head of
Logistics and
Supply Chain

Senior
Program
Manager

Supply Chain
Director

Head of
Procurement

Director of
Emergency
Response

Humanitarian
Affairs
Advisor

Supply Chain
Advisor

Oversees operations

Manages logistics, supply
chain

Leads program
implementation

Directs supply chain
strategy

Oversees procurement
processes

Manages resilense
operations

Advises on humanitarian
policies

Guides supply chain
optimization
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