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Abstract

As supply chains rapidly digitize, platform-driven models have become central to global
commerce, requiring sophisticated mathematical modeling for optimization. This system-
atic review comprehensively analyzes research across six critical technological domains
in platform supply chains (PSCs): blockchain integration, Internet of Things applications,
Industry 4.0 systems, cloud computing, live streaming commerce, and generative artificial
intelligence. Our analysis finds that operational coordination and strategic decision-making
under information asymmetry represent primary research focuses, with pricing strategies
receiving predominant attention. Methodologically, game theory, particularly Stackelberg
models, emerges as the dominant optimization framework across all domains. However,
significant gaps remain in dynamic modeling capabilities, empirical validation of theo-
retical frameworks, and cross-technology integration. This review provides foundational
insights into mathematical optimization techniques and highlights the critical need for
incorporating stochastic approaches and real-world data to advance PSC management in
the digital era.

Keywords: platform service; supply chain; mathematical modeling; decision optimization;
digital technology; systematic literature review

MSC: 90B06

1. Introduction

In the first edition of the special issue “Mathematical Modelling and Optimization
of Service Supply Chain”, Guo and He (2022) published a review article entitled “Math-
ematical Modeling and Optimization of Platform Service Supply Chains: A Literature
Review” [1]. Their work categorized various types of platform service supply chains and
identified the mathematical modeling methods used to address different research prob-
lems. A key finding indicates that research on digital platforms, particularly concerning
platforms” demand for information disclosure decisions, has attracted more researchers’
attention, especially with the development of blockchain and other novel technologies. In
recent years, the rapid proliferation of digital technologies has fundamentally transformed
traditional supply chain operations, giving rise to platform-based supply chain ecosystems
that integrate stakeholders through cloud computing, Internet of Things (IoT), and other
emerging digital technologies [2,3]. From e-commerce giants like Amazon and Alibaba
to sharing economy platforms such as Airbnb and Uber, digital technology is enabling
platforms to evolve beyond simple transaction facilitators into complex supply chain orches-
trators [4,5]. This shift requires innovative mathematical modeling approaches to tackle the
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inherent complexity, dynamism, and multi-stakeholder nature of platform supply chains
(PSCs). Consequently, managers are increasingly motivated to leverage digital platforms
and related novel technologies to build more efficient supply chain analytics capabilities to
address the dual challenges of operational efficiency and strategic adaptability [6,7].

Modern PSCs bring unprecedented complexity to traditional supply chain manage-
ment. Unlike linear structures, modern PSC ecosystems operate as non-hierarchical net-
works in which multiple stakeholders, including suppliers, producers, logistics partners,
and consumers, interact more efficiently through digital technologies [8,9]. These inter-
actions create complex feedback loops, network effects, and intricate data dependencies.
For instance, studies on blockchain integration primarily focus on resolving information
asymmetries and enhancing trust through cryptographic verification. Research on cloud
computing addresses the tradeoffs between security and risk in distributed computing
environments. Meanwhile, the rapid rise of live-streaming commerce has introduced new
operational challenges in coordinating streamers, platforms, and manufacturers. Gen-
erative artificial intelligence (Gen Al) also shows transformative potential for predictive
analytics and automated decision-making. These diverse technological features require hy-
brid modeling techniques that integrate game theory, stochastic programming, and machine
learning. However, current literature on PSC modeling and optimization remains scattered
across different fields, highlighting an urgent need for methodological advancements to
better address the complexities of modern PSCs.

Recent systematic reviews have explored specific aspects of digital supply chains. For
example, Culotta et al. (2024) [10] identified relevant theories within digital platforms
and synthesized findings for supply chain management tasks. Tan et al. (2024) [11]
considered the prevalent distribution agreement for many physical goods within the
digital marketplace and cataloged the agency model in online platforms. Surucu-Balci
et al. (2024) [12] discussed blockchain and cloud-based platform use cases for digital
information sharing across supply chain functions, proposing future research directions for
improving information sharing and processing through digital transformation. Kumar and
Singh (2025) [13] reviewed current trends in Supply Chain Ambidexterity and explored its
relationship with resilience, agility, and digital transformation.

While these prior reviews offer valuable insights, their scope and methodological
focus remain limited. Crucially, they pay insufficient attention to how emerging digital
technologies enhance PSC management. Although some studies address specific sectors,
like blockchain supply chains, or broader topics, like digital supply chain management,
reviews specifically focusing on the role of diverse digital technologies within PSCs are
still lacking. Furthermore, as different technologies often demand distinct mathematical
modeling and optimization approaches, a systematic analysis of the methods used in
PSC research is essential. Previous reviews have primarily concentrated on research
topics and questions, largely overlooking trends in mathematical modeling techniques
and how these approaches tackle the unique challenges of PSCs by leveraging digital
technologies. Furthermore, existing review articles lack a unified analysis of common
PSC issues across different episode clusters, particularly a comprehensive discussion and
structural comparison among technical groups. To address these gaps, this review aims to:

e Identify emerging digital technologies suitable for integration into PSCs.

e Examine the key research problems addressed within each technological domain.

e Analyze the mathematical modeling and optimization methods employed.

e  Identify critical research gaps and emerging trends.

e  Analyze the structural heterogeneity and methodological gaps across all technological
clusters.
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Specifically, we first adopted a multi-stage research design incorporating text mining
to identify the technologies applied in PSCs. We then employed the Louvain community
detection algorithm for topic mining to uncover technology relationships. This process
clustered all discovered relevant digital technologies in four main technical communities.
On this basis, we filtered out six mainstream emerging digital technologies applicable to
PSCs that leverage mathematical modeling and optimization in the fields of operations
management and operations research. Finally, we conducted a thematic analysis to clearly
delineate the research content within each technical theme. By synthesizing insights across
blockchain, IoT, Industry 4.0, cloud computing, live streaming, and Gen Al, this review
provides a structured analysis of methodological trends and theoretical foundations, aiming
to accelerate the development of mathematical modeling and optimization frameworks
capable of matching the complexity and pace of PSCs in the digital era.

2. Methodology

Traditional bibliometric methods that rely solely on keywords or titles face signifi-
cant limitations, which may overlook certain technologies operating as background in-
frastructure, and some technical concepts that cannot be distinguished as belonging to
research methods or research objects. To address these limitations, this study implements a
multi-stage, text mining-based research design to systematically identify and analyze core
technologies applied within PSC research, as shown in Figure 1. Using the abstracts of all
collected PSC literature, we first identified the technologies applied within this domain.
Subsequently, we employed the Louvain community detection algorithm to analyze rela-
tionships among these technologies and perform topic mining based on their co-occurrence
patterns. Next, we conducted manual screening to isolate publications specifically fo-
cused on modeling and optimization. Based on this refined subset of literature, we then
performed a systematic review of the identified technological themes.

Discovery of technical themes
of PSCs in digital era

A

Data acquisition

Data source:
WOS core collection

After cleaning,
relevant articles on
PSC were obtained

Output the abstract
text of all literature

Technology co-

Technical entity
recognition

Building a dictionary
of technical concepts

Tools: SpaCy +
PhraseMaker

Qutput the original
list of technical
entities

Contextual
analysis

Syntactic
dependency parsing

Tool: Role
discrimination rules

Output a list of digital
technologies used as
research subjects

Figure 1. The overall research design.

2.1. Data Collection and Method Stages

The data for this study were sourced from the Web of Science core collection, retrieved
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and exported the full records, including abstracts. Python (version 3.12) scripts were then
used to process and analyze the exported data. We limited the search to journal articles
indexed in the SSCI and SCI Expanded databases, with the topic “platform supply chain”.
Only English-language publications were included, covering all accessible years. The initial
WOS search yielded 3758 articles. After removing articles without abstracts and duplicates,
3756 articles remained for analysis. The analysis of literature abstracts involved three key
stages: (1) Identifying and extracting relevant technical terms; (2) Resolving term ambiguity
using syntactic dependency analysis; (3) Building technology co-occurrence networks and
identifying communities through clustering.

The purpose of the first stage was to accurately identify specific technical concepts
within the unstructured abstract text. To achieve this, we built our comprehensive “Tech-
nology Lexicon” through a three-step process. First, we identified a list of seed technologies
by reviewing foundational papers and major survey articles in the digital supply chain
field. Second, our research team expanded this initial list by adding other relevant tech-
nologies based on our expert knowledge. Finally, we iteratively refined the lexicon. We
scanned a sample of abstracts from our corpus to find and include common synonyms,
abbreviations, and other variations for each term. This process ensured our final lexicon
was both thorough and precise. Subsequently, we systematically identified all technical
entities mentioned in each abstract using the PhraseMatcher component within the natural
language processing library SpaCy, employing a case-insensitive matching approach.

The second stage, contextual disambiguation, represents a key methodological innova-
tion in this study. Its purpose is to resolve a fundamental ambiguity: determining whether
a technical concept mentioned in an abstract function as a research tool (used by the author
for analysis) or as a research object (the specific technology applied or studied within the
PSC context). Our analysis specifically targets the latter. To achieve this distinction, we
employed syntactic dependency parsing to analyze the grammatical role of each identified
technology. We developed a set of specific heuristic rules to classify each technology as
either a research object (the focus of the study) or a research tool (a method used by the
authors). Our classification logic was multi-layered. First, a technology was classified as a
research object if it served as the grammatical subject of a sentence, such as “Blockchain” in
“Blockchain enables traceability”. We also analyzed the “head” word that grammatically
governed the technology term. A technology was considered a research tool if its head was
a verb of application, like “use” or “propose”, or a preposition indicating instrumentality,
like “using” or “by”. Conversely, it was classified as a research object if its head was
a verb of investigation, such as “analyze” or “impact”, or a noun indicating focus, like
“role” or “effect”. For complex cases involving prepositions like “of”, we also examined
the governing noun to determine the context. If a technology could not be classified by
these rules, it was defaulted to research object to ensure comprehensive coverage. This
disambiguation step ensures that the final technology set analyzed consists precisely of
those entities discussed or applied within the PSC domain, thereby significantly improving
the accuracy of our statistics. This process identified 1153 articles from our initial set of
3756 that discussed at least one technology as a research object.

Following the precise identification of technology entities classified as research ob-
jects, we proceeded to the third analytical stage: constructing and analyzing a technology
co-occurrence network. This stage aimed to uncover the interconnected structures and
potential “technology ecosystems” formed by the integration of different technologies
within the PSC domain. We constructed an undirected, weighted technology co-occurrence
network. In this network, each node represents a distinct technology, and an edge connects
two nodes if their corresponding technologies co-occur within the abstract of the same pub-
lication. The edge weight corresponds to the frequency of co-occurrence between the two
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technologies. A higher weight indicates a stronger observed association, suggesting greater
integration or combined application within the research literature. To uncover inherent
structural patterns within this complex network, we applied the Louvain community detec-
tion algorithm. This widely recognized and efficient method identifies densely connected
“technical clusters”, namely communities, within the network by iteratively maximizing
the network’s modularity index. A key advantage of Louvain is that it does not require
pre-specifying the number of clusters. We assessed the quality of the detected communities
by calculating the network’s modularity score. Modularity quantifies the strength of con-
nections within identified communities compared to connections between communities
relative to a random null model. A positive score indicates that the detected community
structure is statistically significant and non-random. Through this three-stage analytical
process, our study delineates the technological landscape and its internal structure within
the platform supply chain field from the abstract text. Building on this technology mapping,
we then manually screened the literature associated with each identified technical topic
(community) to isolate publications employing representative modeling and optimization
methodologies. Finally, we conducted a systematic review focused on these selected works
to synthesize findings within each technological cluster.

2.2. Statistical Analyses

Figure 2 depicts the prevalence of the top 15 digital technologies applied in PSCs, as
identified through our systematic text mining and disambiguation process. Blockchain is
the dominant technology, highlighting its critical role in enhancing transparency, security,
and traceability within PSC operations. The IoT and Al follow closely in prevalence, demon-
strating their essential contributions to real-time data acquisition, process automation, and
advanced decision-making. Other prominent technologies include digital twin, cloud
computing, and big data analytics. Together, these technologies constitute the core digital
infrastructure underpinning contemporary efforts to model and optimize PSCs. These
findings demonstrate a clear focus on technologies that enhance trust, enable data-driven
intelligence, and facilitate system integration in the complex PSC management.

Top 15 Core Technologies in Platform Supply Chain Research
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Figure 2. Top 15 digital technologies applied in PSCs.
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Figure 3 illustrates the evolving research trends for key technologies applied in PSCs
over time. This figure is based on the publication years of the 1153 articles that our algorithm
identified as technology focused. The figure reveals a substantial increase in research focus
on nearly all leading technologies, with a pronounced acceleration after 2020. Blockchain
consistently shows the strongest growth, reflecting persistent and deepening research
interest in its PSC applications. Research output for Al and IoT exhibits significant and
parallel upward trends, underscoring their complementary and increasingly critical roles.
Digital twin technology has experienced a particularly sharp rise in recent years, indicating
its rapid adoption for simulation and optimization tasks. Collectively, these trends signal a
shift towards research focused on integrated digital solutions. In this evolving landscape,
technologies such as blockchain, IoT, and Al are increasingly combined to tackle complex
mathematical modeling and optimization challenges within PSCs in the digital era.

Research Interest Trends of Core Technologies Over Time
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Figure 3. Research trends of technologies applied in PSCs over time.

Furthermore, we conducted community discovery analysis on technology co-
occurrence networks and presented the internal correlation structure of various technolo-
gies in PSC research, shown in Table 1. This analysis revealed four primary technology
communities, representing the core interconnected thematic areas in the field. The modu-
larity score of the entire network is 0.1480. This positive value is sufficient to confirm that
the detected community structure is statistically significant and non-random. We accepted
this result because we also considered the interpretability of the communities, and this
4-community partition was highly coherent. However, this modest score also suggests
that the boundaries between communities are not perfectly sharp and have some overlap.
This is reasonable, considering that digital technologies in platform supply chains are
inherently interconnected.

The first identified community, “Trusted Traceability”, addresses the fundamental
challenges of trust and transparency within PSCs, with blockchain and IoT serving as its
central technologies. This community effectively bridges the physical and digital domains.
Technologies focused on data acquisition, such as IoT, sensors, and RFID, capture and
digitize real-world information on goods status and location, establishing the foundation
for traceability. Meanwhile, technologies enabling digital trust, including blockchain, smart
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contracts, and cybersecurity, provide a secure, immutable, and verifiable environment
for storing this data across multiple participants; smart contracts further facilitate the
automatic execution of predefined agreements. Therefore, these technologies build the
essential digital infrastructure for achieving end-to-end supply chain transparency, thereby
enhancing collaboration efficiency and security.

Table 1. The topic clustering results based on Louvain community discovery algorithm (Modularity
=0.1480 > 0).

Community Digital Technology Community Digital Technology
Blockchain Artificial Intelligence
Internet of Things Big Data
Smart Contract Machine Learning
Sensor Deep Learning
RFID Data Intelligence Data Mining
Cybersecurity Drone
Trusted Traceability Distributed Ledger Predictive Analytics
Edge Computing Generative Al
GPS Natural Lar'lguage
Processing
Fintech Industry 4.0
Mobile Application Automation
Digital Signature Cloud Computing
Microservices Robotics
Cyber-Physical Systems Autonomous Vehicle
Digital Twin Smart Manufacturing Software as a Service
Augmented Reality 3D Printing
Cyber-Physical Integration Virtual Reality Reinforcement Learning
Live Streaming Service-oriented
Mixed Reality Computer Vision
API Chatbot

The second community, “Cyber Physical Integration”, centers on digital twin and
cyber—physical systems technologies, aiming to integrate the physical and digital realms of
PSCs. Its core approach involves creating real-time, synchronized digital representations of
physical supply chain assets like warehouses, vehicles, and production lines. Technologies
such as augmented reality and virtual reality then utilize these digital models to offer man-
agers immersive capabilities for monitoring, simulation, and interaction. This community
signifies that PSC management is progressing towards a more refined, intelligent, and
predictive stage characterized by virtual-physical symbiosis.

The third community, “Data Intelligence”, functions as the cognitive core of PSC in
the digital era. Driven by Al and big data, this community demonstrates the end-to-end
process from data acquisition to intelligent decision-making. Here, big data provides
the foundational input for analysis, while machine learning, deep learning, and data
mining algorithms serve as the primary mechanisms for achieving intelligence. These
technologies collectively support advanced applications like predictive analytics and Gen
Al optimizing critical platform operations, including demand forecasting, dynamic pricing,
inventory management, and logistics route planning. The high centrality of this cluster un-
derscores that data-driven intelligent decision-making has become a pivotal research focus
within PSCs.

The fourth community, “Smart Manufacturing”, focuses on the digital transformation
of production and operational processes within platform supply chains. Anchored by the
Industry 4.0 framework, this community manifests at two distinct levels. Firstly, physical-
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layer automation and flexibility, realized through technologies like robotics, automation,
and 3D printing, target enhanced production efficiency and responsiveness. Secondly,
innovation in digital infrastructure and business models, in which cloud computing delivers
scalable computing power, enables novel digital operation models, such as service-oriented
offerings. This community reflects significant scholarly attention on leveraging digital
technologies to fundamentally reshape production and operational workflows.

Obviously, it is impossible to provide a detailed review of every digital technology.
We excluded application-specific technologies (e.g., RFID, GPS, autonomous vehicles) as
they primarily represent implementation tools rather than systemic drivers of managerial
optimization. Similarly, overly broad technical categories (e.g., big data, machine learning,
predictive analytics) were omitted due to conceptual vagueness and limited tractability for
precise modeling. Furthermore, although the research on some technical topics already
has clear and advanced mathematical modeling applications, it is still necessary to further
identify these technologies in the study of management and operations research relevant
fields under the PSC related issues. For instance, although extensive research has been
conducted on applications related to digital twin and natural language processing, the vast
majority of them are associated with strong engineering application issues. Research on
management and optimization problems related to PSC is relatively scarce, and the number
of articles published in mainstream management and operations research journals is also
insufficient. Conversely, the chosen technologies represent clearly defined, high-impact en-
ablers within platform supply chains: blockchain and IoT establish foundational trust and
traceability; Industry 4.0 integrates cyber—physical coordination; cloud computing enables
the dynamic composition of physical services into networks; and live streaming facilitates
real-time product marketing and sales for supply chain members. Each possesses clear con-
ceptual boundaries, exhibits strong compatibility with quantitative modeling approaches,
and addresses core optimization challenges in PSCs, ensuring a focused and actionable
synthesis for this review. Notably, Industry 4.0 represents an integrative paradigm, we note
an inherent potential for conceptual overlap between this cluster and others focused on
discrete technologies (e.g., blockchain, IoT, Al). For instance, a study on “Blockchain + IoT
for traceability” inherently contributes to the industry 4.0 vision but was categorized based
on its primary technological contribution, methodological focus, and the key issue to avoid
double-counting and maintain analytical clarity. Furthermore, considering the dramatic
development and increasing attention on Gen Al, such as ChatGPT and Deepseek, in recent
years, it gives a valuable opportunity to conclude the current research progress, hoping
to provide a reference for interested researchers. Therefore, in this review, we select six
focal technologies, i.e., blockchain, IoT, Industry 4.0, cloud computing, live streaming, and
Gen Al based on their distinct suitability for mathematical modeling and optimization in
PSC management.

Furthermore, we comprehensively reviewed all relevant publications and retained
only those articles that meet the following criteria: (1) employ mathematical modeling and
optimization methods for operational decision-making and optimization in PSCs and (2) are
published in leading journals within supply chain management, operations management,
operations research, economic modeling, empirical study, or other high-impact engineering
fields. Following a rigorous screening process based on titles, abstracts, and methodological
frameworks, we compiled a final corpus of 120 articles. Specifically, Table 2 summarizes
the distribution of selected publications across technological clusters, while Table 3 details
the journal publication sources. As seen, our thematic review includes 29 significant papers
on blockchain applications—a mature domain warranting comprehensive analysis. For
the emerging field of Generative Al in supply chains, we identified 14 relevant studies.
The selected literature predominantly originates from leading operations management and



Mathematics 2025, 13, 2863 9 of 33

operations research journals, recognized for their scholarly impact in platform ecosystems,
supply chain management, logistics, and decision sciences. These articles formed the basis
for our subsequent thematic analysis.

Table 2. Number of papers selected in each technological cluster.

Technology Number of Papers Percentage
Blockchain in PSCs 29 24.17%
IoT in PSCs 19 15.83%
Industry 4.0 in PSCs 20 16.67%
Cloud computing in PSCs 21 17.50%
Live streaming in PSCs 17 14.17%
Gen Alin PSCs 14 11.66%

Table 3. Statistics of the journal sources of the selected papers.

Journal Number of Papers Percentage
International Journal of Production 23 19.17%
Economics/International Journal of Production Research e
Computers & Industrial Engineering/ 13 10.83%

Computers & Operations Research
Transportation Research Part E/Omega 13 10.83%
Annals of Operations Research/

European Journal of Operational Research 12 10.00%
Industrial Management & Data Systems/ 9 7 50%
IEEE Transactions on Engineering Management '
Technological Forecasting and Social Change 7 5.83%
Electronic Commerce Research/ 6 5.00%
Electronic Commerce Research and Applications '
Supply Chain Management 4 3.33%
International Journal of Logistics 2 1.66%
Journal of Enterprise Information Management 2 1.66%
Journal of Retailing and Consumer Services 2 1.66%
Managerial and Decision Economics 2 1.66%
Operations Management Research 2 1.66%
Production Planning & Control 2 1.66%
Technology in Society 2 1.66%
Others 19 15.83%

3. Thematic Analysis
3.1. Cluster 1: Blockchain in PSC

The integration of blockchain in PSC has become a significant focus within operations
research and supply chain management. This section systematically examines 29 studies
from Cluster 1, which employ mathematical modeling and optimization to explore this
intersection. We analyze their core research problems, methodologies, and emerging trends,
and identify gaps.

3.1.1. Research Issue

Current research primarily tackles inherent inefficiencies and strategic challenges
intensified in digital platform environments. A dominant theme is overcoming information
asymmetry and its consequences. Cao et al. (2022) modeled how blockchain mitigates
financing risk, counterparty risk, and trust deficits in agricultural supply chains, framing
these issues as coordination failures worsened by opaque information flows [14]. Similarly,
Lu et al. (2022) explicitly modeled blockchain’s role in combating counterfeiting within
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platform retail, where asymmetric quality information enables fraudulent sellers [15].
Zhang et al. (2023) addressed gray markets in global supply chains, analyzing the impact of
blockchain on unauthorized distribution channels and manufacturer-marketer interactions
under divergent market demands [16]. Li (2023) formalized the capacity of blockchain to
transform multi-tier supply chains into decentralized platforms, eliminating information
silos through real-time updates and automated contracts [17].

Research also addresses operational vulnerabilities unique to platform structures. Tan
et al. (2023) contrasted B2C and O20 models for fresh produce, demonstrating blockchain
adoption as a strategic response to COVID-19-driven quality concerns and traceability
demands [18]. Dong et al. (2023) modeled channel selection (direct vs. platform) and
pricing strategies (wholesale vs. agency) for capital-constrained suppliers, integrating
supply chain finance with blockchain to highlight interdependencies between financing,
channel choice, and information integrity [19]. Wang et al. (2024) rigorously analyzed
how blockchain prevents misuse of green loans under capital constraints by verifying
compliance with carbon regulations [20]. Synthesizing empirical evidence, Markus and
Buijs (2022) developed a framework linking blockchain’s core features (e.g., immutability,
decentralization) to supply chain operational performance pathways [21].

Platform governance and coordination represent another significant research cluster.
Tao et al. (2023) examined optimal pricing and quality strategies for single versus competi-
tive platforms, incorporating consumer acceptance of blockchain as a critical variable [22].
Wu and Yu (2023) explored hybrid platform formats (agency vs. reselling), demonstrating
how blockchain reduces transaction costs and enhances transparency, which in turn requires
coordination mechanisms like side-payments [23]. Shen et al. (2020) modeled platform
pricing strategies (uniform vs. differential) for secondhand goods, connecting blockchain’s
quality verification capabilities to competitive dynamics with new product suppliers [24].
Choi et al. (2023) proposed the ABCDE framework (Architecture, Business models, Coor-
dination, Digitalization, Ecosystem) to organize research on blockchain-driven platform
innovation, highlighting methodological gaps in multi-platform competition studies [25].

Sustainability and circularity challenges are increasingly addressed through optimiza-
tion lenses. Centobelli et al. (2022) developed a “Triple R” framework (recycle, redis-
tribute, remanufacture) for circular supply chains, establishing mathematical relationships
between blockchain’s trust, traceability, and transparency features and reverse logistics
efficiency [26]. Xu et al. (2023) integrated green technology investments into platform
operations (marketplace vs. reselling), modeling interactions between network effects and
carbon reduction under blockchain implementation [27]. Biswas et al. (2023) explicitly
modeled the trade-off between blockchain-enabled traceability and its energy-related en-
vironmental footprint, analyzing this tension [28]. Another study by Xu et al. (2023) [29]
extended this analysis to remanufacturing under cap-and-trade regulations, optimizing
collection rates and production quantities across different platform modes.

3.1.2. Research Methods

Game theory, particularly Stackelberg models, emerges as the dominant methodologi-
cal approach, employed in 20 of the 29 studies. This prevalence reflects the hierarchical
power structures and sequential decision-making inherent in PSCs. Models typically des-
ignate the platform, manufacturer, or supplier as the leader, setting key variables such
as wholesale price, blockchain adoption decisions, or green investment levels. Followers
(e.g., retailers) then respond with decisions like pricing, order quantity, or traceability effort.
Before presenting the details, we introduce a unified operational definition of some key
terms to improve the readability in methodological discussion. A model is characterized
as “static” or “deterministic” when it employs frameworks like oligopolistic competition,
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Stackelberg games, or single-period optimization. In contrast, the “dynamic” classifica-
tion is reserved for models utilizing differential equations, optimal control, multi-period
optimization, or time series analysis. Finally, we regard a model as “stochastic” solely
when a random variable or stochastic process is explicitly integrated into either the ob-
jective function or the constraints. Research primarily examines three key areas using
this approach:

e Adoption and incentive analysis: Studies use Stackelberg games to rigorously compare
market equilibria with or without blockchain. For instance, Tan et al. (2023) established
thresholds for blockchain adoption in B2C and O20 models, identifying critical levels
of consumer traceability awareness and government subsidies needed [18]. Zhang et al.
(2023) analyzed interactions between manufacturers and gray marketers under different
power structures (manufacturer-led vs. simultaneous move), determining the conditions
under which blockchain either promotes or prevents gray market entry [16]. Awasthy
et al. (2025) modeled traceability effort and pricing within buyer—supplier relationships,
finding that adoption can be driven by complementary demand-side, supply-side, and
reputational factors, even when individual partners do not directly benefit [30].

e  Pricing and contract design: Models explore complex pricing dynamics. For exam-
ple, Choi (2021) incorporated agents’ risk attitudes (mean-risk theory) towards cryp-
tocurrency volatility into a three-echelon SCF model, solving for conditions enabling
all-win outcomes [31]. Lu et al. (2022) compared wholesale and agency contracts,
demonstrating how commission fees influence a platform’s motivation to deploy
blockchain for counterfeiting prevention [15]. Wu and Yu (2023) determined opti-
mal wholesale/agency prices and blockchain strategies for hybrid formats, deriving
side-payment contracts that achieve Pareto improvements [23]. Zhang et al. (2023)
modeled dual-channel pricing under conditions of risk aversion and demand volatility,
pinpointing the most cost-effective blockchain adoption scenarios (manufacturer-only,
retailer-only, or joint adoption) [32].

e  Coordination mechanisms: Several studies design coordination schemes for supply
chains after blockchain adoption. For instance, Shen et al. (2020) demonstrated that
blockchain enables win-win-win outcomes through horizontal integration, particu-
larly effective for products with low uniqueness [24]. Yang et al. (2021) found that
standard contracts often fail to coordinate food supply chains when blockchain is im-
plemented, highlighting the need for tailored mechanisms [33]. Xu et al. (2023) proved
that both marketplace and reselling modes can coordinate green supply chains effec-
tively under specific network conditions, with blockchain enhancing the feasibility of
this coordination [27].

While less prevalent than game-theoretic approaches, dynamic optimization methods
address time-dependent processes in platform supply chains. Liu et al. (2025) applied
differential game theory to model a fresh produce e-supply chain, treating product freshness
and brand goodwill as state variables [34]. Their analysis derived optimal dynamic paths
for supplier freshness-keeping efforts and platform advertising investments, comparing
long-term equilibria under blockchain and traditional settings while incorporating the
critical effect of past freshness levels on current demand.

Empirical and qualitative methods provide essential grounding and explore behavioral
and complex contextual factors. Fosso Wamba et al. (2020) used structural equation
modeling (SEM) on survey data from India and the US to empirically validate the impact
of knowledge sharing and partner pressure on blockchain adoption, establishing links
between blockchain-enabled supply chain transparency and performance outcomes [35].
Similarly, Patil et al. (2023) employed survey-based SEM to develop and validate scales
measuring blockchain assimilation and network prominence based on social network
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theory [36]. Case study research also plays a vital role in this domain. Sundarakani
et al. (2021) utilized case studies of cross-border cargo and chemical logistics to identify
critical success and failure factors in implementing integrated blockchain and big data
architectures [37]. Brookbanks and Parry (2022) undertook an in-depth case study of wine
supply chains, qualitatively analyzing how blockchain technology impacts established
trust dynamics and introduces new intermediary roles, challenging assumptions about
“trustless” disintermediation [38].

Multi-criteria decision making (MCDM) techniques address complex vendor and
platform selection challenges. Azzi et al. (2019) combined theoretical analysis with real-
world application studies to define key requirements for efficient blockchain-based supply
chain management architectures, bridging technical specifications with operational trace-
ability needs [39]. Bai et al. (2021) proposed a novel method integrating the DEMATEL
technique with a Hierarchical Best-Worst Method (HBWM), incorporating social network
theory to evaluate and select joint blockchain service vendors and platforms for multi-
organizational functions [40]. This approach systematically accounts for the interplay
between technological attributes, user requirements, vendor capabilities, and distributed
network relationships.

3.1.3. Methodological Trends
Methodological approaches in this domain reveal several key trends:

e  Dominance of comparative statics: Most studies rely heavily on comparing equilibrium
outcomes, such as prices, quantities, profits, and adoption levels, between scenarios
with or without blockchain [14-16,18-20,22-24,27-30,32,33,41,42]. This comparative
approach serves as the primary method for assessing blockchain’s impact, quantifying
its value through metrics like increased production quantity and total surplus [14],
reduced gray market presence [16], or restricted loan misuse [20]. It also identifies
critical thresholds for adoption.

e Integration of behavioral realism: Moving beyond assumptions of pure rationality,
models increasingly incorporate behavioral factors. Choi (2021) [31] and Zhang et al.
(2023) [32] explicitly modeled risk aversion using mean-risk theory and profit variance,
respectively. Other studies, such as Bai et al. (2021) [40] and Patil et al. (2023) [36],
applied social network theory to examine how network prominence, learning, and
collaboration influence blockchain assimilation and platform choices. Key parameters
frequently include consumer trust [14,33,38], awareness [18], reference effects [34],
and heterogeneity [30].

e  Emphasis on coordination and contracts: Recognizing that blockchain implementation
alone does not guarantee supply chain coordination, researchers actively design and
analyze contracts to achieve Pareto improvements or mutually beneficial outcomes.
Prominent mechanisms investigated include side-payments [23], wholesale and agency
contracts [15,27], revenue-sharing contracts [24], and coordination schemes tailored to
specific operational modes [29]. Notably, Yang et al. [33] observed that blockchain can
sometimes disrupt traditional coordination contracts.

e  Multi-tier and network modeling: To capture blockchain’s inherent network effects,
models increasingly extend beyond simple dyadic relationships. Three-echelon struc-
tures appear in supply chain finance (involving suppliers, manufacturers, and re-
tailers) [31,42] and remanufacturing contexts (involving manufacturers, third-party
processors, and platforms) [29]. Centobelli et al. (2022) further modeled a complex cir-
cular platform with multiple actors, including manufacturers, reverse logistics service
providers, selection/recycling centers, and landfills [26].
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Incorporation of sustainability metrics: Environmental and social objectives are in-
creasingly formalized within optimization frameworks. Key metrics modeled as
objectives or constraints include carbon emissions and abatement [20,29,31], energy
consumption [28], product greenness [20,41], and circular economy performance [26].
These factors often interact dynamically with blockchain implementation costs and
traceability benefits.

3.1.4. Critical Methodological Gaps

Despite significant progress in current literature, several critical research gaps limit

the capacity to fully guide practical implementation:

Limited dynamic and stochastic modeling: The field exhibits a strong reliance on static,
deterministic models, predominantly Stackelberg games, and only Liu et al. (2025)
represent a notable exception by modeling dynamics over time [34]. This focus on
static analysis overlooks the inherent volatility of real-world PSCs, including fluctuat-
ing demand, evolving technology costs, cryptocurrency value shifts, and changing
consumer preferences [32]. Methodologies for modeling blockchain investment under
uncertainty, such as stochastic programming, robust optimization, and real options
analysis, remain significantly underutilized. Furthermore, dynamic models capable of
capturing adoption diffusion, learning effects, and long-term impacts on supply chain
resilience are scarce.

Weak integration of empirical insights: A discernible disconnect exists between empir-
ical/qualitative research findings and mathematical modeling. Rich insights derived
from case studies, such as analyses of trust dynamics [38] or implementation chal-
lenges and success factors [37], and surveys investigating behavioral drivers [35,36]
are rarely leveraged to parameterize, calibrate, or validate optimization models. Con-
sequently, there is minimal empirical estimation of key parameters essential for mod-
eling, including blockchain cost structures, consumer sensitivity to trust, and risk
aversion coefficients.

Neglect of technology stack interdependencies: Blockchain’s value proposition in
supply chains often critically depends on its integration with complementary tech-
nologies, particularly the IoT for reliable data capture and real-time traceability [14].
However, current mathematical models predominantly treat blockchain as an iso-
lated technology. The crucial challenge of optimizing the combined deployment and
interaction of blockchain within a broader Industry 4.0 technology stack remains
largely unaddressed.

Simplified assumptions on information and rationality: Models frequently rely on
the strong assumptions that blockchain perfectly eliminates information asymmetry,
and that agents exhibit perfect rationality post-adoption. These assumptions overlook
potential asymmetry frictions, such as differences in data interpretation or the limited
scope of smart contracts. They also neglect the realities of bounded rationality and
the potential costs associated with processing vast amounts of newly available infor-
mation. Furthermore, mathematically modeling the concept of “trust” beyond mere
information transparency remains underdeveloped [38].

Insufficient modeling of complex competition: While initial models exploring cross-
platform competition under conditions of asymmetric blockchain adoption are emerg-
ing, they remain rare. The complex interplay between platform competition (e.g., B2C
versus O20 models [18], or competition between incumbents and new entrants [41]),
multi-homing behaviors, and strategic blockchain adoption decisions demands far
more sophisticated game-theoretic approaches.
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Research captured in Cluster 1 reveals substantial progress in mathematically model-
ing blockchain’s role within PSCs. Game theory, particularly Stackelberg models, offers
a powerful and predominant framework for analyzing strategic interactions, adoption
incentives, pricing dynamics, and coordination mechanisms under conditions of enhanced
information transparency. These studies successfully address critical challenges, including
information asymmetry, financing risks, counterfeiting, traceability deficits, sustainability
trade-offs, and platform governance issues, yielding nuanced insights into when and how
blockchain generates value. This value creation is often shown to depend heavily on factors
such as cost structures, consumer behavior, and power dynamics. Methodologically, the
field shows increasing sophistication through the incorporation of behavioral factors, multi-
tier interactions, and sustainability goals, alongside a strong focus on designing effective
coordination mechanisms.

Despite these advances, the field faces significant methodological constraints. A heavy
reliance on static, deterministic models that consider blockchain in isolation creates a
substantial disconnect with the dynamic, uncertain, multi-technology, and multi-objective
realities of digital supply chains. The underutilization of methodologies like dynamic
optimization, stochastic programming, robust optimization, and formal multi-objective
frameworks limits the capacity to develop actionable long-term strategies for navigating
uncertainty or managing complex trade-offs. The lack of integration between rich empirical
findings and prescriptive models hinders both realism and practical applicability.

Moving forward, research must prioritize several critical areas to bridge these gaps:
developing dynamic and stochastic models that incorporate learning effects, adoption
diffusion patterns, and market volatility; employing rigorous multi-objective optimization
techniques to address inherent trade-offs; integrating empirical data to calibrate models
and validate key assumptions; modeling blockchain as part of broader technology ecosys-
tems involving IoT, Al and big data analytics; incorporating more realistic behavioral and
informational assumptions that account for bounded rationality and residual information
frictions; and advancing sophisticated game-theoretic network models capable of analyz-
ing complex multi-platform competition. Addressing these imperatives is essential for
generating genuinely actionable insights to guide the optimized design and operation of
blockchain-enabled PSCs in the digital era.

3.2. Cluster 2: IoT in PSCs
3.2.1. Research Issues

Integrating IoT into PSCs introduces distinct challenges and opportunities for mathe-
matical modeling and optimization research. The selected 19 studies within this cluster
collectively explore how IoT-enabled data transparency can enhance strategic coordination,
improve operational efficiency, influence competitive dynamics, and advance sustainability
within PSC ecosystems.

A significant research stream examines strategic decisions surrounding IoT adop-
tion. This includes modeling how platform vertical integration, such as a platform’s entry
into smart device markets, affects manufacturer innovation, pricing strategies, and prof-
itability under various contractual frameworks like subscription models, usage-based
fees, or quantity discounts [43,44]. These studies also analyze optimal IoT investment
levels and their cascading effects on pricing decisions, profit distribution (including chal-
lenges like double marginalization), and overall channel performance, frequently revealing
counterintuitive outcomes [45-48].

Equally important is research on designing coordination mechanisms and mitigating
risks enabled by IoT data. Studies develop and analyze contracts such as enhanced revenue-
sharing agreements or hybrid consignment-revenue sharing models to align incentives
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across multi-echelon or circular supply chains [49,50]. This issue is further extended to
design IoT architectures and optimization models that bolster traceability, reduce spoilage
and waste in perishable goods supply chains, and mitigate financial or operational risks
through real-time monitoring [51-55].

Additionally, leveraging IoT to optimize sustainability and enable circular economy
practices represents a growing focus. Researchers formally model the role of IoT in reducing
waste and improving resource utilization, often employing multi-objective frameworks to
capture the complexity of these goals [49,54,56,57]. This kind of mathematical modeling and
optimization studies address critical applications, including optimizing vaccine distribution
under infrastructure constraints [58] and managing pandemic-related waste streams [54].

3.2.2. Research Methods

The analytical techniques, primarily game theory and mathematical optimization,
dominate the methodological approaches in this research domain. Game theory serves
as the principal method for modeling strategic interactions, with Stackelberg games be-
ing extensively applied. These models analyze leader—follower dynamics, such as those
between platforms and manufacturers or retailers and distributors under conditions of
IoT-enabled information transparency. They determine optimal decisions regarding market
entry, pricing, investment, and contract design [43,44,47,49]. Game theory also facilitates
comparisons of outcomes under different pricing structures (e.g., wholesale vs. agency
models, subscription vs. usage-based fees), particularly when IoT investment decisions
are involved [44,45]. Furthermore, game-based analytical models are constructed to assess
the design and effectiveness of coordination contracts, such as revenue-sharing or hybrid
agreements, leveraging IoT data availability [49,50].

Within mathematical optimization, most studies focus on improving operational
efficiency by formulating and solving programming models. Several build deterministic
models addressing network design, tracking architecture optimization, and cost balancing,
typically relying on known parameters [48,51,52,55]. For sustainability-focused research,
multi-objective optimization is essential to balance competing economic, environmental,
and social goals [54,56]. To tackle the complex, often NP-hard optimization problems
arising from IoT integration, metaheuristic approaches are employed, such as the colonial
competitive algorithm [48] or multi-objective algorithms like MOGWO [54].

Beyond these analytical and mathematical methods, empirical and conceptual ap-
proaches constitute another significant field. Examples include leveraging SEM to test
hypothesized relationships between IoT capabilities and performance outcomes [57-59],
employing case studies for model validation and contextual understanding [51,60], and
developing conceptual frameworks like the 6C model for ecosystem analysis [61]. Risk
modeling also utilizes specialized techniques, such as the Peaks Over Threshold method
for market risk assessment [53].

3.2.3. Critical Methodological Gaps

Despite methodological diversity, significant gaps persist in current research ap-
proaches. A primary limitation is the scarcity of robust models accounting for the inherent
uncertainty in real-time IoT data, such as sensor errors, transmission delays, and data
volatility. Most optimization models remain deterministic [48,50-52], and even studies
utilizing real-time data often lack stochastic foundations in their core models [54]. Further-
more, empirical validation using actual operational IoT data is critically limited. Current
validation predominantly relies on simulations, hypothetical datasets, or qualitative case
studies, with a pronounced absence of testing analytical models against large-scale, real-
world IoT data streams. This gap significantly hinders practical applicability. Integration
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challenges also exist. The explicit mathematical modeling of IoT, combined with com-
plementary technologies such as Al/machine learning for prediction or blockchain for
security and trust within game-theoretic or optimization frameworks, remains nascent and
underdeveloped [56,60]. Additionally, there is a dearth of sophisticated system dynamics
or agent-based models capable of simulating emergent behaviors and long-term dynamics
within complex IoT-enabled platform ecosystems, a need previously highlighted [61]. Fi-
nally, the mathematical representation of environmental and social sustainability pillars
within optimization models often lacks the sophistication applied to economic objectives.

Research has effectively applied game theory and deterministic optimization to model
IoT’s impact on platform supply chain strategies (e.g., market entry, pricing, contracts) and
operations (e.g., traceability, waste reduction, coordination), demonstrating methodological
effectiveness. However, key limitations still exist: the dominance of deterministic models
overlooks IoT data uncertainty, empirical validation with operational data is scarce, and
modeling the integration of IoT with complementary technologies or complex ecosystem
dynamics is immature. To advance this field, future research should address the inher-
ent uncertainty in IoT data streams by incorporating stochastic programming and robust
optimization techniques. Moreover, a crucial direction involves modeling IoT not simply
as a conventional sensor network, but as a Software-Defined IoT (SD-10T). This approach
separates control logic from physical hardware, allowing centralized and programmable
management of network resources and IoT devices through software. Such a shift of-
fers transformative potential for supply chain optimization, enabling dynamic resource
allocation to prioritize critical data flows (e.g., real-time monitoring of perishable goods)
and dynamic reconfiguration of sensor networks in response to demand fluctuations or
disruptions. Additionally, emerging paradigms such as the Software-Defined Internet of
Multimedia Things, which supports high-bandwidth video and audio streams, create new
opportunities for applications like live quality inspection, automated compliance checks,
and immersive remote auditing in PSC management. Future modeling should therefore
evolve beyond treating IoT as a fixed data source and instead formalize decision processes
within this software-defined control layer.

3.3. Cluster 3: Industry 4.0 in PSC
3.3.1. Research Issues

Research at the intersection of Industry 4.0 technologies and platform supply chains
focuses on overcoming systemic, operational, and strategic barriers to achieve digital circu-
larity, resilience, and performance optimization. A primary theoretical challenge involves
PSCs, where traditional linear models struggle to integrate value-capturing return flows
and coordinate multiple stakeholders. Mahdiraji et al. (2022) addressed this gap to some
extent by examining the disruptive impacts of Industry 4.0 technologies on pharmaceutical
PSCs within emerging economies, using Pythagorean fuzzy methods to identify interven-
tions [62]. Similarly, Taddei et al. (2024) developed a conceptual model to bridge systemic
and firm-specific barriers in the supply chain transition, grounding their approach in gap
analysis and expert validation [63].

Achieving effective coordination in digitally enabled platform supply chains presents
another critical issue. Kumar et al. (2023) applied game theory to model coordination
conflicts and pricing strategies for e-commerce platforms under extended producer respon-
sibility, comparing centralized and decentralized channel structures [64]. Complementing
this, Biswas et al. (2024) analyzed contract design and innovation incentives for manufac-
turers introducing Industry 4.0 products alongside traditional lines using a two-period
game-theoretic model [65].
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Enhancing visibility and resilience constitutes a third core research focus. Brookbanks
and Parry (2024) and Ali et al. (2024) empirically demonstrated how IoT and blockchain
mitigate information asymmetry and disruptions in cross-border and food processing
supply chains, respectively [66,67]. Gyarmathy et al. (2025) further explored how Indus-
try 4.0 technologies overcome visibility barriers in e-commerce platform supply chains
through data-sharing platforms, framing their analysis within innovation diffusion theory
and complex adaptive systems [68]. Furthermore, the impact of these technologies on
dynamic capabilities and performance also receives significant attention. Li et al. (2020)
investigated how digital technologies mediate economic and environmental performance
through supply chain platforms under environmental dynamism [69], while Eslami et al.
(2024) modeled how Industry 4.0 capabilities moderate relationships between supply chain
integration, agility, and financial performance [70].

3.3.2. Research Methods

The integration of Industry 4.0 paradigm into PSCs presents distinct methodological
challenges, owing to its inherent breadth and complexity. Unlike discrete technologies such
as blockchain or IoT, Industry 4.0 represents a holistic cyber—physical system. As a result,
the mathematical modeling literature in this cluster does not treat Industry 4.0 as a single
entity, but instead translates its core principles into model parameters through several
distinct yet complementary approaches. Most commonly, Industry 4.0 is conceptualized as
a set of technological capabilities, in which technologies such as IoT, Al, and blockchain
are represented by the enhanced functionalities they enable, including perfect information
transparency, automated coordination, and traceability. These functionalities are incor-
porated into game-theoretic and optimization models as parameters that influence cost
structures, demand functions, or information sets. Another approach frames Industry 4.0 as
a strategic investment, modeling it either as a binary adoption decision or as a continuous
effort that affects operational performance. In empirical studies using SEM, Industry 4.0 is
treated as a latent construct, measured through observable indicators of its technological
components to examine mediating or moderating effects on performance outcomes. Finally,
in conceptual and MCDM frameworks, Industry 4.0 often serves as a contextual factor
that shapes evaluation criteria and system boundaries for optimizing sustainability and
resilience, rather than as an explicit decision variable.

Research methodologies in this domain reflect the multifaceted nature of Industry
4.0 in PSCs. Mathematical modeling and optimization are prominent approaches, with
game theory frequently applied to coordination and contract design challenges. For in-
stance, Kumar et al. (2023) used Stackelberg games to derive optimal decisions across
different contracting scenarios [64], and Biswas et al. (2024) employed game theory to
model manufacturer—retailer dynamics involving Industry 4.0 products, identifying critical
market thresholds [65]. SEM serves as another key methodology for examining complex
relationships with mediating or moderating effects. Sharma et al. (2022) used SEM to
confirm the mediating role of Industry 4.0 technologies between supply chain manage-
ment practices and performance [71], Qader et al. (2022) applied SEM to model Industry
4.0-enabled resilient supply chains [72], and Huang et al. (2023) applied SEM within a
dynamic resource-based framework to analyze impacts on supply chain capabilities [73].
MCDM techniques address sustainability optimization challenges. Mastrocinque et al.
(2022) developed a novel Sustainability Index 4.0 using fuzzy inference systems to assess
renewable energy supply chains [74], and Mahdiraji et al. (2022) combined Pythagorean
fuzzy Delphi with simultaneous evaluation of criteria and alternatives methods to prior-
itize interventions for disruptive Industry 4.0 impacts [62]. Moreover, system dynamics
modeling captures complex driver-barrier interactions, exemplified by Ghadge et al. (2020),
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who simulated the impact of Industry 4.0 on supply chain parameters to develop an im-
plementation framework [75]. Qualitative and mixed-methods provide complementary
depth: Ralston and Blackhurst (2020) derived resilience insights through semi-structured
interviews [76], Bellini et al. (2022) presented technical solutions for plant control integra-
tion [77], and Centobelli et al. (2023) employed a multiple case study grounded in Industry
4.0 for the shipbuilding PSC [78]. Technical modeling also extends to interoperability
platforms, as demonstrated by Cimino et al. (2023), who integrated simulation tools for
SME optimization [79].

In general, methodological trends reveal three areas: (1) Strong empirical valida-
tion through surveys [67-73], case studies [68,78,80], structured or semi-structured analy-
ses [66,81], and fuzzy decision [62,63,74], often within specific sectors; (2) Integration of the-
oretical frameworks like dynamic capabilities and innovation diffusion theory [68-70,73,78];
and (3) Growing application of fuzzy methods and uncertainty-handling techniques for
sustainability trade-offs [62,74]. Studies increasingly model mediation and moderation
effects to elucidate how and when Industry 4.0 impacts manifest [70-72].

3.3.3. Critical Methodological Gaps

Current optimization approaches are predominantly static and deterministic, failing
to capture real-time disruptions and evolving supply chain dynamics. Limited progress has
been made in developing dynamic, stochastic models that integrate real-time operational
data for adaptive decision-making, with technical solutions often lacking formal optimiza-
tion frameworks [77,79]. While interoperability challenges are acknowledged, few models
specifically address data harmonization costs or platform compatibility issues. Scalability
concerns for SMEs also persist, as solutions like integrated platforms or MCDM frameworks
require validation across diverse contexts and simplified implementation pathways [62,74].
Quantitative modeling of cyber-physical risks and resilience trade-offs associated with
Industry 4.0 adoption remains notably underdeveloped. Ali et al. (2024) highlighted the
non-significant impact of Industry 4.0 on mitigating transportation risks [67], pointing to an
area needing deeper analytical exploration. Furthermore, though emerging multi-objective
frameworks attempt to balance economic, environmental, social, resilience, and circularity
goals, they require more sophisticated mathematical formulations applicable to complex
PSC networks.

Research methodologies for studying Industry 4.0 in PSCs demonstrate both robust-
ness and ongoing evolution, effectively combining theoretical rigor with empirical vali-
dation. Game theory provides effective coordination modeling, SEM analyzes complex
performance pathways, and innovative MCDM techniques address sustainability opti-
mization. Qualitative and technical studies further enrich this landscape with crucial
contextual insights. Nevertheless, advancing more sophisticated mathematical optimiza-
tion approaches remains imperative—particularly dynamic models capable of real-time
adaptation. Future research should prioritize the following: developing stochastic opti-
mization techniques that incorporate live Industry 4.0 data streams; explicitly modeling
interoperability challenges and costs within platform ecosystems; creating scalable op-
timization tools tailored for SMEs; rigorously quantifying risk-resilience tradeoffs from
Industry 4.0 adoption; and advancing multi-objective frameworks that balance efficiency,
circularity, sustainability, and resilience goals in digital supply chains.

3.4. Cluster 4: Cloud Computing in PSCs
3.4.1. Research Issues

Research in this domain primarily addresses three interconnected challenges: optimiz-
ing cloud platform integration, overcoming adoption barriers, and enhancing performance
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in digital supply chains. Central to these efforts is evaluating supply chain coordination
and pricing under security risks, where aligning stakeholder incentives (cloud providers,
manufacturers, users) amid data security concerns proves critical. Studies have examined
coordination failures stemming from security vulnerabilities [82], pricing-security trade-
offs in Al cloud models [83], and profitable channel selection for software vendors [84],
alongside hybrid cloud procurement under demand uncertainty [85]. Designing resilient
cloud-based supply chains must contend with demand volatility, cost fluctuations, capacity
constraints, and disruptions. Key work includes integrated product-supply chain design
using real-time cloud data [86], robust global network design balancing agility and re-
silience [87], and optimizing inventory allocation in complex cloud-enabled structures [88].
Additional challenges involve evaluating cloud provider performance within supply chain
contexts [89], managing specialized cloud resource demands [90], developing conceptual
frameworks for hybrid cloud integration [91], and environmental footprint considerations
of cloud computing [92].

Previous research explored the determinants of implementation intent [93], identi-
fied drivers (e.g., IT capabilities) and consequences (e.g., enhanced integration) of cloud
assimilation [94], examined its role in reducing SME financing risks [95], and assessed
impacts on information sharing and operational performance [96]. Barriers affecting co-
operative resilience—particularly security and trust concerns between logistics and cloud
providers [97]—and links between cloud adoption and supply chain responsiveness [98]
require further investigation. Additionally, cloud-based PSCs face unique disruptions
necessitating specialized recovery strategies. Current work focuses on optimizing recovery
from operational and cyber disruptions [99], formalizing multi-structural dynamics [6],
and refining service matching in specialized contexts like healthcare [100]. Foundational
research establishing definitions, characteristics, and reference models for cloud-enabled
PSCs completes this methodological landscape [6,101].

3.4.2. Research Methods

Game-theoretic models dominate coordination conflict resolution, exemplified by
Liu et al. (2024) employing Stackelberg games to design security-constrained revenue-
sharing contracts [82]. Similarly, Guo et al. (2025) applied analytical modeling to optimize
security investments and pricing across hybrid Al cloud environments [83]. Researchers
typically apply stochastic and fuzzy MCDM methods for uncertain decision contexts.
For instance, Hasani (2021) implemented fuzzy MCDM with augmented e-constraint for
resilient network design [87], and Li et al. (2023) derived optimal capacity decisions un-
der stochastic conditions [85]. Algorithmic and simulation approaches enable dynamic
solutions, such as Jianjia et al. (2021) deploying time-contextual singular value decom-
position for medical service recommendations [100], and Chen and Chang (2021) used
cellular automata to simulate disruption recovery strategies [99]. Data-driven techniques
leveraging real-time analytics represent another significant methodology. Specifically, Ali
et al. (2021) integrated live cost data into mixed-integer linear programming with genetic
algorithm frameworks [86], and Tan et al. (2024) combined machine learning forecasting
with empirical error distributions for cloud-based inventory optimization [88]. Perfor-
mance evaluation includes Azadi et al.’s (2024) stochastic two-stage DEA model assessing
cloud service efficiency with undesirable outputs [89]. There are relatively few studies
related to empirical theoretical frameworks. Manuel Maqueira et al. (2019) identified key
determinants of cloud adoption levels in PSCs [94], whereas Lin and Lin (2019) integrated
elaboration likelihood and commitment trust theories within SEM frameworks to examine
adoption drivers [93]. Conceptual advances include the formalization of cloud-based pro-
cesses [101], SEM analysis of security-trust dynamics in logistics-cloud partnerships [97],
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hybrid cloud integration framework [91], and characterization of cloud supply chain in the
multi-structural dynamics [6].

Methodological trends reveal three prominent developments. First, hybrid approaches
combining optimization with Al and machine learning techniques are proliferating [86,87],
often enhanced by advanced uncertainty handling through stochastic capacity model-
ing [85,89]. Second, sector-specific adaptations have emerged as a defining characteristic,
with notable applications in healthcare [100], medical device manufacturing [87], and
retail supply chains [88]. Third, research increasingly emphasizes real-time data integra-
tion for dynamic decision-making [86,88], life cycle assessment methodologies for cloud
service PSCs [92], and empirical validation of technology adoption drivers using struc-
tural equation modeling [93,94,96]. This evolution reflects the field’s progression toward
context-sensitive, data-driven methodologies that address both operational complexity and
domain-specific requirements.

3.4.3. Critical Methodological Gaps

Significant methodological gaps persist in current research. Most models remain
static or deterministic [82,83,85], lacking dynamic optimization capabilities that incorpo-
rate real-time data streams for adaptive decisions like pricing adjustments or security
updates. Quantitative modeling of interoperability costs across hybrid cloud environments
remains underdeveloped despite recognized barriers [84], and available conceptual frame-
works [6,91,101], with technical constraints rarely integrated into optimization approaches.
Research also shows sparse investigation of trade-offs between cybersecurity investments,
operational resilience, and cost efficiency. For instance, Guo et al. (2025) optimized secu-
rity measures without considering disruption impacts [83], while Chen and Chang (2021)
modeled recovery processes but omitted proactive investment strategies [99]. Additional
urgent gaps include scalability limitations in SME-focused tools [84,95] and insufficient
multi-objective frameworks that holistically balance sustainability, economic performance,
resilience, and security [82,92].

While Cluster 4 demonstrates methodological diversity for cloud-enabled supply
chains, game theory addresses competitive coordination, stochastic/fuzzy optimization
handles uncertainty, simulation captures dynamic interactions, data-driven methods enable
operational optimization, and SEM studies validate adoption pathways. Critical advance-
ments remain needed. Future work should develop dynamic optimization using live cloud
data, create interoperability models quantifying technical constraints, establish unified
cybersecurity-resilience-cost frameworks, scale optimization tools for SMEs, and build
holistic models co-optimizing sustainability, efficiency, and resilience in cloud-driven PSCs.

3.5. Cluster 5: Live Streaming in PSCs
3.5.1. Research Issues

Integrating live streaming commerce into supply chains creates complex operational
and strategic interdependencies among manufacturers, platforms, streamers, and other
stakeholders. The 17 articles in this cluster employ rigorous mathematical modeling to
analyze these relationships, primarily examining optimal decision-making across different
structural configurations and market conditions. Research predominantly focuses on
strategic channel design and operational coordination, addressing key questions such as:
(1) choosing between agency selling and reselling arrangements [102-106]; (2) deciding
whether to adopt or integrate live streaming channels [107-113]; selecting appropriate
platform selling modes [114,115]; and managing unique risks like supply disruptions [107]
and greenwashing concerns [106]. A critical theme emerging across multiple studies
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explores how live streaming commerce reshapes power dynamics and profit distribution
within PSCs [105,116-118].

3.5.2. Research Methods

The Stackelberg game still serves as the primary analytical approach. In these mod-
els, manufacturers typically act as leaders setting wholesale prices or channel strategies,
while platforms, streamers, or retailers respond as followers determining retail pricing,
commission rates, effort levels (e.g., marketing or freshness-keeping), or disclosure policies.
For instance, Zhang et al. (2023) compared centralized versus decentralized decision-
making (supplier-led vs. streamer-led) in fresh produce supply chains while incorporating
consumer freshness preferences [117]. Similarly, Hao and Yang (2023) modeled the in-
teraction between sales formats (resale/agency) and pricing strategies under consumer
return policies to derive equilibria [104]. Zhu et al. (2025) further extended this analysis to
brand-platform-streamer interactions across power structures and selling formats [102],
collectively capturing sequential decision-making and inherent conflicts of interest.

Optimization techniques frequently complement these game structures or operate
independently to determine constrained optimal decisions. Xu et al. (2023) optimized pro-
duction quantities and coordination mechanisms under cap-and-trade regulations across
platform modes [103], while Li et al. (2025) determined optimal selling formats when
introducing live streaming to mitigate supply risks [107]. In agricultural contexts, Xu et al.
(2025a, 2025b) developed optimization models to evaluate blockchain adoption against
greenwashing and live streaming channel viability, incorporating quality investments
and technology costs [106,112]. Stochastic elements feature prominently in such analy-
ses, as when Li et al. (2025) modeled random supply viability for risk-adjusted channel
decisions [107] and Zhang et al. (2024) compared operational strategies to derive opti-
mal revenue-sharing terms [110]. Equilibrium analysis remains central to game-theoretic
studies for comparing optimal decisions (prices, efforts, channel structures) and profit
outcomes across scenarios. Most incorporate sensitivity analysis of key parameters, such
as commission rates, consumer preferences, cost structures, and power dynamics, to ex-
tract managerial insights and define strategic boundaries. Ma et al. (2024) enhanced this
approach through multi-agent simulation validation [108].

3.5.3. Critical Methodological Gaps

A striking absence of empirical validation leaves insights reliant on analytical deriva-
tions and numerical examples, untested against real-world platform operations or consumer
behavior in live streaming supply chains [116,118]. Most models depend heavily on deter-
ministic demand functions that are often linear and price-dependent or effort-dependent,
overlooking the stochastic volatility influenced by streamer performance, real-time inter-
actions, and platform algorithms [102,105,108]. Consumer behavior is frequently over-
simplified through basic utility functions (price/quality/effort-based), neglecting critical
behavioral dimensions like impulse purchasing, trust dynamics unique to live streaming,
and social influence within digital rooms that drive platform appeal [117]. The predomi-
nance of static, single-period frameworks fails to capture the inherent dynamic evolution
of platform ecosystems, such as streamer reputation building, long-term contracts, or
consumer learning [107,109,111]. Operational complexities like algorithm-driven visibility,
content moderation costs, and multi-homing streamers are rarely incorporated [114,115].
While some studies consider coordination mechanisms [103,110], sophisticated contract
designs beyond basic revenue sharing remain underexplored for aligning incentives among
manufacturers, platforms, and streamers.
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This cluster demonstrates how mathematical modeling (primarily game theory and
optimization) effectively unravels strategic complexities introduced by live streaming.
Researchers have addressed diverse problems spanning channel structures, sales formats,
risk mitigation, and coordination across power dynamics. However, the field remains
largely theoretical. Future work should prioritize empirical validation while incorporating
stochastic demand, behavioral richness, dynamic multi-period modeling, operational
realities, and advanced contracts to enhance practical relevance. Grounding research in
empirical observations of platform dynamics and consumer behavior will be crucial for
advancing this evolving domain.

3.6. Cluster 6: Gen Al in PSCs
3.6.1. Research Issues

This thematic cluster examines the emerging integration of GenAl into PSCs, focusing
on research problems and methodological approaches. Researchers primarily investigate
four areas: the implications of GenAl adoption (benefits, challenges, trends) [119-121];
critical enablers and capabilities for implementation [122-124]; impacts on performance
outcomes like sustainability, resilience, and risk management [125-129]; and conceptual
frameworks [130-132]. A recurring theme highlights the empirical gap concerning GenAl’s
practical value mechanisms within complex platform environments.

3.6.2. Research Methods

Methodologically, empirical and analytical techniques dominate, with growing use of
multi-method approaches. Survey-based studies employing statistical analysis prevail for
examining practitioner perceptions and adoption factors across sectors [119,120,125-128].
Several studies employ MCDM techniques to structure complex decision problems. For
instance, Sharma and Rathore (2024) combined Delphi methods with an analytic hierarchy
process for enabler prioritization [122]. Kurrahman et al. (2025) integrated fuzzy Delphi
with DEMATEL to identify key GenAl capabilities for green supply chains [124]. Similarly,
Fontoura et al. (2025) utilized fuzzy DEMATEL to analyze causal relationships in energy
efficiency frameworks [131].

Innovative methods include sentiment analysis and LDA topic modeling of social
media data for enabler identification [122]. Content analysis of site visit transcripts using a
generative large language model forms the basis for a novel firm-level supply chain risk
measurement proposed by Fan et al. (2025) [129]. Akhtar et al. (2024) applied SEM to test
their framework linking smart product platforming, big data analytics, machine learning,
and the circular economy in a Gen Al environment [132]. Dubey et al. (2024) specifically
proposed a “theoretical toolbox”, synthesizing ten organizational theories to benchmark
PSC management practices using GenAl [130], while Jackson et al. (2024) offered a com-
prehensive capability-based framework for GenAl analysis and implementation in supply
chain and operations management [123].

3.6.3. Critical Methodological Gaps

Current research exhibits a notable scarcity of formal mathematical modeling and
optimization techniques directly addressing GenAl integration in supply chains. While
methods like DEMATEL and AHP offer analytical rigor for problem structuring, they
cannot prescribe optimal configurations, resource allocations, or deployment policies under
constraints. For instance, the LLM-based risk measurement approach remains descriptive
and correlational [129], lacking optimization capabilities for mitigation strategies. Simula-
tion modeling, which could capture dynamic interactions in Al-driven supply chains and
test resilience scenarios, is similarly absent. Existing frameworks [123,130-132] often stay
conceptual or rely on correlation-based validation, missing the algorithmic development
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needed to transform them into actionable tools. Furthermore, studies frequently exam-
ine capabilities or outcomes in isolation rather than developing integrated models that
simultaneously optimize potentially conflicting objectives like efficiency, resilience, and
sustainability inherent to platform supply chains.

This cluster effectively maps the diverse landscape of research problems surrounding
GenAl in platform supply chains, heavily utilizing empirical surveys and sophisticated
analytical methods like MCDM. The integration of fuzzy logic addresses uncertainty, while
the generative large language model for risk quantification represents methodological in-
novation. Theoretically grounded frameworks provide valuable adoption lenses. However,
critical gaps remain in developing prescriptive mathematical optimization, simulation, and
algorithms tailored to GenAl-enhanced PSCs. Future work should prioritize such models
to generate implementable solutions for operating Al-enabled PSC management under
real-world constraints.

3.7. Cross-Cluster Comparison

Based on the comprehensive review and discussion above, we propose a cross-cluster
comparison (summarized in Table 4) that integrates core issues, applicable digital technolo-
gies, mainstream methodologies, and potential directions within PSCs. This framework
illustrates how specific technologies address particular problems and highlights shared
modeling paradigms across applications.

Table 4. Mapping the cross-cluster overall comparison.

Research Issue Technology Cluster Methodology Potential Direction
Blockchain: Addressing coordination 1. Integrate empirical
failures caused by information ' grate emp
asvmmetr behavioral insights (such as

Y Yy . . trust and fairness preferences)
Live streaming: Managing profit into the utility functi
- AR . y function.
Coordination and distribution conflicts among . o
) . Stackelberg game 2. Design a coordination
Incentive Alignment manufacturers, platforms, and mechanism suitable for

hve—streamers.. - multiple entities.
Cloud computing: Coordinating .

; 3. Contract design under
cloud providers and users under dvnamic repetitive games
security risks. y P & '
Blockchain: Channel pricing under 1. Introduce randomness in
tr'a nsparent }nformgt.l on- demand (such as fluctuations
Live streaming: Pricing under in demand in live streamin

; &

. different sales models

Pricing and Revenue (agency/resale) Stackelberg game rooms).
Management s/ L Optimization theory 2. Dynamic pricing algorithm
IoT: Service pricing based on IoT data o
- under competitive platforms.
(subscrip tlon/l.lsage).. . 3. Bundled pricing for
Cloud computing: Pricing of cloud multiple products/services
resources and Al model services. pep ’
1. Dynamic uncertainty
modeling of technical costs
and benefits.
Strategic Adoption and 'All clusters: Blockchfnn a'doptlon, IoT Stackelberg game 2. Endogenous modeling of
Investment Decision investment, cloud migration, GenAI =~ Programming network effects
deployment, etc. MCDM (positive/negative).

3. Portfolio optimization of
joint investment in multiple
technology stacks.
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Table 4. Cont.

Research Issue Technology Cluster Methodology Potential Direction
1. An online optimization
IoT: Inventory, route, and traceability algogthm integrating
S real-time data streams.
Optimization. . .
Programming 2. Data sharing and

Operations and
Resource Optimization

Risk Management and
Resilience

Sustainability and
Circularity

Cloud computing: Resource
allocation, capacity planning.
Industry 4.0: Sustainable
manufacturing, circular logistics.

Robust optimization
Heuristic algorithm

collaborative optimization
across enterprise boundaries.
3. The combination of
explainable AI and optimized
models.

1. Quantify the trade-off
between cybersecurity
investment and operational
resilience.

2. Model the propagation
effect of multi-node interrupts.
3. Incorporate resilience as a
clear objective into
multi-objective optimization.
1. Develop unified measures
and weights (such as the
comprehensive sustainability

Blockchain: Alleviating financing
and counterfeiting risks.

Cloud computing: Cybersecurity,
disruption recovery.

Live streaming: Supply disruption,
green washing risks.

Gen AI: New algorithmic risks.

Game
Stochastic simulation

Blockchain: Green traceability,
carbon footprint tracking.

IoT: Reducing waste and recycling. S/I?ﬁlf—ob'ective index).

Industry 4.0: Sustainable o timiza]tion 2. Model the uncertainty of
manufacturing. I\/IID CDM consumers’ green preferences.
Gen AI: Al-driven sustainable 3. Dynamic modeling of
management. circular economy systems for

long life cycle products.

A systematic comparison across thematic clusters reveals both methodological com-
monalities and distinctive characteristics among digital technologies used in PSC related
problems. By linking technologies, problems, and methods, this overall comparative table
offers scholars and practitioners a structured perspective for developing more comprehen-
sive, realistic, and instructive mathematical models, supporting deeper and more integrated
research of PSCs in the future.

Although the research contexts differ across technology clusters, an analysis of their
methodological limitations reveals a number of common and structured challenges. Rather
than presenting these gaps within isolated technological silos, we distill and summarize
them into five core dimensions in Table 5, which concludes systematically how each
dimension manifests within different clusters.

As shown in Table 5, the methodological gaps in current research are not isolated, but
rather form a set of systematic and structured challenges facing the entire field in address-
ing digital complexity. Future research should shift from static to dynamic randomness,
from simplified to behaviorally realistic models, from isolated to integrated collaboration,
from bilateral to network ecosystems, and from single-objective to multi-objective trade-
offs. Addressing these five common challenges is essential to developing supply chain
management practices that can effectively guide the future of intelligent, resilient, and
sustainable platforms.
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Table 5. Mapping the cross-cluster comparison on methodological gap.

Gap Dimension

Manifestation Across Clusters

Unified Core Challenge

Inadequate dynamic and
stochastic modeling

Oversimplified behavioral
and realistic factors

Isolated technology
treatment

Limited complex
ecosystem modeling

Blockchain: Research in this area relies heavily on
comparative static analysis and seldom explores
dynamic diffusion or cost fluctuations.

IoT: Optimization models remain largely
deterministic and often overlook sensor data noise
and transmission delays.

Cloud computing: Current models lack dynamic
pricing and adaptive security mechanisms that
utilize real-time data.

Industry 4.0: There is a shortage of dynamic
stochastic models to handle real-time operational
disruptions.

Live streaming: Studies employ deterministic
demand functions and neglect fluctuations driven by
host performance and viewer interactions.

Gen AIL The inherent uncertainty and dynamic
nature of Al-generated outputs remain largely
unaddressed.

Blockchain: Existing studies often assume that the
“trust” issue is fully resolved, overlooking bounded
rationality and information processing costs.

Live streaming: Current models oversimplify key
behavioral factors such as viewer-host trust,
impulse buying, and social influence.

All clusters: Rich case studies and empirical
findings, such as implementation challenges and
behavior-driven evidence, have not been sufficiently
incorporated into mathematical models for
parameterization, calibration, or validation, leading
to a significant gap between theory and practice.
Blockchain: Current models fail to capture the
collaborative value arising from integration with
enabling technologies like IoT and Al

IoT: Integration with Al (for prediction) or
blockchain (for security) remains largely conceptual,
with limited modeling advances.

Cloud computing: Quantitative models assessing
interoperability costs and constraints in hybrid cloud
environments are still underdeveloped.

Industry 4.0: While technological integration is
central to its vision, existing models do not
thoroughly optimize integrated configurations.
Gen AL Its role as an enabler alongside technologies
such as IoT and blockchain has yet to be formally
modeled.

Blockchain: Current models do not adequately
address cross-platform competition or multi-homing
user behavior.

Cloud computing: Ecosystem-level modeling of
multi-cloud and multi-vendor competition remains
underdeveloped.

Live streaming: Existing studies often oversimplify
platform operations, such as algorithmic traffic
allocation and cross-platform host agreements.

Gen AI: The new competitive landscape shaped by
Gen Al has not been fully explored in modeling
efforts.

All clusters: Most models are restricted to dyadic or
triadic interactions and lack a comprehensive
multi-agent network perspective.

Existing research is difficult to capture and
optimize the decision-making process that
evolves over time and random events in real
PSCS, resulting in models being unable to
provide long-term and anti-interference
strategies.

The current models fail to incorporate the
key behavioral and psychological factors that
influence decision-making and are not
combined with empirical observations,
which weakens the explanatory power and
predictive accuracy.

The current research perspectives do not
align with the way digital technologies work
collaboratively in practice, and thus cannot
provide optimized guidance for strategic
decisions involving joint investment in
multiple technologies.

Previous studies have failed to capture the
complex network effects and competitive
dynamics of multilateral and cross-platform
in the platform ecosystem, and have been
unable to analyze the emergent behaviors of
the ecosystem.




Mathematics 2025, 13, 2863 26 of 33
Table 5. Cont.
Gap Dimension Manifestation Across Clusters Unified Core Challenge

Blockchain and IoT: Environmental objectives are
often treated merely as constraints or simplified
multi-objective optimizations, lacking more
sophisticated modeling frameworks.
Cloud computing: A unified framework that The current optimization framework is
simultaneously optimizes cybersecurity, economic insufficient to support managers in making

Insufficient multi-objective  efficiency, operational resilience, and environmental scientific and quantitative trade-off decisions

optimization impact is still missing. among conflicting goals such as efficiency,
Industry 4.0: More sophisticated models are resilience, sustainability (environmental and
required to balance competing objectives such as social), and safety.

circularity, resilience, and operational efficiency.

All clusters: Quantitative models that incorporate
social responsibility considerations, such as fairness
and ethics, remain underdeveloped.

4. Conclusions

Platform supply chains (PSCs) represent a critical frontier in digital transformation,
fundamentally altering how enterprises operate and deliver value. This systematic review
synthesizes 120 articles from leading journals across six pivotal technological domains,
i.e., blockchain, IoT, Industry 4.0, cloud computing, live streaming, and Gen Al, to consoli-
date research issues, methodologies, and critical gaps. Our analysis indicates that while
substantial progress has occurred in formalizing PSC operations, significant challenges
persist in integrating digital technologies with the dynamic interconnectivity inherent to
PSC ecosystems.

The review highlights strategic coordination and operational performance as predom-
inant research objectives. Game theory, particularly Stackelberg models, constitutes the
dominant analytical framework across all six domains. These models extensively dissect
complex multi-stakeholder interactions: resolving pricing conflicts between platforms and
suppliers, quantifying adoption incentives for blockchain or IoT technologies, designing
coordination contracts for cloud services, and analyzing power dynamics among manu-
facturers, platforms, and live streamers. Mitigating information asymmetry emerges as a
consistent priority. Blockchain research rigorously model capabilities for building trust,
combating counterfeiting, and ensuring traceability. IoT studies leverage real-time data
transparency to enhance traceability and reduce waste, notably in perishable goods supply
chains. Cloud computing research emphasizes optimizing data-driven resilience against
disruptions. Additionally, sustainability has garnered significant scholarly attention. Multi-
objective optimization frameworks are increasingly adopted, especially in Industry 4.0
and blockchain-enabled PSCs, seeking optimal trade-offs among economic profitability,
environmental impact, and social considerations.

Furthermore, this review identifies critical methodological limitations in current re-
search. First, all six technological domains exhibit overreliance on static and deterministic
assumptions. The predominance of equilibrium-based models, primarily Stackelberg
games, fails to capture the inherent volatility of PSCs in the digital era. Such volatility
includes fluctuating consumer demand driven by live streamer influence or algorithmic
trends, evolving technology costs (e.g., blockchain implementation, cloud computing), and
dynamic learning effects among stakeholders. This creates a significant disconnect from
real-world PSC operations. Second, a persistent gap exists between empirical insights
and quantitative modeling. While rich qualitative findings from case studies (e.g., on
blockchain trust dynamics or IoT deployment challenges) and empirical surveys (e.g., on
technology adoption drivers) offer valuable managerial insights, key parameters remain
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empirically underexplored. These include realistic technology cost structures, consumer
trust sensitivity to information disclosure, and practical risk aversion coefficients. Third,
technologies are predominantly modeled in isolation. Current research largely neglects
synergistic interdependencies such as IoT sensors feeding immutable data to blockchain
ledgers, Al algorithms analyzing cloud-based data streams for predictive optimization,
or Gen Al enabling adaptive coordination. Integrated frameworks that holistically op-
timize multi-technology deployment within Industry 4.0 ecosystems are notably absent.
Finally, platform-specific complexities are frequently oversimplified. Live streaming mod-
els inadequately capture behavioral nuances (e.g., impulse purchasing driven by real-time
interaction, deep influencer trust) and operational dynamics (e.g., algorithm-driven vis-
ibility impacts, content moderation costs, multi-homing streamer strategies). Similarly,
emerging Gen Al research focuses heavily on conceptual frameworks but lacks prescriptive
optimization models for deployment in complex PSC operations.

To advance this field and realize the potential of digital technologies in PSC manage-
ment, future research should address several critical priorities. First, embracing dynamism
and uncertainty is crucial. Moving beyond static equilibria requires adopting stochastic
programming, robust optimization, simulation techniques, and dynamic game theory to
capture technology adoption dynamics, demand volatility, and evolving system parameters
over time. Second, strengthening empirical-quantitative integration is essential. Leveraging
operational data (e.g., IoT sensor streams, platform transaction logs, blockchain records)
combined with behavioral experiments can significantly improve model calibration and val-
idation, enhancing practical applicability. Third, explicit integration of digital technologies
must be prioritized. Developing comprehensive frameworks that model interdependencies
among blockchain, IoT, Gen Al, and cloud computing within PSCs will yield actionable
insights. Fourth, advanced analytical methods are needed to address PSC complexity. This
includes mathematical modelling incorporating bounded rationality, system dynamics
simulations, algorithmic approaches, and multi-agent reinforcement learning. Finally,
sophisticated multi-objective optimization should advance to simultaneously balance com-
peting goals: economic efficiency, cybersecurity, operational resilience, environmental
sustainability, and social responsibility.

In conclusion, this review highlights the critical role of leveraging digital technologies
for mathematical modeling and optimization in advancing PSC management. While
existing research establishes a robust foundation for analyzing strategic interactions and
technological impacts, its practical applicability remains constrained by methodological
limitations. Future studies must therefore bridge gaps in dynamic modeling, empirical
validation, technological integration, and complexity management. By addressing these
challenges, researchers can develop agile, realistic, and holistic frameworks capable of
navigating intricate digital-era challenges and leveraging transformative opportunities for
PSCs. This necessitates a concerted shift from isolated static analyses toward interconnected,
adaptive, and dynamic optimization approaches. Additionally, although discussions on
the separation of digital technologies in terms of problems and methods can ensure the
depth of the analysis, we acknowledge that there is some inherent conceptual overlap
between industries such as Industry 4.0 and other specific technologies. Future research can
adopt more detailed bibliometric techniques, such as topic evolution analysis or co-citation
network analysis, to further unravel and quantify these synergies.

Author Contributions: Conceptualization, writing—review and editing, supervision, project ad-
ministration, and funding acquisition, Y.H.; methodology, validation, formal analysis, resources,
and data curation, X.C., Y.H. and G.C.; software, investigation, writing—original draft preparation,
and visualization, X.C. and G.C. All authors have read and agreed to the published version of
the manuscript.



Mathematics 2025, 13, 2863 28 of 33

Funding: This research was supported by the National Natural Science Foundation of China
(Nos. 72171047, 72571062) and the Postgraduate Research & Practice Innovation Program of Jiangsu
Province (KYCX23_0338).

Institutional Review Board Statement: Not applicable.
Informed Consent Statement: Not applicable.

Data Availability Statement: The original contributions presented in this study are included in the
article. Further inquiries can be directed to the corresponding authors.

Conflicts of Interest: The authors declare no conflict of interest.

References

1.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

Guo, X.; He, Y. Mathematical modeling and optimization of platform service supply chains: A literature review. Mathematics 2022,
10, 4307. [CrossRef]

De Giovanni, P. Digital supply chain through dynamic inventory and smart contracts. Mathematics 2019, 7, 1235. [CrossRef]
Weking, ].; Stocker, M.; Kowalkiewicz, M.; Bshm, M.; Krcmar, H. Leveraging industry 4.0—A business model pattern framework.
Int. |. Prod. Econ. 2020, 225, 107588. [CrossRef]

Wang, Y.; Jia, E; Schoenherr, T.; Gong, Y.; Chen, L. Cross-border e-commerce firms as supply chain integrators: The management
of three flows. Ind. Mark. Manag. 2020, 89, 72-88. [CrossRef]

Liu, N.; Lin, J.; Guo, S.; Shi, X. Fashion platform operations in the sharing economy with digital technologies: Recent development
and real case studies. Ann. Oper. Res. 2023, 329, 1175-1195. [CrossRef] [PubMed]

Ivanov, D.; Dolgui, A.; Sokolov, B. Cloud supply chain: Integrating Industry 4.0 and digital platforms in the “Supply Chain-as-a-
Service”. Transp. Res. E 2022, 160, 11. [CrossRef]

Cui, L.; Wang, Z.; Liu, Y.; Cao, G. How does data-driven supply chain analytics capability enhance supply chain agility in the
digital era? Int. J. Prod. Econ. 2024, 277, 109404. [CrossRef]

Gawer, A. Digital platforms’ boundaries: The interplay of firm scope, platform sides, and digital interfaces. Long. Range Plann.
2021, 54, 102045. [CrossRef]

Pujadas, R.; Valderrama, E.; Venters, W. The value and structuring role of web APIs in digital innovation ecosystems: The case of
the online travel ecosystem. Res. Policy 2024, 53, 104931. [CrossRef]

Culotta, C.; Blome, C.; Henke, M. Theories of digital platforms for supply chain management: A systematic literature review. Int.
J. Phys. Distrib. Logist. Manag. 2024, 54, 449-475. [CrossRef]

Tan, YR; Yu, C,; Liu, Y.; Zheng, Q. Agency models in online platforms: A review of recent developments and future prospects.
Eur. J. Oper. Res. 2024, 319, 679-695. [CrossRef]

Surucu-Balci, E.; Iris, C.; Balci, G. Digital information in maritime supply chains with blockchain and cloud platforms: Supply
chain capabilities, barriers, and research opportunities. Technol. Forecast. Soc. Change 2024, 198, 122978. [CrossRef]

Kumar, S.; Singh, V. Strategic navigation of supply chain ambidexterity for resilience and agility in the digital era: A review. Int. |.
Prod. Econ. 2025, 281, 109514. [CrossRef]

Cao, Y,; Yi, C,; Wan, G.; Hu, H.; Li, Q.; Wang, S. An analysis on the role of blockchain-based platforms in agricultural supply
chains. Transp. Res. E 2022, 163, 102731. [CrossRef]

Lu, W,; Jiang, Y.; Chen, Z.; Ji, X. Blockchain adoption in a supply chain system to combat counterfeiting. Comput. Ind. Eng. 2022,
171, 108408. [CrossRef]

Zhang, Q.; Jiang, X.; Zheng, Y. Blockchain adoption and gray markets in a global supply chain. Omega 2023, 115, 102785.
[CrossRef]

Li, X. Inventory management and information sharing based on blockchain technology. Comput. Ind. Eng. 2023, 179, 109196.
[CrossRef]

Tan, C.; Zeng, Y.; Ip, WH.; Wu, C.H. B2C or O207? The strategic implications for the fresh produce supply chain based on
blockchain technology. Comput. Ind. Eng. 2023, 183, 109499. [CrossRef]

Dong, C.; Huang, Q.; Fang, D. Channel selection and pricing strategy with supply chain finance and blockchain. Int. . Prod. Econ.
2023, 265, 109006. [CrossRef]

Wang, M,; Li, B.; Song, D. The impact of blockchain on restricting the misuse of green loans in a capital-constrained supply chain.
Eur. . Oper. Res. 2024, 314, 980-996. [CrossRef]

Markus, S.; Buijs, P. Beyond the hype: How blockchain affects supply chain performance. Supply Chain Manag. 2022, 27, 177-193.
[CrossRef]

Tao, F; Wang, Y.; Zhu, S. Impact of blockchain technology on the optimal pricing and quality decisions of platform supply chains.
Int. J. Prod. Res. 2023, 61, 3670-3684. [CrossRef]


https://doi.org/10.3390/math10224307
https://doi.org/10.3390/math7121235
https://doi.org/10.1016/j.ijpe.2019.107588
https://doi.org/10.1016/j.indmarman.2019.09.004
https://doi.org/10.1007/s10479-022-04544-3
https://www.ncbi.nlm.nih.gov/pubmed/35125587
https://doi.org/10.1016/j.tre.2022.102676
https://doi.org/10.1016/j.ijpe.2024.109404
https://doi.org/10.1016/j.lrp.2020.102045
https://doi.org/10.1016/j.respol.2023.104931
https://doi.org/10.1108/IJPDLM-01-2023-0016
https://doi.org/10.1016/j.ejor.2024.02.021
https://doi.org/10.1016/j.techfore.2023.122978
https://doi.org/10.1016/j.ijpe.2024.109514
https://doi.org/10.1016/j.tre.2022.102731
https://doi.org/10.1016/j.cie.2022.108408
https://doi.org/10.1016/j.omega.2022.102785
https://doi.org/10.1016/j.cie.2023.109196
https://doi.org/10.1016/j.cie.2023.109499
https://doi.org/10.1016/j.ijpe.2023.109006
https://doi.org/10.1016/j.ejor.2023.11.003
https://doi.org/10.1108/SCM-03-2022-0109
https://doi.org/10.1080/00207543.2022.2050828

Mathematics 2025, 13, 2863 29 of 33

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

Wu, J.; Yu, J. Blockchain’s impact on platform supply chains: Transaction cost and information transparency perspectives. Int. J.
Prod. Res. 2023, 61, 3703-3716. [CrossRef]

Shen, B.; Xu, X.; Yuan, Q. Selling secondhand products through an online platform with blockchain. Transp. Res. E 2020,
142,102066. [CrossRef]

Choi, T.; Chen, J.; Li, G.; Yue, X. Platform supply chain innovations in the blockchain era: The ABCDE framework. Int. J. Prod.
Res. 2023, 61, 3505-3511. [CrossRef]

Centobelli, P.; Cerchione, R.; Vecchio, P.D.; Oropallo, E.; Secundo, G. Blockchain technology for bridging trust, traceability and
transparency in circular supply chain. Inf. Manag. 2022, 59, 103508. [CrossRef]

Xu, X.; Zhang, M.; Dou, G.; Yu, Y. Coordination of a supply chain with an online platform considering green technology in the
blockchain era. Int. J. Prod. Res. 2023, 61, 3793-3810. [CrossRef]

Biswas, D.; Jalali, H.; Ansaripoor, A.H.; De Giovanni, P. Traceability vs. sustainability in supply chains: The implications of
blockchain. Eur. J. Oper. Res. 2023, 305, 128-147. [CrossRef]

Xu, X,; Yan, L.; Choi, T.; Cheng, T.C.E. When is it wise to use blockchain for platform operations with remanufacturing? Eur. ].
Oper. Res. 2023, 309, 1073-1090. [CrossRef]

Awasthy, P; Haldar, T.; Ghosh, D. Blockchain enabled traceability—An analysis of pricing and traceability effort decisions in
supply chains. Eur. J. Oper. Res. 2025, 321, 760-774. [CrossRef]

Choi, T. Creating all-win by blockchain technology in supply chains: Impacts of agents’ risk attitudes towards cryptocurrency.
J. Oper. Res. Soc. 2021, 72, 2580-2595. [CrossRef]

Zhang, T.; Dong, P.; Chen, X.; Gong, Y. The impacts of blockchain adoption on a dual-channel supply chain with risk-averse
members. Omega 2023, 114, 102747. [CrossRef]

Yang, L.; Zhang, J.; Shi, X. Can blockchain help food supply chains with platform operations during the COVID-19 outbreak?
Electron. Commer. Res. Appl. 2021, 49, 101093. [CrossRef] [PubMed]

Liu, X.; He, Y,; Hooshmand Pakdel, G.; Li, S. Dynamic optimization of e-commerce supply chains for fresh products with
blockchain and reference effect. Technol. Forecast. Soc. Change 2025, 214, 124040. [CrossRef]

Fosso Wamba, S.; Queiroz, M.M.; Trinchera, L. Dynamics between blockchain adoption determinants and supply chain perfor-
mance: An empirical investigation. Int. J. Prod. Econ. 2020, 229, 107791. [CrossRef]

Patil, K.; Ojha, D.; Struckell, E.M.; Patel, P.C. Behavioral drivers of blockchain assimilation in supply chains—A social network
theory perspective. Technol. Forecast. Soc. Change 2023, 192, 122578. [CrossRef]

Sundarakani, B.; Ajaykumar, A.; Gunasekaran, A. Big data driven supply chain design and applications for blockchain: An action
research using case study approach. Omega 2021, 102, 102452. [CrossRef]

Brookbanks, M.; Parry, G. The impact of a blockchain platform on trust in established relationships: A case study of wine supply
chains. Supply Chain Manag. 2022, 27, 128-146. [CrossRef]

Azzi, R.; Chamoun, R.K.; Sokhn, M. The power of a blockchain-based supply chain. Comput. Ind. Eng. 2019, 135, 582-592.
[CrossRef]

Bai, C.; Zhu, Q.; Sarkis, J. Joint blockchain service vendor-platform selection using social network relationships: A multi-provider
multi-user decision perspective. Int. J. Prod. Econ. 2021, 238, 108165. [CrossRef]

Hsieh, C.; Wu, C,; Lathifah, A. Cross-channel influence of blockchain technology on green supply chains under asymmetric retail
platform competition. Int. |. Prod. Econ. 2025, 283, 109584. [CrossRef]

Wang, C.; Chen, X.; Xu, X.; Jin, W. Financing and operating strategies for blockchain technology-driven accounts receivable
chains. Eur. J. Oper. Res. 2023, 304, 1279-1295. [CrossRef]

Li, X.;; Ma, S.; Zhang, Z. Friends or foes? The effect of IoT platform entry into smart device market under quantity discount
pricing contract. IEEE Trans. Eng. Manag. 2024, 71, 10984-10997. [CrossRef]

Li, X.; Ma, S.; Zhang, Z. Should the Internet of Things platform enter the smart device market? Ind. Manag. Data Syst. 2024,
124, 2497-2531. [CrossRef]

Sun, C.; Ji, Y. For better or for worse: Impacts of IoT technology in e-commerce channel. Prod. Oper. Manag. 2022, 31, 1353-1371.
[CrossRef]

Hassini, E.; Ben-Daya, M.; Bahroun, Z. Modeling the impact of IoT technology on food supply chain operations. Ann. Oper. Res.
2025, 348, 1619-1648. [CrossRef]

Ben-Daya, M.; Hassini, E.; Bahroun, Z.; Saeed, H. Optimal pricing in the presence of IoT investment and quality-dependent
demand. Ann. Oper. Res. 2023, 324, 869-892. [CrossRef]

Yan, R. Optimization approach for increasing revenue of perishable product supply chain with the Internet of Things. Ind. Manag.
Data Syst. 2017, 117, 729-741. [CrossRef]

Kumar, D.; Agrawal, S.; Singh, R.K,; Singh, R K. IoT-enabled coordination for recommerce circular supply chain in the industry
4.0 era. Internet Things 2024, 26, 16. [CrossRef]


https://doi.org/10.1080/00207543.2022.2027037
https://doi.org/10.1016/j.tre.2020.102066
https://doi.org/10.1080/00207543.2023.2185397
https://doi.org/10.1016/j.im.2021.103508
https://doi.org/10.1080/00207543.2021.1894367
https://doi.org/10.1016/j.ejor.2022.05.034
https://doi.org/10.1016/j.ejor.2023.01.063
https://doi.org/10.1016/j.ejor.2024.10.019
https://doi.org/10.1080/01605682.2020.1800419
https://doi.org/10.1016/j.omega.2022.102747
https://doi.org/10.1016/j.elerap.2021.101093
https://www.ncbi.nlm.nih.gov/pubmed/34566540
https://doi.org/10.1016/j.techfore.2025.124040
https://doi.org/10.1016/j.ijpe.2020.107791
https://doi.org/10.1016/j.techfore.2023.122578
https://doi.org/10.1016/j.omega.2021.102452
https://doi.org/10.1108/SCM-05-2021-0227
https://doi.org/10.1016/j.cie.2019.06.042
https://doi.org/10.1016/j.ijpe.2021.108165
https://doi.org/10.1016/j.ijpe.2025.109584
https://doi.org/10.1016/j.ejor.2022.05.013
https://doi.org/10.1109/TEM.2024.3402733
https://doi.org/10.1108/IMDS-12-2023-0969
https://doi.org/10.1111/poms.13615
https://doi.org/10.1007/s10479-023-05464-6
https://doi.org/10.1007/s10479-022-04595-6
https://doi.org/10.1108/IMDS-07-2016-0297
https://doi.org/10.1016/j.iot.2024.101140

Mathematics 2025, 13, 2863 30 of 33

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

75.

Yan, B.; Wu, X; Ye, B.; Zhang, Y. Three-level supply chain coordination of fresh agricultural products in the Internet of Things.
Ind. Manag. Data Syst. 2017, 117, 1842-1865. [CrossRef]

Li, Z.; Liu, G; Liu, L.; Lai, X,; Xu, G. IoT-based tracking and tracing platform for prepackaged food supply chain. Ind. Manag.
Data Syst. 2017, 117, 1906-1916. [CrossRef]

Zhang, Y.; Zhao, L.; Qian, C. Modeling of an IoT-enabled supply chain for perishable food with two-echelon supply hubs. Ind.
Manag. Data Syst. 2017, 117, 1890-1905. [CrossRef]

Yu, H.; Zhao, Y,; Liu, Z.; Liu, W.; Zhang, S.; Wang, F,; Shi, L. Research on the financing income of supply chains based on an
E-commerce platform. Technol. Forecast. Soc. Change 2021, 169, 120820. [CrossRef]

Mosallanezhad, B.; Gholian-Jouybari, F.; Cardenas-Barrén, L.E.; Hajiaghaei-Keshteli, M. The IoT-enabled sustainable reverse
supply chain for COVID-19 Pandemic Wastes (CPW). Eng. Appl. Artif. Intell. 2023, 120, 105903. [CrossRef] [PubMed]
Mufiuzuri, J.; Onieva, L.; Cortés, P.; Guadix, J. Using IoT data and applications to improve port-based intermodal supply chains.
Comput. Ind. Eng. 2020, 139, 105668. [CrossRef]

Pratap, S.; Jauhar, S.K.; Gunasekaran, A.; Kamble, S.S. Optimizing the IoT and big data embedded smart supply chains for
sustainable performance. Comput. Ind. Eng. 2024, 187, 109828. [CrossRef]

Juma, L.; Ikram, M.; Jose Chiappetta Jabbour, C. Towards circular economy: A IoT enabled framework for circular supply chain
integration. Comput. Ind. Eng. 2024, 192, 110194. [CrossRef]

Kumar, S.; Raut, R.D.; Priyadarshinee, P.; Mangla, S.K.; Awan, U.; Narkhede, B.E. The impact of IoT on the performance of vaccine
supply chain distribution in the COVID-19 context. IEEE Trans. Eng. Manag. 2024, 71, 13123-13133. [CrossRef]

de Vass, T.; Shee, H.; Miah, S.J. Iot in supply chain management: A narrative on retail sector sustainability. Int. . Logist. Res. Appl.
2021, 24, 605-624. [CrossRef]

Cerchione, R.; Centobelli, P.; Angelino, A. Blockchain-based IoT model and experimental platform design in the defence supply
chain. IEEE Internet Things J. 2023, 10, 1. [CrossRef]

Rong, K,; Hu, G.; Lin, Y;; Shi, Y.; Guo, L. Understanding business ecosystem using a 6C framework in Internet-of-Things-based
sectors. Int. J. Prod. Econ. 2015, 159, 41-55. [CrossRef]

Mahdiraji, H.A,; Yaftiyan, F.; Abbasi-Kamardi, A.; Garza-Reyes, ].A. Investigating potential interventions on disruptive impacts
of Industry 4.0 technologies in circular supply chains: Evidence from SMEs of an emerging economy. Comput. Ind. Eng. 2022,
174, 18. [CrossRef]

Taddei, E.; Sassanelli, C.; Rosa, P; Terzi, S. Circular supply chains theoretical gaps and practical barriers: A model to support
approaching firms in the era of industry 4.0. Comput. Ind. Eng. 2024, 190, 20. [CrossRef]

Kumar, D.; Agrawal, S.; Singh, R K.; Singh, R.K. Coordination of circular supply chain for online recommerce platform in industry
4.0 environment: A game-theoretic approach. Oper. Manag. Res. 2023, 16, 2081-2103. [CrossRef]

Biswas, I.; Singh, G.; Tiwari, S.; Choi, T.; Pethe, S. Managing Industry 4.0 supply chains with innovative and traditional products:
Contract cessation points and value of information. Eur. J. Oper. Res. 2024, 316, 539-555. [CrossRef]

Brookbanks, M.; Parry, G.C. The impact of Industry 4.0 technologies on the resilience of established cross-border supply chains.
Supply Chain Manag. 2024, 29, 731-754. [CrossRef]

Ali, I; Arslan, A.; Khan, Z.; Tarba, S.Y. The role of Industry 4.0 technologies in mitigating supply chain disruption: Empirical
evidence from the Australian food processing industry. IEEE Trans. Eng. Manag. 2024, 71, 10600-10610. [CrossRef]

Gyarmathy, A.; Perenyi, A.; Mesek, M. Examining the use of Industry 4.0 technologies in e-commerce supply chains: A model of
antecedents and outcomes of data-sharing platform applications. Supply Chain Manag. 2025, 30, 383-407. [CrossRef]

Li, Y,; Dai, J.; Cui, L. The impact of digital technologies on economic and environmental performance in the context of industry
4.0: A moderated mediation model. Int. J. Prod. Econ. 2020, 229, 13. [CrossRef]

Eslami, M.H.; Jafari, H.; Achtenhagen, L.; Carlback, J.; Wong, A. Financial performance and supply chain dynamic capabilities:
The Moderating Role of Industry 4.0 technologies. Int. . Prod. Res. 2024, 62, 8092-8109. [CrossRef]

Sharma, V.; Raut, R.D.; Hajiaghaei-Keshteli, M.; Narkhede, B.E.; Gokhale, R.; Priyadarshinee, P. Mediating effect of industry 4.0
technologies on the supply chain management practices and supply chain performance. J. Environ. Manag. 2022, 322, 115945.
[CrossRef] [PubMed]

Qader, G.; Junaid, M.; Abbas, Q.; Mubarik, M.S. Industry 4.0 enables supply chain resilience and supply chain performance.
Technol. Forecast. Soc. Change 2022, 185, 122026. [CrossRef]

Huang, K.; Wang, K.; Lee, PK.C.; Yeung, A.C.L. The impact of industry 4.0 on supply chain capability and supply chain resilience:
A dynamic resource-based view. Int. ]. Prod. Econ. 2023, 262, 19. [CrossRef]

Mastrocinque, E.; Ramirez, EJ.; Honrubia-Escribano, A.; Pham, D.T. Industry 4.0 enabling sustainable supply chain development
in the renewable energy sector: A multi-criteria intelligent approach. Technol. Forecast. Soc. Change 2022, 182, 121813. [CrossRef]
Ghadge, A.; Kara, M.E.; Moradlou, H.; Goswami, M. The impact of Industry 4.0 implementation on supply chains. J. Manuf.
Technol. Manag. 2020, 31, 669-686. [CrossRef]


https://doi.org/10.1108/IMDS-06-2016-0245
https://doi.org/10.1108/IMDS-11-2016-0489
https://doi.org/10.1108/IMDS-10-2016-0456
https://doi.org/10.1016/j.techfore.2021.120820
https://doi.org/10.1016/j.engappai.2023.105903
https://www.ncbi.nlm.nih.gov/pubmed/36712822
https://doi.org/10.1016/j.cie.2019.01.042
https://doi.org/10.1016/j.cie.2023.109828
https://doi.org/10.1016/j.cie.2024.110194
https://doi.org/10.1109/TEM.2022.3157625
https://doi.org/10.1080/13675567.2020.1787970
https://doi.org/10.1109/JIOT.2023.3240288
https://doi.org/10.1016/j.ijpe.2014.09.003
https://doi.org/10.1016/j.cie.2022.108753
https://doi.org/10.1016/j.cie.2024.110049
https://doi.org/10.1007/s12063-023-00384-x
https://doi.org/10.1016/j.ejor.2024.01.047
https://doi.org/10.1108/SCM-07-2023-0333
https://doi.org/10.1109/TEM.2021.3088518
https://doi.org/10.1108/SCM-08-2024-0489
https://doi.org/10.1016/j.ijpe.2020.107777
https://doi.org/10.1080/00207543.2021.1966850
https://doi.org/10.1016/j.jenvman.2022.115945
https://www.ncbi.nlm.nih.gov/pubmed/36041298
https://doi.org/10.1016/j.techfore.2022.122026
https://doi.org/10.1016/j.ijpe.2023.108913
https://doi.org/10.1016/j.techfore.2022.121813
https://doi.org/10.1108/JMTM-10-2019-0368

Mathematics 2025, 13, 2863 31 of 33

76.

77.

78.

79.

80.

81.
82.

83.

84.

85.

86.

87.

88.

89.

90.

91.

92.

93.
94.

95.

96.

97.

98.

99.

100.

101.

102.

103.

Ralston, P; Blackhurst, J. Industry 4.0 and resilience in the supply chain: A driver of capability enhancement or capability loss?
Int. J. Prod. Res. 2020, 58, 5006-5019. [CrossRef]

Bellini, P.; Cenni, D.; Mitolo, N.; Nesi, P.; Pantaleo, G.; Soderi, M. High level control of chemical plant by industry 4.0 solutions.
J. Ind. Inf. Integr. 2022, 26, 14. [CrossRef]

Centobelli, P.; Cerchione, R.; Maglietta, A.; Oropallo, E. Sailing through a digital and resilient shipbuilding supply chain: An
empirical investigation. J. Bus. Res. 2023, 158, 113686. [CrossRef]

Cimino, A.; Gnoni, M.G.; Longo, F.; Solina, V. Integrating multiple industry 4.0 approaches and tools in an interoperable platform
for manufacturing SMEs. Comput. Ind. Eng. 2023, 186, 18. [CrossRef]

Delke, V.; Schiele, H.; Buchholz, W.; Kelly, S. Implementing Industry 4.0 technologies: Future roles in purchasing and supply
management. Technol. Forecast. Soc. Change 2023, 196, 17. [CrossRef]

Hahn, G.J. Industry 4.0: A supply chain innovation perspective. Int. J. Prod. Res. 2020, 58, 1425-1441. [CrossRef]

Liu, S.; Han, W.; Zhang, Z.; Chan, ET.S. An analysis of performance, pricing, and coordination in a supply chain with cloud
services: The impact of data security. Comput. Ind. Eng. 2024, 192, 110237. [CrossRef]

Guo, X.; He, Y,; Ignatius, J. Optimal security and pricing strategies for Al cloud service providers: Balancing effort and price
discounts across public, private, and hybrid Al cloud models. Int. J. Prod. Econ. 2025, 284, 109605. [CrossRef]

Jhang-Li, J.; Chang, C. Analyzing the operation of cloud supply chain: Adoption barriers and business model. Electron. Commer.
Res. 2017, 17, 627-660. [CrossRef]

Li, B.; Tan, Z.; Arreola-Risa, A.; Huang, Y. On the improvement of uncertain cloud service capacity. Int. |. Prod. Econ. 2023,
258, 108779. [CrossRef]

Ali, S.I; Ali, A.; Alkilabi, M.; Christie, M. Optimal supply chain design with product family: A cloud-based framework with
real-time data consideration. Comput. Oper. Res. 2021, 126, 105112-105117. [CrossRef]

Hasani, A. Resilience cloud-based global supply chain network design under uncertainty: Resource-based approach. Comput. Ind.
Eng. 2021, 158, 107382. [CrossRef]

Tan, Y,; Gu, L.; Xu, S.; Li, M. Supply chain inventory management from the perspective of “cloud supply chain”-A data driven
approach. Mathematics 2024, 12, 573. [CrossRef]

Azadi, M.; Toloo, M.; Ramezani, F,; Saen, R.F,; Hussain, FK.; Farnoudkia, H. Evaluating efficiency of cloud service providers in
era of digital technologies. Ann. Oper. Res. 2024, 342, 1049-1078. [CrossRef]

Chen, S.; Moinzadeh, K.; Song, J.; Zhong, Y. Cloud computing value chains: Research from the operations management
perspective. Manuf. Serv. Oper. Manag. 2023, 25, 1338-1356. [CrossRef]

Sundarakani, B.; Kamran, R.; Maheshwari, P.; Jain, V. Designing a hybrid cloud for a supply chain network of Industry 4.0: A
theoretical framework. Benchmarking 2021, 28, 1524-1542. [CrossRef]

Xing, K.; Qian, W.; Zaman, A.U. Development of a cloud-based platform for footprint assessment in green supply chain
management. J. Clean. Prod. 2016, 139, 191-203. [CrossRef]

Lin, C,; Lin, M. The determinants of using cloud supply chain adoption. Ind. Manag. Data Syst. 2019, 119, 351-366. [CrossRef]
Manuel Maqueira, J.; Moyano-Fuentes, J.; Bruque, S. Drivers and consequences of an innovative technology assimilation in the
supply chain: Cloud computing and supply chain integration. Int. J. Prod. Res. 2019, 57, 2083-2103. [CrossRef]

Lu, Q.; Chen, J.; Song, H.; Zhou, X. Effects of cloud computing assimilation on supply chain financing risks of SMEs. ]. Enterp. Inf.
Manag. 2022, 35, 1719-1741. [CrossRef]

Cao, Q.; Schniederjans, D.G.; Schniederjans, M. Establishing the use of cloud computing in supply chain management. Oper.
Manag. Res. 2017, 10, 47-63. [CrossRef]

Subramanian, N.; Abdulrahman, M.D. Logistics and cloud computing service providers’ cooperation: A resilience perspective.
Prod. Plan. Control 2017, 28, 919-928. [CrossRef]

Giannakis, M.; Spanaki, K.; Dubey, R. A cloud-based supply chain management system: Effects on supply chain responsiveness.
J. Enterp. Inf. Manag. 2019, 32, 585-607. [CrossRef]

Chen, L.; Chang, W. Supply- and cyber-related disruptions in cloud supply chain firms: Determining the best recovery speeds.
Transp. Res. E 2021, 151, 102347. [CrossRef]

Jianjia, H.; Gang, L.; Xiaojun, T.; Tingting, L. Research on collaborative recommendation of dynamic medical services based on
cloud platforms in the industrial interconnection environment. Technol. Forecast. Soc. Change 2021, 170, 120895. [CrossRef]

Jede, A.; Teuteberg, F. Towards cloud-based supply chain processes: Designing a reference model and elements of a research
agenda. Int. J. Logist. Manag. 2016, 27, 438—462. [CrossRef]

Zhu, X.; Zhu, H.; Guo, Y.; Ding, L. Live streaming e-commerce supply chain decisions considering dominant streamer under
agency selling and reselling formats. Electron. Commer. Res. 2025, 25, 1173-1198. [CrossRef]

Xu, X; Yang, Y.; Zhang, J.; Cheng, T.C.E. Live streaming platform operations and coordination under the cap-and-trade regulation:
Platform-enabled mode versus platform-agency mode. Int. J. Prod. Econ. 2023, 260, 108859. [CrossRef]


https://doi.org/10.1080/00207543.2020.1736724
https://doi.org/10.1016/j.jii.2021.100276
https://doi.org/10.1016/j.jbusres.2023.113686
https://doi.org/10.1016/j.cie.2023.109732
https://doi.org/10.1016/j.techfore.2023.122847
https://doi.org/10.1080/00207543.2019.1641642
https://doi.org/10.1016/j.cie.2024.110237
https://doi.org/10.1016/j.ijpe.2025.109605
https://doi.org/10.1007/s10660-016-9238-3
https://doi.org/10.1016/j.ijpe.2023.108779
https://doi.org/10.1016/j.cor.2020.105112
https://doi.org/10.1016/j.cie.2021.107382
https://doi.org/10.3390/math12040573
https://doi.org/10.1007/s10479-023-05257-x
https://doi.org/10.1287/msom.2022.1178
https://doi.org/10.1108/BIJ-04-2018-0109
https://doi.org/10.1016/j.jclepro.2016.08.042
https://doi.org/10.1108/IMDS-12-2017-0589
https://doi.org/10.1080/00207543.2018.1530473
https://doi.org/10.1108/JEIM-11-2020-0461
https://doi.org/10.1007/s12063-017-0123-6
https://doi.org/10.1080/09537287.2017.1336793
https://doi.org/10.1108/JEIM-05-2018-0106
https://doi.org/10.1016/j.tre.2021.102347
https://doi.org/10.1016/j.techfore.2021.120895
https://doi.org/10.1108/IJLM-09-2014-0139
https://doi.org/10.1007/s10660-023-09718-0
https://doi.org/10.1016/j.ijpe.2023.108859

Mathematics 2025, 13, 2863 32 of 33

104.

105.

106.

107.

108.

109.

110.

111.

112.

113.

114.

115.

116.

117.

118.

119.

120.

121.

122.

123.

124.

125.

126.

127.

128.

129.

130.

Hao, C.; Yang, L. Resale or agency sale? Equilibrium analysis on the role of live streaming selling. Eur. ]. Oper. Res. 2023,
307, 1117-1134. [CrossRef]

Wang, Q.; Zhao, N.; Ji, X. Reselling or agency selling? The strategic role of live streaming commerce in distribution contract
selection. Electron. Commer. Res. 2024, 24, 983-1016. [CrossRef]

Xu, X.; Chen, X.; Cheng, T.C.E.; Choi, T,; Yang, Y. Should blockchain be used to eliminate greenwashing for green and live-
streaming platform operations under carbon trading systems? Eur. |. Oper. Res. 2025, 324, 1017-1034. [CrossRef]

Li, Q.; Zhu, S.; Choi, T.; Shen, B. Maintaining E-commerce supply chain viability: Addressing supply risks with a strategic
live-streaming channel. Omega 2025, 133, 103276. [CrossRef]

Ma, R.; Yang, T. Manufacturer’s channel strategy in live streaming E-commerce supply chain. Manag. Decis. Econ. 2024,
45,2087-2107. [CrossRef]

Du, Z.; Fan, Z.; Sun, E; Liu, Y. Open the live streaming sales channel or not? Analysis of strategic decision for a manufacturer.
Ann. Oper. Res. 2023. [CrossRef]

Zhang, X.; Chen, H.; Liu, Z. Operation strategy in an E-commerce platform supply chain: Whether and how to introduce live
streaming services? Int. Trans. Oper. Res. 2024, 31, 1093-1121. [CrossRef]

Zhang, T.; Tang, Z.; Han, Z. Optimal online channel structure for multinational firms considering live streaming shopping.
Electron. Commer. Res. Appl. 2022, 56, 101198. [CrossRef]

Xu, X.; Chen, X.; Hou, J.; Cheng, T.C.E.; Yu, Y.; Zhou, L. Should live streaming be adopted for agricultural supply chain considering
platform’s quality improvement and blockchain support? Transp. Res. E 2025, 195, 103950. [CrossRef]

Zhang, T.; Tang, Z. Should manufacturers open live streaming shopping channels? J. Retail. Consum. Serv. 2023, 71, 103229.
[CrossRef]

Yang, L.; Zheng, C.; Hao, C. Optimal platform sales mode in live streaming commerce supply chains. Electron. Commer. Res. 2024,
24,1017-1070. [CrossRef]

Zhou, C.; Yu, J.; Qian, Y. Should live-streaming platforms nonexclusively promote brands from traditional retail platforms?
J. Retail. Consum. Serv. 2024, 80, 103930. [CrossRef]

Ma, X,; Liu, S. Information disclosure strategies of live-streaming supply chains in the digi-economy era. Manag. Decis. Econ.
2024, 45, 5696-5713. [CrossRef]

Zhang, X.; Zhang, G.; Sun, H.; Shi, C.; Zhang, G. Operational decisions of live-streaming platform supply chain based on control
power: Considering the dual preferences of consumers. Prod. Plan. Control 2023. [CrossRef]

Da, Y.; Gou, Q.; Liang, C. Will self-gifting of streamers hurt unions? Analyzing the union’s compensation mechanism for a live
streaming supply chain. Transp. Res. E 2023, 177, 103230. [CrossRef]

Fosso Wamba, S.; Queiroz, M.M.; Chiappetta Jabbour, C.J.; Shi, C.V. Are both generative Al and ChatGPT game changers for
21st-Century operations and supply chain excellence? Int. J. Prod. Econ. 2023, 265, 109015. [CrossRef]

Fosso Wambea, S.; Guthrie, C.; Queiroz, M.M.; Minner, S. ChatGPT and generative artificial intelligence: An exploratory study of
key benefits and challenges in operations and supply chain management. Int. |. Prod. Res. 2024, 62, 5676-5696. [CrossRef]
Boone, T.; Fahimnia, B.; Ganeshan, R.; Herold, D.M.; Sanders, N.R. Generative Al: Opportunities, challenges, and research
directions for supply chain resilience. Transp. Res. E 2025, 199, 104135. [CrossRef]

Sharma, A.J.; Rathore, B. Examine the enablers of generative artificial intelligence adoption in supply chain: A mixed method
study. J. Decis. Syst. 2024. [CrossRef]

Jackson, I; Ivanov, D.; Dolgui, A.; Namdar, J. Generative artificial intelligence in supply chain and operations management: A
capability-based framework for analysis and implementation. Int. J. Prod. Res. 2024, 62, 6120-6145. [CrossRef]

Kurrahman, T; Tsai, EM.; Lim, M.K,; Sethanan, K.; Tseng, M. Generative Al capabilities for green supply chain management
improvement: Extended dynamic capabilities view. Int. |. Logist. Res. Appl. 2025. [CrossRef]

Li, L.; Zhu, W,; Chen, L.; Liu, Y. Generative Al usage and sustainable supply chain performance: A practice-based view. Transp.
Res. E 2024, 192,103761. [CrossRef]

Li, L,; Liu, Y,; Jin, Y,; Cheng, T.C.E.; Zhang, Q. Generative Al-enabled supply chain management: The critical role of coordination
and dynamism. Int. J. Prod. Econ. 2024, 277, 109388. [CrossRef]

Wang, S.; Zhang, H. Generative artificial intelligence and internationalization green innovation: Roles of supply chain innovations
and Al regulation for SMEs. Technol. Soc. 2025, 82, 102898. [CrossRef]

Wang, S.; Zhang, H. Promoting sustainable development goals through generative artificial intelligence in the digital supply
chain: Insights from Chinese tourism SMEs. Sustain. Dev. 2025, 33, 1231-1248. [CrossRef]

Fan, S.; Wu, Y,; Yang, R. Measuring firm-level supply chain risk using a generative large language model. Financ. Res. Lett. 2025,
77,107111. [CrossRef]

Dubey, R.; Gunasekaran, A.; Papadopoulos, T. Benchmarking operations and supply chain management practices using
Generative AI: Towards a theoretical framework. Transp. Res. E 2024, 189, 103689. [CrossRef]


https://doi.org/10.1016/j.ejor.2022.09.021
https://doi.org/10.1007/s10660-022-09581-5
https://doi.org/10.1016/j.ejor.2025.02.017
https://doi.org/10.1016/j.omega.2025.103276
https://doi.org/10.1002/mde.4102
https://doi.org/10.1007/s10479-023-05383-6
https://doi.org/10.1111/itor.13186
https://doi.org/10.1016/j.elerap.2022.101198
https://doi.org/10.1016/j.tre.2024.103950
https://doi.org/10.1016/j.jretconser.2022.103229
https://doi.org/10.1007/s10660-022-09587-z
https://doi.org/10.1016/j.jretconser.2024.103930
https://doi.org/10.1002/mde.4339
https://doi.org/10.1080/09537287.2023.2247383
https://doi.org/10.1016/j.tre.2023.103230
https://doi.org/10.1016/j.ijpe.2023.109015
https://doi.org/10.1080/00207543.2023.2294116
https://doi.org/10.1016/j.tre.2025.104135
https://doi.org/10.1080/12460125.2024.2410030
https://doi.org/10.1080/00207543.2024.2309309
https://doi.org/10.1080/13675567.2025.2479006
https://doi.org/10.1016/j.tre.2024.103761
https://doi.org/10.1016/j.ijpe.2024.109388
https://doi.org/10.1016/j.techsoc.2025.102898
https://doi.org/10.1002/sd.3152
https://doi.org/10.1016/j.frl.2025.107111
https://doi.org/10.1016/j.tre.2024.103689

Mathematics 2025, 13, 2863 33 of 33

131. Fontoura, L.; Luiz De Mattos Nascimento, D.; Neto, J.V.; Gusmao Caiado, R.G. Energy Gen-Al technology framework: A
perspective of energy efficiency and business ethics in operation management. Technol. Soc. 2025, 81, 102847. [CrossRef]

132. Akhtar, P.; Ghouri, A.M.; Ashraf, A.; Lim, J.J.; Khan, N.R.; Ma, S. Smart product platforming powered by Al and generative Al:
Personalization for the circular economy. Int. J. Prod. Econ. 2024, 273, 109283. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.


https://doi.org/10.1016/j.techsoc.2025.102847
https://doi.org/10.1016/j.ijpe.2024.109283

	Introduction 
	Methodology 
	Data Collection and Method Stages 
	Statistical Analyses 

	Thematic Analysis 
	Cluster 1: Blockchain in PSC 
	Research Issue 
	Research Methods 
	Methodological Trends 
	Critical Methodological Gaps 

	Cluster 2: IoT in PSCs 
	Research Issues 
	Research Methods 
	Critical Methodological Gaps 

	Cluster 3: Industry 4.0 in PSC 
	Research Issues 
	Research Methods 
	Critical Methodological Gaps 

	Cluster 4: Cloud Computing in PSCs 
	Research Issues 
	Research Methods 
	Critical Methodological Gaps 

	Cluster 5: Live Streaming in PSCs 
	Research Issues 
	Research Methods 
	Critical Methodological Gaps 

	Cluster 6: Gen AI in PSCs 
	Research Issues 
	Research Methods 
	Critical Methodological Gaps 

	Cross-Cluster Comparison 

	Conclusions 
	References

