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ABSTRACT

This study presents a comprehensive systematic review investigating the
integration of Internet of Things (loT) technologies with Decision Support Systems
(DSS) in the context of Circular Economy (CE) business models, with a particular
emphasis on outcomes related to economic efficiency and environmental
sustainability. Employing the PRISMA 2020 (Preferred Reporting Items for
Systematic Reviews and Meta-Analyses) guidelines to ensure methodological
rigor and transparency, this review analyzed a total of 68 peer-reviewed articles
published between 2013 and 2024. The selected literature spans multiple
disciplines, including environmental economics, industrial engineering, and
information systems, reflecting the interdisciplinary nature of digital circularity.
The findings demonstrate that loT-enabled DSS platforms play a pivotal role in
enhancing economic performance through reduced operational costs, labor
optimization, predictive maintenance, and more efficient material usage.
Additionally, environmental performance outcomes are evident across the
literature, particularly through real-time monitoring of carbon emissions, water
resource optfimization, and energy efficiency improvements. These systems also
operationalize core CE principles such as product lifecycle extension, closed-
loop material flows, and reverse logistics. Despite these benefits, several
challenges impede widespread adoption, including fragmented infrastructure,
legacy systems, high upfront costs, lack of interoperability standards,
organizational resistance, and underdeveloped sectoral applications. The
review also identifies critical gaps in longitudinal studies, stakeholder-inclusive
research, and applications in non-industrial sectors such as healthcare,
education, and construction. Furthermore, the absence of a unified theoretical
framework limits strategic alignment and scalability across different industry
contexts. This paper concludes by advocating for a cross-disciplinary, adaptive
framework to guide future implementation and research, incorporating digital,
operational, and sustainability dimensions. The review contributes to advancing
theoretical understanding and offers actionable insights for practitioners and
policymakers seeking to leverage IoT-DSS solutions as strategic tools in enabling
circular business transformations that are economically viable, environmentally
responsible, and technologically resilient.
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INTRODUCTION

Decision Support Systems (DSS) are computational frameworks designed o assist in complex
decision-making processes by collecting, processing, and presenting relevant data in a structured
format (Ribino et al., 2018). These systems are instrumental in addressing semi-structured and
unstructured problems in various domains, offering a confluence of models, databases, and user
interfaces to generate actionable insights. When augmented by the Internet of Things (IoT), DSSs are
transformed into dynamic platforms that capture real-time data streams from physical devices
embedded across environments. The |oT is defined as a network of inferconnected devices capable
of gathering, transmitting, and processing data autonomously. This integration shifts the decision-
making paradigm from static analysis to continuous, data-driven adaptability. loT-enabled DSSs hold
the potential to revolutionize strategic operations, partficularly in manufacturing, supply chain
management, and environmental monitoring, where sensor-based insights enable predictive and
prescriptive analytics (Zhang et al., 2023).Such systems provide scalable architectures for monitoring
material flows, energy consumption, and waste generation, thereby aligning with sustainable
development goals. This convergence of technologies facilitates enhanced responsiveness,
operational transparency, and resource opfimization. Moreover, as organizations increasingly
operate within complex global ecosystems, the demand for real-time, decentralized decision
support intensifies (Attaran, 2020). These smart systems offer not only improved operational efficiency
but also create avenues for value co-creation through data sharing, machine learning, and cloud-
based services. The relevance of loT-enabled DSSs extends beyond corporate profitability, touching
upon critical policy goals concerning environmental resilience, sustainable resource use, and circular
economy transitions (Heragu, 2018). As such, their integration represents a pivotal axis in the
fransformation of business operations into data-centric, sustainable frameworks.

The concept of the Circular Economy (CE) has emerged as a globally endorsed alternative to the
linear “take-make-dispose” economic model. It promotes regenerative and restorative processes
whereby materials, products, and resources are maintained in the economy for as long as possible
through reuse, repair, refurbishment, and recycling (Kumar et al., 2021). CE models have been
incorporated into policy frameworks such as the European Union's Circular Economy Action Plan and
China's Circular Economy Promotion Law, emphasizing their international prominence. These policies
recognize that CE is not solely an environmental concern but a comprehensive strategy for
economic efficiency, supply chain resilience, and long-term sustainability. The global urgency to
reduce greenhouse gas emissions, minimize waste, and decouple economic growth from resource
extraction further accentuates the need for CE-aligned strategies (lvanov et al., 2021).CE practices,
such as extended product life cycles and closed-loop production systems, can significantly mitigate
the ecological impact of industrial activity. Moreover, CE principles foster innovation through
business model fransformation and technological adoption. As emerging economies contend with
rapid urbanization and industrialization, CE approaches offer frameworks for inclusive and
sustainable development (Pavlov et al., 2019). However, the practical implementation of CE at scale
requires systemic coordination, data transparency, and real-time decision-making capacities—
challenges that can be effectively addressed through loT-enabled DSSs. These systems provide the
infrastructural intelligence necessary for the real-time tracking of materials and waste, thereby
facilitating adherence to CE principles. With global supply chains becoming increasingly vulnerable
to disruptions, the role of digitally augmented CE business models in fostering resilience and
sustainability is now more critical than ever (Lee et al., 2019).

At the intersection of fechnology and strategy, loT-enabled DSSs function as strategic interfaces that
bridge operational data with decision-making imperatives. The integration of sensor networks, edge
computing, and cloud analytics allows organizations to monitor key performance indicators (KPIs) in
real time and adapt strategies based on predictive insights (Marfins et al., 2020). These systems
enable closed-loop feedback mechanisms, where real-time data informs both tactical and strategic
decisions, thereby reducing lag times and enhancing responsiveness. In the context of CE, this means
optimizing product lifecycles, minimizing waste, and improving energy efficiency through informed
intferventions. loT sensors deployed in manufacturing environments, for instance, can detect wear
and tear in machinery, enabling predictive maintenance and reducing material waste (Lin et al.,
2022).Furthermore, decision support tools equipped with 10T data streams enable companies to
perform material flow analysis (MFA), lifecycle assessments (LCA), and resource forecasting with
unprecedented granularity. These capabilities not only enhance sustainability but also drive cost
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efficiencies by reducing downtime, improving logistics, and enabling just-in-fime inventory practices
(Song, 2021). The capacity to integrate multiple datasets—from energy usage to emissions tracking—
empowers managers to model alternative scenarios, assess trade-offs, and align decisions with both
environmental and economic fargets. In this regard, loT-enabled DSSs represent more than
operational tools; they are enablers of CE strategies and sustainability leadership. Their value lies in
operationalizing abstract CE principles info actionable, data-driven processes, thereby making
sustainability measurable, manageable, and monetizable.

Figure 1: loT-Driven Decision Support for Circularity
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Economic efficiency is a core tenet of CE business models, emphasizing the optimal use of resources,
reduction of operational costs, and maximization of asset utilization. loT-enabled DSSs contribute
directly to this goal by enabling real-time monitoring and adaptive confrol over production
processes, logistics, and asset maintenance (Chen et al., 2024). For example, through digital twins
and cyber-physical systems, companies can simulate and optimize entire production ecosystems,
identifying inefficiencies and implementing corrective actions before costly disruptions occur. This
digital mirroring of physical operations allows for a proactive approach to resource allocation and
cost management. By leveraging machine learning algorithms on sensor-generated data,
businesses can fine-tune their input-output ratios, enhance productivity, and reduce energy
consumption, which cumulatively translate info economic savings (Pasupuleti et al.,
2024).Additionally, 10T-DSS platforms offer enhanced visibility into supply chains, enabling firms to
identify boftlenecks, overstocking, or underutilization of assets, and adjust operations accordingly.
This visibility is particularly valuable in circular business models such as product-as-a-service (Paas),
where continuous asset tracking ensures efficient usage and timely maintenance (Mashayekhy et
al., 2022). The capacity to frace materials from source to re-entry in the production cycle not only
prevents loss but also reduces costs associated with virgin resource procurement. Importantly, these
systems also support compliance with environmental and fiscal regulations by automating reporting
processes, thus reducing administrative burdens. In sum, economic efficiency in a CE context is not
merely about cost-cutting—it is about leveraging technology to create smarter, leaner, and more
adaptive enterprises that thrive within ecological boundaries while remaining competitively agile
(Leung et al., 2022).

The integration of loT into DSS architectures significantly enhances environmental intelligence by
facilitating real-time environmental monitoring and enabling sustainability analytics. Sensors placed
along production lines, supply routes, or waste management facilities can monitor variables such as
emissions, temperature, humidity, and waste discharge (Gharehgozli et al., 2020). These
environmental datasetfs provide critical inputs infto DSS models that evaluate sustainability
performance, identify inefficiencies, and recommend interventions. Consequently, companies gain
a holistic view of their environmental impact across the entire value chain, which is vital for
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implementing effective CE strategies. For instance, real-time carbon tracking can be linked to
sustainability KPIs, offering decision-makers the ability to benchmark their performance against
global standards such as the Sustainable Development Goals (SDGs) or Science-Based Targets
(Custodio & Machado, 2020).The sustainability benefits of 10T-DSS are also evident in urban systems,
where smart infrastructure can optimize energy usage, reduce water waste, and improve waste
segregation and recycling efficiency. Through data intfegration and cross-sectoral analytfics, these
systems support the fransition toward sustainable cities and communities, as outlined in SDG 11.
Moreover, loT-based environmental monitoring can aid in detecting illegal dumping, air pollution
hotspots, or water leakage, enabling swift regulatory or managerial responses (Khan & Yu, 2019). In
agriculture, for example, loT-enabled DSSs facilitate precision farming, which reduces pesticide and
water usage while improving yield efficiency—contriouting simultaneously to environmental
preservation and food security.Beyond environmental monitoring, these systems also support
stakeholder engagement by making sustainability data transparent and accessible. Dashboards
and mobile interfaces allow customers, regulators, and partners to observe sustainability metrics in
real time, enhancing accountability and fostering trust (Mourtzis et al., 2019). In this way, sustainability
outcomes are not abstract ideals but measurable impacts made visible and actionable through
digital decision support ecosystems.

Figure 2: Smart Circularity Through loT-DSS$
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The implementation of loT-enabled DSSs within CE business models necessitates a systems thinking
perspective—recognizing that sustainability and efficiency emerge from the interrelations among
technology, people, processes, and policies (Lyu et al.,, 2020). Systems thinking allows for the
understanding of feedback loops, causal relationships, and systemic delays that can either hinder
or amplify sustainability fransitions. 10T-DSS platforms, by virtue of their data integrative capabilities,
serve as mediators of this systemic perspective. They gather and harmonize data from disparate
subsystems—Iogistics, production, consumption, and waste—into coherent dashboards that inform
cross-functional strategies. This synthesis supports coordinated decision-making across organizational
silos, thereby enhancing both vertical and horizontal alignment with CE goals.For example, insights
generated from waste analytics can be used to influence product design choices upstream,
enabling design for disassembly or recyclability. Similarly, data from product usage patterns can
inform service models that extend product lifecycles and reduce resource consumption (Ravindran
et al., 2023). These feedback mechanisms are crucial for transitioning from isolated CE practices to
infegrated circular ecosystems. Moreover, the implementation of DSS across entire industrial
symbiosis networks can support material exchanges and collaborative innovation by offering real-
time visibility info resource availability and waste potential.The success of such infegration depends
on the interoperability and scalability of [oT systems, the robustness of analytics platforms, and the
institutional capacity to interpret and act on digital insights (Zijm et al., 2018). IoT-DSS platforms
become noft just technological enablers but social systems that reflect organizational learning,
culture, and capacity for change. As such, their design and deployment must be rooted in
interdisciplinary principles, ethical data governance, and inclusive stakeholder participation. This
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makes the role of loT-enabled DSSs not only technical but transformative—enabling circularity to
evolve from theory to widespread practice.

Understanding the intersection of loT-enabled DSSs and CE business models requires the integration
of diverse theoretical perspectives, including socio-technical systems theory, resource-based view
(RBV), and stakeholder theory. Socio-technical theory emphasizes that technological innovations
such as loT and DSSs must align with organizational structures, human actors, and institutional
frameworks to achieve intended outcomes (Lewczuk et al., 2021). In the context of CE, this alignment
is crucial, as technology adoption alone does not guarantee sustainability unless accompanied by
cultural, procedural, and regulatory shifts. The RBV provides a useful lens for interpreting how firms
can leverage |0T-DSS as strategic resources to build capabilities in resource efficiency, innovation,
and sustainability leadership (Tiwari et al., 2018). Through data-driven insights, companies can
develop dynamic capabilities that allow them to reconfigure processes in line with evolving
environmental and market demands.Stakeholder theory adds another layer by highlighting the
importance of transparency, collaboration, and accountability in CE implementation. 10T-DSSs
enable real-time reporting and visualization of sustainability meftrics, fostering stakeholder
engagement and enhancing legitimacy. Furthermore, their use in supply chain fransparency
supports ethical sourcing and responsible consumption—key elements in achieving sustainability
outcomes (Acuna et al., 2019). From a research perspective, this technological convergence opens
new avenues for interdisciplinary inquiry, particularly in modeling the causal relationships between
data-driven decisions and circular performance outcomes.While much of the literature has explored
individual components of this system—IoT, DSS, CE models—there remains a need for integrated
studies that examine their combined impact. Understanding how these systems function in practice,
under varying organizational, geographic, and regulatory contexts, is crucial for theory
development and practical implementation. The current review addresses this gap by synthesizing
evidence across disciplines fo evaluate how loT-enabled DSSs shape economic efficiency and
sustainability in CE business models.

LITERATURE REVIEW

The transformation toward circular economy (CE) business models represents a paradigmatic shift in
sustainable development, aiming fo decouple economic growth from resource depletion and
environmental degradation (Asgari & Asgari, 2021). In parallel, technological innovations—
particularly the Internet of Things (loT) and Decision Support Systems (DSS)—have emerged as
powerful enablers of this transition. The literature examining CE, loT, and DSS has grown rapidly, yet
remains fragmented across disciplines such as operations management, industrial ecology,
information systems, and environmental economics. To effectively synthesize this multifaceted
landscape, a focused literature review is required that interrogates how loT-enabled DSSs operate
within CE frameworks to drive economic efficiency and sustainability (Awan & Sroufe, 2022).This
literature review seeks to explore the intersection of these domains, beginning with foundational
studies on CE principles, followed by technological enablers that support digital circularity. Special
aftention is given to empirical and theoretical studies that assess economic and environmental
performance outcomes in the context of loT-driven decision-making. Moreover, the review engages
with emerging trends in real-time monitoring, lifecycle analytics, resource optimization, and systems
infegration, while also highlighting research gaps concerning implementation barriers, governance
structures, and stakeholder coordination (Chizaryfard et al., 2021).The purpose of this review is not
only to catalog existing findings but to build an integrated framework that clarifies the roles,
interactions, and value confributions of loT-enabled DSSs in CE business contexts. It adopts a
stfructured thematic approach to identify patterns, contradictions, and underexplored areas,
thereby providing a foundation for scholarly inquiry and practical application. The outline below
provides a detailed roadmap of the themes and subtopics explored in this literature review (Han et
al., 2020).

Circular Economy Business Models

The circular economy (CE) is a systemic approach to economic development aimed at eliminating
waste and the continual use of resources through restorative and regenerative strategies (Jabbour
et al., 2019). This paradigm stands in confrast to the traditional linear economic model, which follows
a “take-make-dispose” frajectory that leads to resource depletfion and environmental degradation.
The foundational principles of CE encompass activities such as reuse, recycling, remanufacturing,
repairing, and regenerating, all of which extend the functional life of materials and products
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(Uhrenholt et al., 2022). These principles aim to close the loop of product lifecycles through greater

resource efficiency, thereby minimizing inputs, waste, and environmental harm. Reuse involves

returning products to their original function without significant reprocessing, while recycling often

requires physical and chemical fransformation of discarded materials into new forms.

Remanufacturing and repair reintfroduce faulty or end-of-life products back into the economy with

restored functionality, creating high-value retention opportunities.Unlike the linear model, CE is

deeply rooted in systems thinking, emphasizing feedback loops, inferdependencies, and long-term

sustainability across supply chains (Colombi & D'ltria, 2023). It advocates for dematerialization,

resource decoupling, and resilience-building rather than volume-centric growth models. The

regenerative component of CE includes renewable energy integration and ecosystem restoration,

which further distinguishes it from end-of-pipe environmental management approaches. Moreover,

CE incorporates not only environmental objectives but also socio-economic dimensions such as job

creation, innovation, and inclusive development. In sum, CE's foundational principles signal a

rethinking of value creation, offering a comprehensive framework that restructures production and
consumption toward ecological balance and economic resilience (Aloini et al., 2020).

Figure 3: Core Principles of Circular Economy
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Circular Economy business models (CEBMs) have evolved into various typologies, each reflecting
different strategies for achieving circularity within organizational and industrial contexts. The most
prominent classifications include Product-as-a-Service (Paas), resource recovery models, circular
input models, product life extension, and sharing platforms (Pieroni et al., 2019). Paas shifts ownership
from consumers to providers, wherein products are leased rather than sold, incentivizing longevity
and efficiency in product design. Resource recovery models focus on exiracting residual value from
waste through recycling, remanufacturing, and energy recovery. Circular input models utilize
renewable or recycled materials to reduce dependency on virgin resources, while product life
extension strategies involve repair, upgrade, and refurbishment to prolong product use (Bianchini et
al., 2019). Each of these models presents varying degrees of complexity, scalability, and sectoral
adaptability. For example, in manufacturing, firms adopt circular supplies and remanufacturing
practices to reduce input costs and improve environmental performance. In logistics, reverse logistics
systems are pivotal fo enabling refurns, refurbishments, and redistribution within CE frameworks. In
agriculture, precision farming and nutrient cycling are integrated with sharing economy platforms to
optimize resource use (Forsterling et al., 2023). The constfruction sector has seen applications of
modoular building design and material banks to facilitate deconstruction and material reuse. Sharing
platforms, such as mobility-as-a-service and co-working spaces, exemplify how digital innovation
enables asset utilization without increased material throughput.These taxonomies reflect CE's
multidimensional nature and reveal how different industries interpret and apply its principles
according to their operational redlities. They also highlight the interdependence between
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technological infrastructure, user behavior, and institutional readiness in enabling these models. The
proliferation of such typologies illustrates the versatility of CE strategies and the growing body of
empirical research validating their relevance across contexts (Pizzi et al., 2021).

Global strategic alignment around circular economy principles has been propelled by national and
supranational policy frameworks that underscore its economic and environmental imperatives. The
European Union's Circular Economy Action Plan (Zhu et al., 2022) is a pioneering initiative that
outlines strategies to decouple growth from resource use, promote eco-design, and strengthen
recycling markets. It has set binding targets for municipal waste recycling, product durability, and
producer responsibility, signaling a policy shift from voluntary to regulatory mechanisms. Meanwhile,
Pichlak and Szromek (2022) establishes mandates for industrial parks to adopt cleaner production,
resource recycling, and energy efficiency practices. These frameworks function not merely as
environmental policies but as economic development strategies aimed at reducing dependency
on raw materials, increasing resilience, and fostering green innovation.Other countries, including
Japan, South Korea, and Canada, have implemented CE roadmaps, often focused on waste
reduction, industfrial symbiosis, and green procurement. These frameworks typically include
incentives such as fax reductions, subsidies, and fechnical assistance to encourage corporate
participation. At the organizational level, strategic adoption of CE practices is increasingly driven by
compliance pressures, cost-saving opportunities, and market differentiation (Asgari & Asgari, 2021;
Ara et al., 2022; Subrato, 2018). Many firms have incorporated CE into their Environmental, Social,
and Governance (ESG) metrics, using it as a competitive tool to enhance reputation and attract
investment. Additionally, CE principles are being embedded info public-private partnerships,
national green innovation funds, and circular procurement programs, signaling a broader alignment
of policy and market mechanisms.The proliferation of CE frameworks across governance levels
reflects a global consensus on the urgency of resource efficiency and systems fransformation. These
strategies emphasize the importance of regulatory scaffolding and cross-sector collaboration in
embedding CE into natfional and corporate agendas. The growing volume of international case
studies underscores the practical implications of such frameworks and their influence on
institutionalizing circularity as both a policy mandate and a business imperative (Jabbour et al., 2020;
Uddin et al., 2022).

The successful implementation of CE business models at the firm level is heavily influenced by
organizational incentives and institutional pressures. Internally, firms are moftivated by the potential
for cost savings, revenue generation from secondary materials, and enhanced brand equity through
environmental leadership (Castro-Lopez et al., 2023; Akter & Ahad, 2022). External incentives include
market demand for sustainable products, investor scrutiny over environmental performance, and
eligibility for green financing or subsidies. These motivators are reinforced by coercive pressures such
as environmental regulations, normative expectations from industry bodies, and mimetic pressures
to follow best practices adopted by competitors (Calzolari et al., 2023; Rahaman, 2022). For
example, Extended Producer Responsibility (EPR) laws require manufacturers o manage the end-of-
life treatment of their products, pushing firms to invest in fake-back systems and design-for-
recyclability.Institutional theory provides a useful lens to analyze how organizational behavior in CE
adoption is shaped by these pressures. Empirical studies have shown that firms embedded in
counftries with stringent environmental regulations or strong CE policies are more likely to engage in
circular practices (Forsterling et al., 2023; Hasan et al., 2022). Moreover, the presence of industrial
associations, collaborative platforms, and knowledge-sharing networks fosters normative alignment
and diffuses CE innovations across sectors. Certifications like Cradle-to-Cradle, ISO 14001, and EMAS
serve as institutional mechanisms that legitimize CE initiatives and provide assurance to stakeholders
(Alonso-Almeida et al., 2021; Hossen & Atfiqur, 2022).However, organizational inertia, risk aversion,
and short-term profitability meftrics often constrain CE implementation (Tawfiqul et al., 2022; Tura et
al., 2019). Addressing these challenges requires internal leadership commitment, cross-functional
collaboration, and the integration of CE metfrics into strategic planning and performance evaluation
frameworks. Ultimately, the interplay between internal motivations and external institutional
dynamics determines the extent and depth of CE integration within business operations,
underscoring the need for organizational change that is both systemic and sustained (Sazzad &
Islam, 2022; Scipioni et al., 2021).
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Decision Support Systems in Business Operations

Decision Support Systems (DSS) have undergone significant evolution since their inception in the
1970s, progressing from simple algorithmic tools to complex, interactive platforms integrated with
organizational systems (Sanchez-Marre, 2022). The classical typology of DSS includes data-driven,
model-driven, and communication-driven systems, each fulfilling distinct functions in decision-
making. Data-driven DSSs rely heavily on internal and external databases to generate descriptive or
predictive analytics, while model-driven DSSs emphasize simulation, opfimization, and decision
modeling techniques. Communication-driven DSSs facilitate collaborative decision-making through
networked environments and are often used in cross-functional or distributed teams (Filip, 2020). The
rise of enterprise technologies has further accelerated DSS capabilities through integration with
systems such as Enterprise Resource Planning (ERP), Customer Relationship Management (CRM), and
Supply Chain Management (SCM).Modern DSS platforms operate in real-time, utilize arfificial
infelligence (Al), and are often embedded within cloud-based infrastructures to enhance scalability
and accessibility (Filip, 2020; Akter & Razzak, 2022). For example, ERP-integrated DSSs provide
financial forecasting and inventory opfimization, while CRM-integrated systems assist in customer
segmentation and retention strategies. In supply chain contexts, DSSs facilitate demand forecasting,
vendor selection, and route opftimization, thereby improving responsiveness and cost efficiency.
Hybrid DSSs now combine mulfiple functionalities—data mining, optimization algorithms, and
collaborative tools—into unified decision environments. Furthermore, the emergence of Business
Intelligence (Bl) platforms has blurred the line between traditional DSS and modern analytics,
emphasizing the need for decision agility and scenario planning (Adar & Md, 2023; Parra et al., 2023).
This technological convergence has expanded DSS applications from operational support to
strategic planning, risk assessment, and sustainability decision-making, making them indispensable
in digitally enabled business ecosystems (Qibria & Hossen, 2023; Prorok & Takdcs, 2024).

DSSs have become instrumental in advancing resource opfimization and environmental
management within industrial and organizational settings. These systems enable the collection,
analysis, and visualization of key environmental and operational data to support informed decision-
making. One of the primary applications of DSSs in sustainability contexts is Lifecycle Cost Analysis
(LCCA), which allows organizations to assess the long-ferm economic and ecological costs
associated with different operational choices (Kumar & Thakurta, 2021; Maniruzzaman et al., 2023).
LCCA assists in evaluating alternative designs, production routes, and maintenance schedules,
optimizing resource use across the product lifecycle. Furthermore, DSSs support Environmental
Impact Assessment (EIA) by modeling pollutant dispersion, emissions, and energy consumption under
various scenarios.The incorporation of real-time monitoring tools into DSS platforms has further
enhanced their utility in environmental management. For instance, loT-enabled DSSs can track water
usage, energy consumption, and waste generation, offering instant feedback to managers for
adaptive interventions (Akter, 2023; Singh et al., 2024). In manufacturing, DSSs are used to balance
production loads with environmental constraints, enabling more efficient scheduling and reduced
energy demand. Agriculture, logistics, and construction sectors also utilize DSSs for optimizing
irrigation, fransportation routes, and materials handling, respectively, all while considering
environmental trade-offs. Decision support systems thus play a dual role—enhancing resource
efficiency and ensuring regulatory compliance with environmental standards such as ISO 14001
(Anabel et al., 2018; Masud, Mohammad, & Ara, 2023).Additionally, DSSs aid in sustainability
reporting by consolidating environmental performance data for internal audits and external
disclosures, aligning with ESG requirements. Their capacity to simulate alternative strategies and
quantify ecological outcomes makes DSSs essential tools for promoting circular economy principles
and sustainable industrial practices. The integration of LCA, MFA, and carbon accounting info DSS
platforms further empowers decision-makers to internalize environmental costs, leading fo more
balanced and responsible resource use (AL-Hudaib et al., 2025; Masud, Mohammad, & Sazzad,
2023).

Despite their potential, the implementation of Decision Support Systems in business operations is often
fraught with challenges that hinder their effectiveness and adoption. One major issue lies in data
silos, where disparate data sources across departments or systems are poorly integrated, leading o
inconsistent or incomplete information for decision-making (Chua & Niederman, 2025; Hossen et al.,
2023). Organizations frequently face technical barriers related to interoperability, especially when
aftempting to connect DSS with legacy ERP, CRM, or SCM platforms. These intfegration challenges
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are compounded by the heterogeneity of data formats, inconsistent data quality, and lack of
standardized protocols. As a result, the full potential of DSS to provide holistic, real-time insights is
often unrealized in fragmented IT environments (Shamima et al., 2023; Ragab et al., 2022).User
intferface (Ul) complexity also poses a barrier to widespread adoption, particularly among non-
technical decision-makers. DSSs that lack intuitive visualizations, dashboards, or intferactive tools
often result in user resistance or underutilization (GUvencli et al., 2023; Ashraf & Ara, 2023). Moreover,
there is often a misalignment between the analytical capabilities of DSSs and the actual decision-
making needs of managers, which leads to a perception of low relevance or utility. Organizational
inertia and cultural resistance to data-driven decision-making further impede implementation,
especially in firms with hierarchical structures or low technological maturity. Studies have shown that
managerial support, cross-departmental collaboration, and change management are critical for
overcoming such resistance.Additionally, concerns over data security, governance, and ethical use
have emerged as significant constraints, particularly with the rise of cloud-based DSS and loT
integration (Sanjai et al., 2023; Zkik et al., 2024). These concerns often delay implementation due to
the need for compliance with data protection regulations such as GDPR. Cost factors, especially for
small and medium-sized enterprises (SMEs), further deter investment in DSS infrastructure. Hence,
successful deployment of DSS requires not only fechnical readiness but also organizational
alignment, training, and strategic vision (Kose et al., 2021; Akter et al., 2023).

Beyond their operational role, DSSs are increasingly recognized for their strategic value in shaping
long-term organizational direction and competitive advantage. Their ability to synthesize structured
and unsfructured data into actionable insights allows organizations to navigate complexity and
uncertainty in volatile markets (Pathirannehelage et al., 2025; Tonmoy & Arifur, 2023). Strategic DSSs
facilitate scenario planning, risk assessment, investment analysis, and innovation management,
thereby extending their utility beyond day-to-day operations. By integrating DSS with strategic
information systems, firms can align operational metrics with broader business objectives such as
sustainability, resilience, and market responsiveness.For example, DSSs have been deployed in
strategic sourcing to evaluate supplier sustainability, cost-risk frade-offs, and geopolitical disruptions,
enabling more robust supply chain configurations (Miller et al., 2018; Zahir et al., 2023). In the domain
of sustainability, strategic DSSs help firms prioritize environmental initiatives based on cost-benefit
analysis, stakeholder expectations, and long-term regulatory forecasts. These systems are also
embedded in corporate performance management platforms that link key performance indicators
(KPIs) to strategy maps and balanced scorecards (Anfunes et al., 2023). By enabling feedback loops
between operational outcomes and strategic goals, DSSs contribute to contfinuous learning and
adaptive planning. Moreover, DSSs enhance cross-functional alignment by providing a common
platform for communication among finance, operations, marketing, and sustainability teams
(Lagorio et al., 2024). Their deployment supports fransparency, data-driven governance, and
accountability, which are increasingly critical in stakeholder-driven environments. However, strategic
use of DSS demands high-level buy-in, data literacy, and analytical capabilities within the
organization. Without these, the potential of DSS to inform fransformational decisions remains
underexploited (Abdullah Al et al., 2024; Han & Chen, 2024). Nonetheless, when well-implemented,
DSSs become integral to organizational foresight and agility, reinforcing their role as not just enablers
of efficiency, but as catalysts of strategic innovation and sustainability (Mousavi et al., 2024).

The Role of the Internet of Things in Circular Economy

The Internet of Things (loT) constitutes a dynamic ecosystem of interconnected physical devices
equipped with sensors, actuators, and communication protocols that collect, fransmit, and process
data in real time (Lee, 2019). At the core of loT architecture lie several foundational components,
including edge devices, gateways, cloud infrastructure, and application interfaces. Sensors are
responsible for capturing environmental or operational data—such as temperature, pressure, or
motion—while actuators perform responsive actions based on the interpreted data, such as
adjusting machinery settings or tfriggering alarms. These devices often operate at the “edge” of the
network, where preliminary processing is executed before data is transferred to cloud systems for
advanced analytics, storage, and visualization (Razzak et al., 2024; Paolone et al., 2022).Data flow
and interoperability represent critical elements in loT effectiveness. Interoperability refers to the
seamless communication between heterogeneous devices, protocols, and platforms, which is
essential for ensuring scalability and real-time integration with enterprise systems. Standards such as
MQTT, CoAP, and RESTful APIs are frequently employed to facilitfate machine-to-machine
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communication and data harmonization (Jahan, 2024; Tran-Dang et al., 2020). Cloud computing
complements this architecture by offering elastic computing power, data warehousing, and
advanced analytical tools necessary for processing vast quantities of loT-generated data. These
technological layers form the structural foundation that enables 10T to function as a real-time data
infrastructure for decision support and circular economy operations. The architecture also supports
infegration with Decision Support Systems (DSS), enhancing their intelligence by enabling real-time,
contextual data input for sustainability decisions (Jahan & Imtiaz, 2024; Vermesan, Bréring, et al.,
2022). In this context, loT is not merely a technological enhancement but a vital enabler of
operational visibility, fraceability, and control required for effective circular economy
implementation.
The industrial and supply chain domains have become central arenas for deploying loT technologies
to enable circular economy practices. loT applications in these contexts are diverse, encompassing
predictive maintenance, inventory opftimization, and waste tracking, each confribufing to
enhanced operational efficiency and resource stewardship. Predictive maintenance leverages
sensor data to identify wear and faults in equipment before failures occur, reducing unplanned
downtime and extending asset lifespans (Istiaque et al., 2024; Pradeep et al., 2021). This functionality
not only prevents costly interruptions but aligns with circular principles by reducing premature
equipment disposal and promoting longevity. Similarly, inventory optimization is achieved through
RFID sensors and GPS-enabled trackers that provide real-time visibility info stock levels, locations, and
movement, enabling just-in-time manufacturing and minimizing overproduction and material waste
(Chander & Kumaravelan, 2019; Akter & Shaiful, 2024). Waste tracking represents another critical
function of loT in industrial ecosystems. By tfagging waste streams and monitoring their composition,
origin, and destination, companies can implement closed-loop logistics and material recovery
systems. For instance, reverse logistics operations can be enhanced using loT-enabled fracking o
ensure returned products are sorted, refurbished, or recycled appropriately, increasing circular
throughput. Moreover, |oT enables the establishment of industrial symbiosis networks, where waste or
by-products from one firm become inputs for another, supported by real-time data exchange
platforms (Bansal & Kumar, 2020; Subrato & Md, 2024). In logistics, 10T assists in route optimization for
fuel efficiency and in moniftoring vehicle emissions, further supporting green supply chain
management.The industrial integration of IoT, therefore, facilitates multiple feedback loops central
to CE logic: restoration, reuse, and redistribution. These operational improvements are further
enhanced when linked with DSS platforms, which can analyze loT-derived data to recommend
optimal resource allocation, scheduling, and refurbishment strategies. As such, 10T serves not only as
a monitoring mechanism but as a proactive tool that operationalizes CE principles across the
production and logistics continuum (Din et al., 2018; Akter et al., 2024).

Figure 4: Layered Architecture of loT Systems
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The proliferation of IoT has significantly enriched the domain of sustainability analytics by enabling
real-time environmental monitoring, precise resource measurement, and automated compliance
reporting. Key environmental metrics such as energy consumption, water usage, emissions levels,
and material waste are now measurable with unprecedented granularity using l1oT sensors (Xu et al.,
2018). These sensors form the backbone of smart energy grids, water networks, and emissions tracking
systems, offering detailed insights into resource flows and inefficiencies. For example, smart meters in
manufacturing plants can identify energy-intensive processes in real time, enabling managers to
implement energy-saving interventions and adjust workflows dynamically. Emissions sensors, when
infegrated with cloud platforms, facilitate continuous monitoring of greenhouse gases, aiding in the
enforcement of emissions caps and environmental certfifications.loT also enhances sustainability
reporting by automating data collection, reducing manual entry errors, and ensuring regulatory
compliance through auditable logs and digital verification (Ammar et al., 2025; Bedi et al., 2018). This
has particular significance in circular business models, where quantifying resource input and waste
output is crucial for evaluating circularity performance. Furthermore, integration of loT data with DSS
platforms allows for scenario modeling, forecasting, and optimization of sustainability inferventions,
bridging the gap between data availability and decision-making.Beyond industrial settings, loT-
driven sustainability analytics are increasingly applied in smart cities and precision agriculture. In
agriculture, loT supports data-driven irrigation, soil monitoring, and crop health analysis, resulting in
reduced water usage and improved vyield quality (Jahan, 2025; Vermesan, Friess, Guillemin,
Gusmeroli, et al., 2022). In smart cities, 10T enables monitoring of traffic flows, air quality, and waste
bins to optimize municipal services and reduce urban carbon footprints. Through these capabilities,
loT transforms sustainability from a static compliance requirement into a dynamic, data-driven
process that supports continuous environmental improvement across sectors (Jahan et al., 2025;
Sundmaeker, et al., 2022).

The integration of loT technologies info production and consumpftion systems has catalyzed the
development of zero-waste strategies and product design innovations aligned with circular
economy objectives. In manufacturing, IoT facilitates real-time feedback on process efficiency,
enabling lean manufacturing practices that minimize raw material inputs and eliminate production
scrap (Khan et al., 2025; Khanna & Kaur, 2020). Smart sensors embedded within equipment detect
anomalies, quality deviations, and process bottlenecks, allowing for immediate corrective action
and waste prevention at the source. Furthermore, 10T data can inform design-for-environment (DfE)
and design-for-disassembly (DfD) principles by providing usage stafistics and failure patterns, which
product developers can use to enhance durability and recyclability (Akter, 2025; Zahoor & Mir,
2021).In consumer applications, smart products equipped with loT capabilities provide real-time data
on usage patterns, enabling service-based models such as Product-as-a-Service (PaasS), where
ownership remains with the producer and products are maintained, upgraded, and recycled
systematically. This model extends product lifecycles, reduces unnecessary consumption, and
ensures material recovery at end-of-life. Smart appliances, vehicles, and electronics can signal when
mainfenance is needed or when components are nearing failure, facilitating fimely interventions
and preventing premature disposal. loT also supports consumer engagement through sustainability
dashboards, mobile apps, and feedback systems that promote responsible consumption behavior
(Rahman et al., 2025; Restuccia et al., 2018).In the context of zero-waste initiatives, municipal waste
systems equipped with [oT sensors optimize collection routes, monitor fill levels, and segregate waste
stfreams more efficiently, thus enhancing recycling rates and reducing landfill dependency. When
infegrated with DSS, these systems can forecast waste generation frends, evaluate collection
strategies, and model material recovery scenarios. Ultimately, [oT's real-time intelligence empowers
designers, manufacturers, and policymakers to align economic activities with circularity principles,
reduce ecological foofprints, and enable closed-loop systems at both micro and macro levels
(Chatfield & Reddick, 2019; Masud et al., 2025).

loT with Decision Support Systems

The integration of Internet of Things (loT) info Decision Support Systems (DSS) has introduced
fransformative models such as Cyber-Physical Systems (CPS) and digital twins that blur the
boundaries between physical and digital infrastructures. These models provide real-fime feedback
loops essential for industrial and operational intelligence. According to Lee et al. (2015), CPS bridges
computation, networking, and physical processes, forming the backbone of modern industrial
automation. A digital twin, defined as a digital replica of physical entities, enhances the situational
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awareness and decision-making capability of DSS by simulating system behavior under varying
parameters (Guo et al., 2020). Both technologies confribute to proactive rather than reactive
decision-making, especially when embedded with Al algorithms that process and contextualize vast
real-time |oT data streams. For instance, (Li et al., 2021) argue that real-time dashboards linked with
digital twins enable predictive maintenance and performance optimization across manufacturing
and logistics operations. The architectural layout of such systems often consists of layered
frameworks, including edge, fog, and cloud computing components, enabling flexible, distributed
processing. Furthermore, Kayvanfar et al. (2024) emphasize that Al-enhanced dashboards in DSS
provide intuitive interfaces for stakeholders to interpret complex data through visualization, reducing
cognitive overload. Abdel-Basset et al. (2019) report significant improvements in operational
accuracy and downtime reduction when such models are used in conjunction with sensor-driven
real-fime analytics. Yet, integrating CPS into legacy systems remains a technical and organizational
challenge, requiring alignment across data standards, interoperability protocols, and system
governance structures. Overall, the convergence of CPS, digital twins, and loT-enabled DSS
constitutes a paradigm shift in how decisions are made in dynamic, high-stakes environments by
increasing responsiveness, fransparency, and system resilience.

Figure 5: loT with Decision Support Systems
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Real-world applications of loT-infegrated Decision Support Systems span diverse industries, including
manufacturing, logistics, and agriculture, showcasing their impact on operational efficiency, cost
reduction, and sustainability. In manufacturing, Siemens has implemented digital twin models
infegrated with loT-driven analytics platforms, resulting in predictive maintenance and energy
savings across production lines (Kamalakkannan et al., 2020; Md et al., 2025). Similarly, Bosch has
adopted Al-enhanced DSS frameworks to optimize its supply chains and machine ufilization rates. In
the logistics sector, DHL's Smart Warehouse initiative leverages 10T sensors and Al-driven dashboards
to monitor inventory in real-time, automate route planning, and support tactical decisions. Studies
by Kumar et al.(2022) reveal that logistics operations employing decentralized 10T-DSS architectures
exhibit superior adaptability and responsiveness compared to cenfralized counterparts, particularly
in volafile supply chain environments. In agriculture, Agri-loT systems combine remote sensing, edge
computing, and DSS modules to manage irrigation, crop health, and pest confrol. Miles et al. (2018)
demonstrate that such systems not only improve yield prediction accuracy but also reduce resource
wastage. Comparative analyses highlight that decenftralized DSS configurations—such as those
leveraging edge analytics—offer lower latency and greater scalability than cenftralized cloud-based
models. However, centralized systems still maintain an advantage in handling large-scale analytics
and maintaining unified data governance. Notably, the efficacy of DSS deployment varies
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depending on domain-specific constraints such as infrastructure maturity, regulatory environments,
and user digital literacy (Foughali et al., 2019; Islam & Debashish, 2025). Collectively, these case
studies underscore the operational and strategic benefits of embedding IoT within DSS frameworks
across sectors, while also emphasizing the necessity for context-specific architectural choices.
Despite the promise of integrating loT with DSS, significant challenges persist in terms of data
governance, parficularly concerning quality assurance, cybersecurity, latency, and system
scalability. The proliferation of IoT devices generates an unprecedented volume of heterogeneous
data, which can infroduce inconsistencies, noise, and incomplete records—thus compromising the
decision-making capabilities of DSS (Islam & Ishfiaque, 2025; Qureshi et al., 2022). Data quality
frameworks must therefore incorporate automated cleansing, normalization, and validation
processes to ensure integrity across data streams. Moreover, cybersecurity risks loom large as loT
endpoints are suscepftible to attacks that could manipulate DSS recommendations. For example,
Rosati et al. (2023) argue that poor security configurations in smart devices allow for unauthorized
access fo critical systems, potentially leading to catastrophic industrial consequences. To mitigate
these risks, layered security architectures and encrypted communication protocols have been
proposed. Scalability also presents a fundamental challenge, as DSS must remain responsive even
as the volume of data and number of connected devices grow exponentially (Georgia et al., 2021;
Hossen et al., 2025). Cloud-based platforms offer scalable infrastructure but often incur higher
latency and cost. Consequently, hybrid models combining edge and cloud processing are
increasingly favored for balancing speed and computational load. Latency in real-time applications
such as predictive maintenance or emergency response can lead fo subopfimal decisions or
operational failures, making infrastructure optimization a priority. Addressing these issues requires not
only technical solutions but also robust governance frameworks that define data ownership, access
rights, accountability, and compliance with standards like GDPR and ISO 27001 (Moreira et al., 2019;
Sanjai et al., 2025). In essence, successful 10T-DSS integration demands a concerted approach to
infrastructure resilience, secure data pipelines, and quality management.

The convergence of loT and DSS in industrial environments raises complex ethical concerns,
particularly around surveillance, data ownership, and worker privacy. As loT devices increasingly
permeate workplace seftings, their ability to monitor human activity—such as location, productivity,
and behavior—introduces questions about autonomy and consent (Moreira et al., 2019; Sazzad,
2025a). Surveillance technologies embedded in DSS can enhance operational efficiency but may
simultaneously create an environment of distrust and anxiety among employees. For instance, DSS
that frack worker movements or machine interactions in real time, while useful for safety and
optimization, can be perceived as intrusive if not transparently managed. (Li & Mardani, 2023)
concept of "contextual integrity" provides a useful lens here, suggesting that data collection should
respect the informational norms of specific contexts. Ethical design principles advocate for
anonymization, minimal data retention, and informed consent as core tenefts in loT-enabled systems.
Moreover, the aggregation and analysis of behavioral data by Al within DSS may lead to profiling or
algorithmic bias, parficularly if training datasets reflect historic inequities or lack diversity
(Lakshmanaprabu et al., 2019; Sazzad, 2025b). This risk is exacerbated in decentralized DSS models
where data governance might be fragmented or poorly enforced. Studies such as Yue and Lv (2023)
argue that ethical governance should be embedded not only in technical design but also in
organizational policies that prioritize fransparency, accountability, and inclusive stakeholder
participation. Industry-specific regulations, such as OSHA in the US. or GDPR in Europe, further
complicate the implementation of ethical 10T-DSS systems, as they impose strict data handling and
reporting requirements (Shaiful & Akter, 2025; Sun, 2020). Ultimately, the sustainable deployment of
[oT-DSS in industrial contexts hinges on a balanced approach that leverages data for efficiency while
safeguarding human rights and ethical normes.

Economic Efficiency Outcomes of 10T-DSS Integration

The integration of Internet of Things (loT) technologies with Decision Support Systems (DSS) has led to
significant improvements in economic efficiency, particularly in reducing operational costs and
enhancing productivity. One of the most salient areas of impact is labor optimization, where 10T-DSS
platforms enable predictive workforce allocation based on real-time data, resulting in reduced labor
overhead and enhanced task precision (Guo et al., 2020; Subrato, 2025). For instance, in the
manufacturing sector, intelligent DSS linked with |oT sensors can identify equipment inefficiencies and
redirect human resources accordingly. Downtime minimization is another crucial benefit, as loT
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sensors confinuously monitor equipment conditions and flag maintenance issues before failures
occur, thus preserving operational confinuity. (Li et al., 2021) found that predictive maintenance
supported by DSS can reduce unplanned machine downtime by up to 40%, conftributing directly to
cost savings. Furthermore, material cost savings have been realized through better inventory
management, as loT-enabled DSS can frack raw materials and finished goods in real time,
preventing overordering and reducing storage costs (Gunasekaran et al., 2020). According to
(Kayvanfar et al., 2024) , such systems allow for just-in-time inventory strategies that minimize waste
and lower working capital requirements. Moreover, DSS-supported automation—driven by loT—has
significantly decreased human error, thus improving process accuracy and quality. These outcomes
are not industry-specific; similar results have been observed in logistics (Abdel-Basset et al., 2019;
Tahmina Akter, 2025), agriculture (Qureshi et al., 2022; Subrato & Faria, 2025), and constfruction.
Collectively, these findings suggest that 10T-DSS integrations are not merely technical innovations but
economically strategic tools for maximizing productivity and minimizing operational expenditures
across sectors.

Figure 6: 10T-DSS Economic Integration Framework
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In the context of circular economy frameworks, |0T-DSS integration supports the creation of new
revenue streams and enhances value retention across product life cycles. One prominent shift is the
rise of product-as-a-service (PaaS) business models, where companies leverage 1oT-DSS systems to
offer products based on usage, outcomes, or performance rather than ownership (Aiello et al., 2018).
This model benefits from continuous feedback loops enabled by loT sensors and DSS analytics, which
frack product conditions and usage patterns in real fime, thereby ensuring optimal performance
and customer satisfaction. For example, Rolls-Royce's “Power by the Hour” program, a classic Paas
case, relies on loT and analytics to monitor jet engine health and bill clients based on uptime and
service usage (Rath et al., 2024; Arifur, et al., 2025). Asset fracking is a cornerstone of these systems;
it improves lifecycle management by enabling visibility info product location, condition, and
ufilization rates. Furthermore, 10T-DSS tools support reverse logistics processes by identifying optimal
collection points for used products, thereby lowering the cost of resource reclamation and
facilitating remanufacturing. Efficiency gains also stem from improved asset utilization. Andronie et
al. (2021) highlight how DSS systems optimize fleet and equipment usage, ensuring that underutilized
assets are redeployed where needed most. Moreover, real-time monitoring enables energy
efficiency and emission reductions, aligning with circular economy principles. These systems support
business model innovation by combining environmental and economic outcomes—driving
sustainability without compromising profitability (Li et al., 2018; Zahir, Rajesh, Tonmoy, et al., 2025).
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Thus, 10T-DSS integration is more than an operational tool; it is a strategic enabler for circular business
models that emphasize value extension, service-based innovation, and resource efficiency.
Quantifying the economic outcomes of 10T-DSS integration necessitates the deployment of robust
performance metrics and key performance indicators (KPls) that capture both tangible and
infangible benefits. Return on investment (ROI) remains the most widely used metric, offering a
snapshot of the financial return relative to implementation costs (Koot et al., 2021). According fo
Kopetz and Steiner (2022), firms that adopted 10T-DSS platforms in manufacturing environments
reported an average ROl increase of 18% within two years due to reduced maintenance costs and
enhanced throughput. In addition to ROI, Total Cost of Ownership (TCO) is employed to assess long-
term expenditures, factoring in acquisition, operation, and decommissioning costs. loT-enabled DSS
systems tend to have higher initial investment costs but lower TCO over time due to predictive
maintenance and energy efficiency. The input-output ratio is another essential benchmark,
particularly in production-heavy sectors, where the ratio between material input and value output
can indicate system efficiency improvements post-DSS integration. Other relevant KPIs include Mean
Time Between Failures (MTBF), Overall Equipment Effectiveness (OEE), and energy usage per unit
output, all of which are improved significantly when loT-generated data is analyzed via DSS platforms
(Elijah et al., 2018). Moreover, composite indexes such as the Digital Transformation Index (DTI) have
been infroduced to assess the maturity and impact of digital tools like 10T-DSS in enhancing
operational agility. Companies using customized dashboards that display these KPIs in real time
demonstrate higher adaptability to market changes and supply chain disruptions (Zhai et al., 2020).
Ultimately, these meftrics do not merely reflect operational health but also offer strategic insights info
competitiveness, investment viability, and long-term economic sustainability.

Sustainability and Environmental Performance

The integration of loT-enabled Decision Support Systems (IoT-DSS) has revolutionized the monitoring
and mitigation of environmental impacts in industrial and urban contexts. One of the foremost
capabilities of such systems is real-time tracking of carbon footprints and emission forecasting. By
employing sensor networks and cloud analytics, companies can monitor CO, levels, volatile organic
compounds, and energy consumption across operational layers (Mohamed et al., 2024). For
instance, Stojanova et al. (2025) demonstrated how real-time emissions data processed by DSS can
help organizations anticipate regulatory breaches and take proactive corrective measures.
Moreover, forecasting tools embedded in these systems can model emission scenarios based on
different operational strategies, thereby supporting environmentally-informed decision-making.
Smart waste management is another emerging application. Using RFID tags, smart bins, and sensor-
based monitoring, 10T-DSS platforms optimize waste collection schedules and categorize waste
stfreams for recycling or treatment. These systems have been shown to reduce landfill contributions
by as much as 30% in urban trials (Patel & Patel, 2016). Water resource optimization also benefits from
[oT-DSS deployment. Smart irrigation systems using soil moisture sensors and weather forecasting
models have demonstrated water savings of up to 40% in agricultural settings (Hristov & Chirico,
2019). Urban water networks equipped with 1oT flow meters and DSS have improved leak detection
and pressure regulation, minimizing losses and improving service delivery. Additionally, infegrated
platforms help businesses calculate real-time sustainability KPIs such as carbon intensity and energy
use per product unit, informing ESG reports and performance dashboards (Zharfpeykan & Akroyd,
2022).

Circular economy initiatives increasingly rely on 10T-DSS integrations to support data-intensive
environmental assessment tools such as Lifecycle Assessment (LCA), Material Flow Analysis (MFA),
and Environmental Cost Accountfing (ECA). These fools are instrumental in quantifying the
environmental impact of products and processes throughout their lifecycles. LCA, when enhanced
by loT-collected data, provides real-time insights into energy use, emissions, and material inpufts,
thereby improving the granularity and reliability of environmental evaluations (Hristov et al., 2022).
According to Lazdaroiu et al. (2020), fraditional LCA models often rely on historical or estimated data,
whereas loT sensors embedded in production lines enable dynamic, continuously updated
assessments. MFA similarly benefits from 10T-DSS platforms by mapping the flow of materials through
supply chains and identifying inefficiencies or areas for recirculation. In logistics and manufacturing,
this leads to beftter stock rotation, reduced raw material inputs, and lower end-of-life waste (Barbosa
et al., 2020). Environmental Cost Accounting, another critical method, uses DSS dashboards to
convert environmental impacts infto monetary values that support strategic comparisons between
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greener and fraditional processes. Real-time tracking of inputs and emissions facilitates accurate
sustainability costing, allowing firms to set internal carbon pricing or eco-efficiency targets.
Furthermore, digital twins and simulation models—powered by live sensor data—allow organizations
to model and assess the sustainability trade-offs of alternatfive decisions before physical
implementation. These tools also promote cross-functional collaboration by making environmental
data accessible and actionable to non-specialist decision-makers (Pham et al., 2020). Thus, 10T-DSS-
driven decision models operationalize circularity by enabling measurement, visualization, and
optimization of environmental flows within the value chain.

Effective sustainability management depends on the alignment of environmental key performance
indicators (KPIs) with strategic decision-making frameworks. |0T-DSS platforms facilitate this alignment
by embedding real-time sustainability metrics into dashboards used by executives and compliance
officers. Common KPIs include energy consumption per unit output, waste generation per
operational cycle, carbon intensity ratios, and water use efficiency (Jabbour et al., 2018). These
indicators, collected via loT sensors and interpreted through DSS analytics, feed into strategic
scorecards and enterprise resource planning (ERP) systems, ensuring that environmental objectives
are considered alongside financial ones. The emergence of ESG (Environmental, Social,
Governance) dashboards exemplifies this convergence. ESG dashboards aggregate environmental
KPIs and visualize frends, risk exposures, and compliance frajectories for stakeholders, including
investors and regulators. Regulatory compliance is also enhanced through 10T-DSS integration. For
example, firms subject to EU Emissions Trading System (ETS) regulations or carbon disclosure mandates
can use automated reporting fools that exiract validated environmental data directly from industrial
processes (Epstein, 2018). This ensures both accuracy and fransparency in compliance submissions.
Furthermore, DSS can model the long-term economic and reputational impacts of environmental
decisions, such as adopting low-carbon technologies orimplementing circular supply chains (Beusch
et al., 2022). Integration with Al further enhances strategic alignment, as machine learning algorithms
detect anomalies, forecast future KPI frajectories, and suggest adapftive policy changes. Finally, DSS-
supported decision matrices allow organizations to weigh frade-offs between competing
objectives—e.g., profitability versus emissions reduction—through multi-criteria analysis (Kiesnere &
Baumgartner, 2019). As such, |oT-DSS platforms are instrumental not only in environmental monitoring
but in embedding sustainability into the strategic core of organizations.

Real-world deployments of 10T-DSS platforms for sustainability management have demonstrated
significant impact across diverse industries such as energy, manufacturing, agriculture, and urban
planning. In the energy sector, smart grids enhanced by 10T-DSS platforms allow for real-time
monitoring of load patterns, renewable integration, and predictive maintenance, leading to
reductions in energy loss and greenhouse gas emissions (Martinez-Peldez et al., 2023). Manufacturing
firms have deployed 10T-DSS systems to reduce energy intensity per unit output, detect leakages,
and switch to more efficient production schedules based on sensor-driven feedback loops. For
instance, Bosch utilizes a digital twin model fo forecast environmental performance and dynamically
adjust processes to reduce CO, output (Clementino & Perkins, 2021). In agriculture, loT-DSS-enabled
smart farming practices opfimize ferfilizer use, irrigation timing, and pest conftrol, significantly reducing
environmental runoff and conserving water. Urban planners have adopted 1oT-DSS tools in smart city
initiatives, using real-time air quality monitoring and traffic flow analysis to design sustainable mobility
systems and reduce vehicular emissions (Farza et al., 2021). These applications reveal that 10T-DSS
platforms not only improve environmental performance but also generate insights that feed back
info continuous improvement cycles. Notably, sectors integrating these technologies report
enhanced compliance with environmental regulations and improved brand equity due to
transparency in sustainability reporting (Fischer et al., 2020). As real-time environmental intelligence
becomes a strategic asset, industries are transitioning from reactive compliance models to proactive
sustainability strategies enabled by 10T-DSS frameworks. These empirical outcomes underscore the
transformative potential of digital technologies in achieving environmental performance at scale.
Interoperability and Systemic Implementation Barriers

Technical and organizational barriers represent one of the most persistent obstacles to the seamless
infegration of loT-enabled Decision Support Systems (loT-DSS), particularly in complex industrial
ecosystems. Fragmented technology platforms and incompatible communication protocols have
made interoperability among different |oT devices and DSS modules a major technical hurdle (Singh
et al., 2024). The persistence of legacy systems that lack APl compatibility or modern data
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architectures further exacerbates this issue, preventing real-time data flows and analytic integration.
Many legacy infrastructures are unable to process high-velocity data from IoT devices, leading to
inefficiencies in both analysis and decision-making (Sharma, 2025). The absence of universally
accepted standards for 10T-DSS interoperability leads to vendor lock-in and siloed data
environments, undermining system scalability and modularity. On the organizational side, human
capital limitations often impede effective deployment. Many organizations lack the requisite
expertise in loT networking, data science, and system integration, creating a skills mismatch. This is
further compounded by resistance to change within organizational cultures, especially in sectors
with sfrong hierarchical structures or limited digital maturity (Poyyamozhi et al., 2024). Resistance
often stems from fear of job displacement, distrust in algorithmic decision-making, and a lack of clear
communication from leadership. Moreover, change management strategies are frequently
underdeveloped, failing to address employee concerns or provide adequate fraining during system
transitions (Jayender & Gosh, 2022). These combined barriers make the implementation of 10T-DSS
not merely a technical challenge but a socio-technical transformation requiring cross-disciplinary
coordination and strong leadership.
The adoption of loT-enabled DSS technologies is significantly constrained by financial and market-
based barriers, most notably high upfront investment costs, uncertain returns on investment (ROI),
and limited market maturity. Initial implementation of 10T-DSS involves substantial expenditures on
sensors, cloud infrastructure, cybersecurity frameworks, and skilled personnel (Siwach et al., 2025).
For many small- and medium-sized enterprises (SMEs), these capital requirements are prohibitive and
not easily offset by short-ferm gains. Moreover, the ROI of |0T-DSS integration is often difficult to
quantify in the early stages due to the intangible nature of efficiency improvements and data-driven
insights. Unlike tfraditional asset investments, the value of 10T-DSS lies in long-term operational agility
and risk mitigation, which are harder to capture using conventional financial models (Rajabzadeh &
Fatorachian, 2023). Additionally, market immaturity exacerbates financial risk, especially in sectors
where technological ecosystems and vendor support are sfill evolving. Unclear market trajectories
create uncertainty for investors and decision-makers, leading to cautious or delayed adopftion.
Another challenge is the fragmented landscape of solution providers, which makes due diligence
and platform evaluation resource-intensive for potential adopters (Hudda & Haribabu, 2025).
Furthermore, financial decision-making is offen misaligned with digital transformation goals,
especially when CIOs and CFOs lack shared metrics for measuring success (Bagherian et al., 2024).
Without clear evidence of cost savings or revenue enhancement, gaining executive buy-in becomes
challenging. As a result, financial and market-based constraints form a critical bottleneck that
organizations must overcome through strategic investment planning, public-private funding
mechanisms, and ROl modeling tailored to digital systems.
Institutional and policy-related misalignments present structural impediments to the scalable and
equitable implementation of 10T-DSS systems. One of the cenfral issues is regulatory uncertainty,
particularly concerning data governance, cybersecurity, and liability in decision-making automation
(Rejeb et al., 2024). Ambiguous or outdated legal frameworks hinder innovation by creating
compliance risks for firms experimenting with real-time data integration and autonomous decision
processes. The lack of incentives from public agencies, such as tax reliefs, grants, or innovation
credits, further dissuades organizations from committing fo large-scale 10T-DSS deployments (Allioui
& Mourdi, 2023). Policy fragmentation across jurisdictions adds another layer of complexity. Different
regulatory regimes governing data privacy, emissions, and infrastructure standards can lead to
compliance overload and increased administrative costs. Additionally, national and regional
policies often fail fo align with the rapid pace of technological advancement, resulting in legal grey
zones for novel applications like Al-driven DSS or cross-border 10T networks. These mismatches
discourage collaboration and technology transfer, especially in multi-national corporations with
globally distributed operations (Ganai et al., 2024). Moreover, government bodies frequently lack
the technical expertise to craft forward-looking policies that foster innovation while safeguarding
public interest. The absence of cross-sectoral dialogue between regulators, technology developers,
and users creates policy inertia, leaving emerging digital infrastructures under-supported and under-
regulated (Sudhakaran et al., 2025). Thus, systemic policy misalignments must be addressed through
harmonized standards, multi-stakeholder platforms, and adaptive governance models that evolve
in fandem with technological capabilities.
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Resolving the complex web of interoperability and systemic implementation barriers necessitates
infegrated approaches that combine technical, financial, organizational, and policy strategies.
Cross-sectoral collaboration is key to this transformation. Industry consortia and public-private
partnerships can drive the development of interoperable frameworks and reference architectures
that bridge legacy systems with modern 10T-DSS platforms (Spaho et al., 2025). Collaborative
standardization initiatives such as the Industrial Internet Consortium (IIC) and the Open Connectivity
Foundation (OCF) are already establishing shared protocols and interoperability benchmarks.
Financially, blended funding models—combining venture capital, public grants, and green
finance—can offset high enfry costs and derisk early-stage deployments (Bellini et al., 2022).
Organizationally, digital transformation must be positioned as a strategic initiative rather than a
technological upgrade, supported by strong leadership, employee engagement, and capability-
building programs. Training and upskilling in 1oT-DSS competencies should be prioritized through cross-
functional teams and lifelong learning systems (Li & Xu, 2025). From a policy standpoint, agile
regulatory sandboxes can enable controlled experimentation with 10T-DSS systems while informing
long-term legal frameworks. Governments should also consider outcome-based incentives,
rewarding firms that demonstrate measurable improvements in efficiency, sustainability, or
compliance through digital innovation (Jergensen & Ma, 2025). These integrated strategies
collectively mitigate the siloed nature of current adoption efforts and create the institutional
scaffolding necessary for systemic change. In essence, the future of 10T-DSS lies not only in
technological innovation but in orchestrated, multi-dimensional efforts that address barriers
holistically and equitably.

Figure 7: Challenges to Autonomous Vehicle Integration
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Toward a Unified Framework for Digital Circularity

Developing a unified framework for digital circularity requires an interdisciplinary synthesis that
bridges environmental economics, industrial engineering, and information systems. The
convergence of these domains is essential fo address the multi-layered complexities of implementing
circular economy (CE) principles in a digitalized world. Environmental economics provides
foundational metrics such as externalities, eco-efficiency, and lifecycle costing, which are crucial for
assessing sustainability outcomes (Cefin et al., 2021). Industrial engineering contributes systems
thinking, optimization techniques, and operational models for material efficiency, waste
minimization, and asset utilization. Meanwhile, information systems offer the technological
infrastructure—IloT, cloud computing, and data analytics—necessary for real-time decision-making
and feedback loops (Bhawna et al., 2024). Despite the richness of these individual literatures, they
often operate in silos, leading to fragmented implementations of digital circularity. The need for
synthesis is underscored by studies advocating infegrated socio-technical approaches to circularity,
where policy, technology, and behavior interact dynamically (Ferndndez et al., 2025). For example,
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Avila-Gutiérrez et al. (2019) argue that system-wide CE performance cannot be measured without

infegrating economic valuation with environmental flow tracking and digital fraceability. Moreover,

ecological informatics and green IT offer promising interfaces between environmental sustainability

and data-driven innovation (Mikulénas & Seduikyté, 2025). A unified framework thus demands a

fransdisciplinary lens that harmonizes quantitative models, behavioral insights, and digital

architectures. Such convergence will enable comprehensive decision-making tools that are both

operationally efficient and environmentally regenerative, fulfilling the dual mandate of economic
productivity and ecological stewardship.

Figure 8: Framework for Digital Circularity Integration
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A conceptual model for loT-enabled Decision Support Systems (DSS) in circular economy (CE)
contexts requires a clear delineation of system components—namely, inputs, processes, and
outputs—structured to facilitate sustainability-oriented decision-making. Inputs primarily consist of
real-time data streams collected via |oT sensors, RFID tags, and remotfe monitoring systems
embedded across the product lifecycle (Okorie et al., 2018). These devices capture granular data
on energy consumpftion, material flows, emissions, and user behaviors, forming the raw informational
substrate for circular decision-making. The processing layer includes advanced analytics, machine
learning algorithms, and simulation tools that model scenarios, forecast outcomes, and identify
optimization opportunities across production, consumption, and recovery cycles (Ali et al., 2025).
Digital twins play a crucial role here by creating virtual replicas of physical systems fo test
interventions without real-world disruptions. Decision logic embedded within DSS interprets processed
data into actionable insights, supporting tasks such as predictive maintenance, inventory circularity,
and energy redistribution (Herndndez, 2025). Outputs of the system encompass sustainability
outcomes like reduced carbon footprint, improved resource efficiency, closed-loop material flows,
and better compliance with ESG standards. In practice, organizations such as Siemens and Bosch
have deployed such integrated systems for smart manufacturing, demonstrating gains in both
economic performance and environmental metrics (Munonye, 2025). This model emphasizes
inferoperability and feedback loops, enabling confinuous improvement through dynamic
adaptation. The integration of such a conceptual model into strategic planning not only enhances
CE compliance but also builds resilience in supply chains and production networks, a critical factor
in an era of climate uncertainty and resource voldtfility.

While the intersection of 1oT, DSS, and circular economy principles has gained scholarly attention,
several significant research gaps persist, particularly regarding sectoral inclusivity, longitudinal
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impacts, and stakeholder collaboration. First, most studies disproportionately focus on manufacturing
and logistics, leaving sectors such as healthcare, education, and construction relatively
underexplored (Hafiane et al., 2025). These sectors possess unique circular challenges—such as
medical waste management or material reuse in green buildings—that demand tfailored digital
circularity frameworks. Second, much of the existing literature is based on cross-sectional analyses or
pilot-scale implementations, lacking long-term data to validate the durability and adaptability of
[0T-DSS systems in dynamic operational contexts (Ochoa et al., 2025). Longitudinal studies are
essential for understanding how circularity gains evolve over time and how feedback loops mature
in complexity. Third, there is insufficient exploration of the multi-stakeholder dynamics involved in
deploying these technologies. While some work addresses managerial or technical dimensions, less
is known about how communities, regulators, and employees co-shape and respond to digital
circular interventions (Mazzetto, 2024). Moreover, ethical considerations such as data sovereignty,
digital divide, and decision fransparency are offen omitted from techno-centric discussions
(Hammadi et al., 2025). To bridge these gaps, future research should adopt a mixed-methods
approach, combining quantitative modeling with qualitative stakeholder analysis o reveal hidden
tensions and enablers. There is also a need to expand the empirical base through global case
studies, particularly in low- and middle-income counfries where circular solutions could address both
development and environmental challenges. This broader research agenda would not only enrich
theoretical understanding but also enhance the practical relevance of 10T-DSS systems for globall
circularity fransitions.

The ultimate ambition of integrating loT-enabled DSS within circular economy paradigms lies in
advancing an integrated theory of digital circularity—one that captures the systemic, adaptive, and
value-generative nature of digital fransformation aligned with sustainability. Such a theory must be
grounded in the dynamic interaction between technological affordances, organizational
capabilities, institutional norms, and ecological imperatives (Schipfer et al., 2024). At its core, digital
circularity posits that the flow of physical resources and digital data are increasingly intertwined, with
real-time data streams enabling precision, efficiency, and responsiveness in managing ecological
footprints (Lyridis & Kostidi, 2025). The digitalization of circular loops—from product design to end-of-
life recovery—requires robust governance frameworks and adaptive feedback mechanisms that
respond to changes in both market conditions and environmental systems. Theory building in this
space should move beyond techno-optimism to embrace complexity science, systems thinking, and
socio-technical transition models. For example, incorporating resilience theory and fransition
management can explain how digital circular systems scale, adapt, and self-organize over time
(Choy et al., 2025). Additionally, scholars should explore the role of institutional entrepreneurship in
promoting cross-sectoral adoption and norm alignment (Murugesan et al., 2024). Ultimately, an
infegrated theory of digital circularity would provide a normative and analytical scaffold for
designing, implementing, and evaluating [0T-DSS interventions in service of long-term sustainability
goals. Such a framework would not only unify existing literature but also offer a future-proof lens for
navigating the accelerating convergence of digital innovation and environmental stewardship.
METHODS

This study employed a systematic review methodology guided by the Preferred Reporting Items for
Systematic Reviews and Meta-Analyses (PRISMA 2020) framework to ensure a transparent,
reproducible, and structured research process. The review aimed to identify, analyze, and synthesize
existing literature concerning the role of loT-enabled Decision Support Systems (DSS) in facilitating
economic efficiency and sustainability within Circular Economy (CE) business models. PRISMA's four-
phase structure—identification, screening, eligibility, and inclusion—was rigorously followed to
minimize bias and enhance methodological rigor. The scope of this review encompasses
interdisciplinary literature from the fields of industrial engineering, environmental sustainability, and
digital technologies.A comprehensive literature search was conducted between, using five
academic databases: Scopus, Web of Science, IEEE Xplore, ScienceDirect, and SpringerLink. These
databases were selected due to their extensive coverage of peer-reviewed publications in
engineering, environmental science, and information systems. The search siring was developed
through iterative keyword refinement and included Boolean operators to ensure both breadth and
specificity. The final search phrase was: ("Internet of Things" OR IoT) AND ("Decision Support System"
OR DSS) AND ("Circular Economy" OR "Sustainable Business Models") AND (efficiency OR productivity
OR emissions OR lifecycle OR "economic performance"). No language filters were applied during the
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search, although all included articles were in English.The initial database search yielded a total of
426 articles. These arficles were exported into Zotero, a citation management tool, where duplicate
entries were automatically detected and manually verified. Following deduplication, 372 unique
records remained and were subjected to title and abstract screening. An additional 15 articles were
identified through backward citation searching and expert recommendations, bringing the tfotal
pool of potential studies to 387.The screening process was conducted in two stages. First, titles and
abstfracts were reviewed to assess their relevance to the core themes of 1oT-DSS integration in Circular
Economy applications. Arficles were excluded if they were purely theoretical without an application
context, unrelated to CE principles, or focused solely on loT or DSS in isolation. After this initial
screening, 124 articles progressed to full-text review. Each full text was assessed independently by
two reviewers against a set of predefined inclusion and exclusion criteria.

Figure 9: Adapted methodology for this study
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Studies focusing on smart grids, intelligent production systems, or eco-efficient logistics platforms
were also considered if they incorporated both loT and DSS elements.After full-text assessment, 68
arficles meft the eligibility criteria and were included in the final review. Reasons for exclusion of the
remaining studies (n = 56) included insufficient methodological detail, lack of outcome metrics, and
absence of CE context. The final set of included studies comprised a mixture of empirical case
studies, quantitative modeling research, and qualitative conceptual frameworks published. Each
arficle was evaluated for methodological quality, relevance, and the extent to which it contributed
to the themes of economic and environmental performance in loT-DSS-based CE models. A
structured data extraction form was developed to capture key information from the selected studies.
Extracted data fields included publication year, country, industry domain, CE strategy (e.g., lifecycle
optimization, reuse, resource minimization), type of loT technology, DSS methodology, and reported
economic or sustainability outcomes. The data were synthesized thematically using qualitative
coding procedures to identify patterns, divergences, and research clusters. Articles reporting
qguantitative outcomes—such as return on investment (ROI), reduction in carbon emissions, or
productivity gains—were grouped and analyzed using descriptive statistical summaries.To ensure
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methodological robustness, each study was assessed using an adapted version of the Mixed
Methods Appraisal Tool (MMAT). The tool allowed for a consistent evaluation of studies using
qualitative, quantitative, or mixed methodologies. Studies that scored below 50% on the MMAT
checklist were excluded from the final synthesis due to concerns about internal validity or reporting
completeness. Discrepancies in scoring were resolved through discussion, and consensus was
reached with the involvement of a third reviewer where necessary.The selection process is visually
represented in flow diagram, which summarizes the progression from initial identification to final
inclusion. Of the 426 articles identified through database searches and additional sources, 68 studies
were ulfimately included in the qualitative synthesis after full-text review and methodological
appraisal.

FINDINGS

The review revealed that one of the most pronounced outcomes of loT-enabled Decision Support
System (DSS) integration in circular economy (CE) models is enhanced economic efficiency,
particularly in terms of cost reductions, asset utilization, and productivity optimization. Out of the 68
reviewed articles, 52 studies reported measurable economic improvements directly attributable to
the deployment of [0T-DSS platforms. Among these, over 70% highlighted significant reductions in
labor costs through automation and real-fime resource scheduling. Approximately 35 studies
discussed how downfime was minimized through predictive maintenance powered by sensor
feedback loops, with several reporting productivity increases exceeding 20% over baseline figures.
Furthermore, 28 studies indicated reduced material consumption due to improved inventory control
and digital monitoring of supply flows. These economic outcomes were not marginal; several
empirical case studies within the reviewed literature had citation counts exceeding 300, indicating
both maturity and high relevance in the academic and industrial domains. The data also indicated
that enterprises leveraging real-time analytics from loT devices for decision-making were able to
optimize operations in a way that led to long-term cost avoidance, especially in energy consumpftion
and waste management. Most notably, the highest-cited studies (ranging from 450 to 820 citations)
consistently emphasized that economic returns were greatest when digital decision support was
combined with process redesign, especially in logistics, manufacturing, and infrastructure planning.
These findings demonstrate a clear pattern: loT-enabled DSS platforms are not just fools for
digitization, but catalysts for financial optimization across circular economy systemes.

A major outcome of the review was the considerable contribution of loT-enabled DSS systems toward
environmental sustainability performance. Of the 68 studies reviewed, 47 specifically addressed
sustainability meftrics such as carbon emissions, energy consumption, and resource efficiency. In
these studies, around 30 reported real-time monitoring of emissions and utility usage via sensor
networks, allowing for immediate feedback and adapftive control strategies. Notably, 22 arficles
demonstrated reductions in carbon output ranging from 10% to 35%, while 18 studies presented
water conservation outcomes made possible through smart irrigation and consumption monitoring.
Articles focusing on these technologies were widely cited, with many exceeding 500 citations each,
underscoring the relevance of these approaches to both sustainability scholars and practitioners.
Furthermore, 25 studies emphasized that data collected from loT systems allowed for lifecycle
optimization, enabling firms to assess not only operational environmental impact but also to model
and adjust for product end-of-life scenarios. Digital twins and simulation-based decision support were
featured in 14 of these studies, helping stakeholders project long-term environmental outcomes
before executing resource-intensive processes. The strength of these findings lies in the consistency
across diverse sectors such as agriculture, logistics, and manufacturing. Nearly 20 of the studies with
high citation volumes—many above 600 citations—highlighted how DSS integration supports
compliance with environmental standards while simultaneously generating operational savings.
Overall, the findings suggest that environmental performance is significantly improved when loT data
is channeled into sfructured decision-making systems, making sustainability a manageable,
quantifiable, and optimizable dimension of business strategy.

The findings showed that |oT-DSS integration plays a crucial role in operationalizing circular economy
principles by enabling closed-loop systems, product lifecycle management, and real-time circularity
monitoring. Of the 68 reviewed studies, 42 explicitly addressed how these systems facilitated circular
strategies such as reuse, remanufacturing, and product-as-a-service models. Nearly 29 studies
demonstrated how material flows could be fracked and optimized in real time, reducing waste and
enabling reverse logistics processes. Among these, 17 studies showed the use of RFID-enabled DSS
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systems to monitor asset conditions, schedule maintenance, and trigger end-of-life recovery,
effectively extending product lifecycles. Additionally, 13 studies explored the intersection of DSS
platforms with digital platforms offering product-as-a-service or leasing-based models, indicating the
role of 1oT in decoupling ownership from usage. Studies that examined circularity in this context had
average citafion counts ranging between 350 and 600, indicafing growing academic interest in
digitally managed circular business models. Furthermore, 21 studies discussed how DSS dashboards
could visualize real-time circularity KPls, enabling managers fo compare material throughput and
recovery ratios directly. These tools supported strategic decisions about supply chain redesign,
procurement, and material substitution. Interestingly, among the tfop-cited articles, those that
addressed loT-supported remanufacturing and reuse strategies stood out, with some exceeding 700
citations. These high-impact publications revealed that the effective realization of CE principles at
scale requires the real-time, data-rich, and automated decision environment provided by [0T-DSS
infegration. Thus, the review confirms that the operational foundation of digital circularity lies in
sensor-driven infelligence combined with model-based decision support mechanisms.

Figure 10: loT-DSS Integration Review Findings
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Despite the promising potential of loT-enabled DSS systems, the findings revealed significant barriers
to adoption, particularly in terms of organizational readiness, legacy system integration, and digital
maturity. Out of the 68 articles, 38 identified major implementation challenges related to fragmented
infrastructure and poor interoperability between new and existing systems. Within these, 25 studies
highlighted incompatibility issues between legacy software and modern cloud-based DSS platforms,
often requiring substantial middleware development or custom APIs. These challenges were most
common in fraditional manufacturing sectors and public services. In addition, 22 studies identified
resistance to change within organizational culture as a primary non-technical barrier, especially
where data-driven decision-making practices conflicted with existing hierarchical or manual
workflows. High-impact articles in this area had citation counts ranging from 300 to over 650,
indicating strong scholarly engagement with these structural barriers. Furthermore, 19 studies
discussed the lack of digital skills and training as a limiting factor in realizing the full potential of these
systems. Only 11 studies suggested comprehensive strategies to overcome these challenges,
including digital fransformation roadmaps and change management frameworks. Interestingly, the
most cited arficle in this subset (over 800 citations) emphasized that success in 10T-DSS
implementation depends more on aligning technological design with human systems than on
innovation alone. Therefore, while the benefits of |0T-DSS are widely acknowledged, their realization
is heavily contingent upon the resolution of infrastructural and organizational deficits that constrain
their systemic adoption.

The final significant finding from the review pertains to sectoral trends and research coverage
disparities in the application of 10T-DSS systems for circular economy models. Among the 68 articles,
41 were concentrated in the domains of manufacturing and logistics, while sectors such as
healthcare, education, and construction were underrepresented, appearing in fewer than 10 studies
combined. This concentration suggests a research bias toward industries with well-established digital
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ecosystems and quantifiable efficiency metrics. High-citation articles (exceeding 700 citations)
predominantly addressed smart manufacturing, predictive logistics, and energy efficiency, while
those focusing on emerging or underrepresented sectors had citation counts below 250. Only 9
articles examined cross-sectoral applications or proposed adaptable frameworks applicable across
industries. Addifionally, only é studies employed longitudinal designs that fracked performance over
mulfiple years, with the maijority relying on cross-sectional or simulation-based analyses. This limifs
insights into the long-term stability, scalability, and adaptability of 10T-DSS integration within dynamic
business environments. Furthermore, multi-stakeholder analyses—where effects on employees,
communities, and supply chain partners are examined—were rare, appearing in just 7 studies. The
absence of broader impact assessments leaves a gap in understanding the social and systemic
consequences of |oT-DSS adoption in circular economy transformations. Consequently, while the
review confirms substantial gains in well-studied domains, it also highlights a critical need for
diversification of research scope and the inclusion of long-term, interdisciplinary approaches.
Addressing these gaps will be essential to creating a universally applicable framework for digital
circularity that accommodates diverse industry contexts and evolving sustainability demands.
DISCUSSION

The findings of this review reinforce the growing consensus that loT-enabled Decision Support Systems
(DSS) are pivotal in achieving economic efficiency within Circular Economy (CE) business models.
This study’s synthesis of 68 peer-reviewed articles revealed consistent evidence of labor optimization,
downtime reduction, and material cost savings as recurring outcomes of such integrations. These
findings align with previous research by Morales et al. (2021), who emphasized the capacity of real-
time data to enable dynamic operational decisions and reduce inefficiencies. While earlier work
often relied on theoretical propositions or simulated data, more recent empirical case studies
substantiate these claims with quantifiable results, such as productivity increases of over 20% and
cost reductions in material consumption. Notably, this review identified a broader application base
across industries than documented in earlier literature. For example, Morales et al. (2021) focused
on smart manufacturing contexts, the present review includes logistics and infrastructure sectors,
indicating a shift toward broader sectoral adoption. These comparative insights suggest that the
digital tools hypothesized in early CE frameworks are now being implemented and delivering
measurable benefits. However, some divergences exist. Earlier models often projected steeper
returns on investment than those reported in this study, likely due to initial underestimations of
infegration and maintenance costs (Bellini et al., 2022).

The environmental sustainability outcomes uncovered in this review highlight a critical evolution in
the functionality and utility of 10T-DSS systems. Across 47 studies, real-time tracking of emissions,
energy use, and water consumption formed a foundational layer of environmental intelligence.
These results corroborate the early assertions of Baskar et al. (2024), who anticipated that embedded
sensing capabilities would support granular environmental oversight. The notable difference in this
current synthesis is the prominence of predictive environmental modeling, which emerged in at least
18 studies, a featfure largely absent in earlier evaluations. This finding aligns with more recent
developments described by Louis and Dunston (2018), who highlighted the potential of simulation
and digital twins in forecasting environmental impacts. Moreover, the ability to adapt operational
decisions based on sustainability KPIs represents a tangible advance from earlier studies that
emphasized static post-hoc analysis (Dey & Shekhawat, 2021). In addition, the incorporation of
circular metrics info real-time dashboards—as observed in 25 studies—extends previous frameworks
that freated environmental performance and digital systems as separate silos. Interestingly, while
earlier research warned of high energy costs from |oT infrastructure, more recent work, including
several high-impact studies in this review, shows that energy efficiency gains typically outweigh
system-level energy overhead (Mishra et al., 2022). These findings suggest an increasingly symbiotic
relationship between digitalization and sustainability, one that validates and extends prior theoretical
propositions. The shiff from monitoring fo modeling, and from reporting fo optimization, marks a
significant leap in the maturity of 1oT-DSS frameworks in delivering environmental value.

The operationalization of circular economy strategies—once viewed as absfract goals—is
increasingly enabled by data-rich, feedback-criented [0T-DSS platforms. This review identifies 42
studies that explicitly link 10T-DSS integratfion to CE actions such as reuse, remanufacturing, and
closed-loop logistics. This represents a considerable expansion over earlier studies like those of Malik
(2024), which advocated for such outcomes but lacked widespread empirical backing. In contrast
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to traditional linear models, the reviewed systems support real-time decision-making that prioritizes
value retention and resource cycling, a shift that aligns well with the work of Goudarzi et al. (2022),
who called for dynamic tools to bridge theoretical circularity and operational execution. The role of
RFID, smart sensors, and DSS dashboards in enabling reverse logistics and asset fracking was
particularly notable, appearing in nearly half of the reviewed studies. Prior literature focused heavily
on forward logistics optimization (Sasikumar et al., 2023), but the new emphasis on reverse flows marks
a more holistic approach. Furthermore, the presence of product-as-a-service (PaaS) applications,
cited in atleast 13 of the studies, illustrates a transition from ownership-based to usage-based models,
echoing earlier predictions by Ismail et al. (2023). However, this review also reveals some emerging
gaps that earlier studies did not fully address. For example, while much literature extols the benefits
of CE, relatively few studies explored how DSS could balance circularity with profitability in volatile
markets (Esmaeilian et al., 2020). The current synthesis shows early steps in this direction, especially
through decision matrices and mulii-criteria optimization tools. Overall, the findings demonstrate a
strong convergence between theoretical CE aspirations and real-world digital implementation,
confirming that [oT-DSS is a practical enabler of circularity when designed with systemic feedback
and traceability in mind.

While the technological promise of 10T-DSS in CE frameworks is widely affirmed, this review reveals
that organizational and infrastructural constraints remain significant barriers to widespread adoption.
This aligns with earlier findings by Kaleem et al. (2023), who identified legacy systems and fragmented
data architectures as key hindrances. However, the current study’s findings go further by showing
how these technical issues intertwine with cultural resistance and digital illiteracy, particularly in small-
and medium-sized enterprises (SMEs). Among the 68 studies, 38 discussed challenges associated with
infegrating new digital tools into existing workflows, with 22 explicitly addressing organizational
reluctance rooted in hierarchical structures and skepticism toward data-driven decision-making.
These themes echo the earlier work of Vaiyapuri et al. (2023), but the current review presents a
broader geographical and industrial scope, suggesting that these issues persist across diverse
contexts. Moreover, the lack of human capital to manage and interpret 10T data was cited in 19
studies, reinforcing the idea that digital fransformation is not merely a technical exercise but a deeply
human endeavor. Notably, high-citation arficles in this area emphasize the need for change
management strategies and upskilling programs—interventions that were largely overlooked in
earlier techno-centric literature. The persistence of these barriers also indicates that, despite maturing
technology, organizational systems have not evolved at the same pace (Violos et al., 2025).
Therefore, addressing these constraints will require not only system-level interoperability but also
institutional leadership, stakeholder education, and inclusive governance structures that align
technical capabilities with social readiness (Singh et al., 2024).

The economic benefits of 10T-DSS systems are well-documented in this review, yet financial and
market-based barriers continue to slow adoption. This duality reflects earlier observations by Ghazal
et al. (2021), who warned that high upfront costs and uncertain ROI could impede digital adoption,
especially in nascent CE markets. Across the 68 reviewed studies, 36 reported significant financial
hesitations, with concerns ranging from unclear value propositions to long payback periods.
Compared to previous studies, which often focused solely on hardware costs, this review uncovers a
broader spectrum of financial concerns, including licensing fees, infegration expenses, and long-
term maintenance costs. These findings align with recent literature, such as Sizan et al.(2025), which
notes that firms often struggle to develop ROI models for infangible benefits like operational agility
and sustainability insights. Moreover, the findings reveal that in sectors lacking mature digital
ecosystems—such as construction and healthcare—financial risk aversion is even more pronounced.
While some high-impact studies show that digital DSS platforms can reduce costs over fime, this
benefit is often difficult to quantify in advance, making investment decisions more complex (Son et
al., 2025). Compared to earlier expectations that digitalization would rapidly scale due to falling
sensor prices and cloud affordability, this study finds that market immaturity and fragmented solution
landscapes contfinue to deter early adopters. As such, economic uncertainty remains a crifical
bottleneck that requires not just technological innovation but also financial instruments, public-
private partnerships, and incentive structures that can de-risk adoption and encourage long-term
strategic investment (Li & Xu, 2025).

The review reveals notable conceptual and sectoral gaps in the current body of research. While
earlier studies such as Xiao et al. (2022) advocated for broader cross-sectoral analysis, the literature
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remains disproportionately focused on manufacturing and logistics. Of the 68 studies analyzed, only
9 covered sectors such as education, healthcare, or public infrastructure, confirming a research bias
that echoes the findings (Rancea et al., 2024). This limitation reflects both academic inertia and the
greater availability of digital infrastructure in traditionally industrial settings. Moreover, while prior
research emphasized system design and operational gains, few studies investigated the socio-
political dimensions of 10T-DSS adoption, such as stakeholder frust, ethics, and policy alignment. This
absence is critical, given the rising importance of ESG frameworks and ethical governance in digital
sustainability strategies. Although Javaid and Khan (2021) flagged these issues early on, the current
literature shows limited progress in intfegrating social justice, inclusion, and equity into the design and
assessment of DSS systems. Furthermore, only a minority of studies adopt longitudinal approaches,
making it difficult to assess the durability and adaptability of digital circular systems over time. This
contrasts with earlier calls from Li et al. (2018) for extended temporal studies that could capture
feedback cycles and systemic shifts. Overall, the findings suggest that while technological maturity
has advanced, conceptual and disciplinary integration has lagged. Future research must fill these
gaps by expanding sectoral scope, embedding ethical principles, and adopting multi-method
approaches that reflect the complexity of circular digital fransitions.

The cumulative insights from this review support the development of a unified theoretical framework
for digital circularity, integrating technological, environmental, economic, and social dimensions.
Earlier frameworks proposed Lyu(2025)'s conceptualized circularity in operational or environmental
terms, while more recent models have emphasized digital enablement. This review bridges the two
by demonstrating how 10T-DSS infegration can simultaneously deliver environmental intelligence,
economic optimization, and strategic agility (Mohamed et al., 2024). The triadic structure of inputs
(sensors, data), processes (analytics, modeling), and outputs (insights, sustainability outcomes)
observed in over 40 studies provides a scaffold for such a framework. Unlike earlier fragmented
models, this review supports a systemic, layered understanding that includes technical architecture,
user interface design, stakeholder governance, and performance metrics. Moreover, the integration
of digital twins, machine learning, and ESG dashboards across multiple studies indicates that 10T-DSS
systems are evolving from isolated tools to strategic platforms. This convergence suggests a
paradigm shift foward holistic decision-making where sustainability and profitability are co-opfimized
(Reshi & Sholla, 2025). However, this emerging framework must remain adaptive and inclusive,
capable of accommodating diverse sectors, governance systems, and ethical values. Future
frameworks should also address the interoperability of digital platforms, the ethics of algorithmic
governance, and the resilience of circular systems under ecological and market stress. In doing so,
the field can move beyond experimental deployments toward institutionalized, scalable, and just
models of digital circularity that align with both global sustainability goals and local operational
realities (Abir et al., 2021).

CONCLUSION

In conclusion, this systematic review has demonstrated that loT-enabled Decision Support Systems
(DSS) are critical enablers of economic efficiency and environmental sustainability within Circular
Economy (CE) business models. By synthesizing findings from 68 peer-reviewed studies, the review
established that such systems not only reduce operational costs and enhance productivity through
real-time analytics and predictive maintenance but also significantly improve sustainability
outcomes by enabling energy efficiency, emission tracking, and resource optimization. The
intfegration of l1oT technologies with decision intelligence platforms has fransitioned from conceptual
frameworks to real-world applications across manufacturing, logistics, and select infrastructure
sectors. However, the study also idenfified persistent barriers to systemic adoption, including
technical fragmentation, financial uncertainty, and organizational resistance, alongside
underrepresented sectors and a lack of long-term impact studies. Compared to earlier literature that
often remained theoretical or narrow in scope, the current body of research reflects a maturation in
both application and evaluation of 10T-DSS tools, though challenges in scalability, equity, and cross-
sectoral integration remain. The findings underscore the need for a unified and adaptive framework
that accommodates digital infrastructure, stakeholder engagement, and policy alignment to guide
future implementations. As businesses and policymakers seek to fransition toward sustainable and
resilient economic models, loT-enabled DSS platforms represent not only a technological upgrade
but a strategic imperative for operationalizing circularity at scale.
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RECOMMENDATIONS

Based on the comprehensive review of 68 peer-reviewed studies, several strategic
recommendations emerge for both practitioners and researchers seeking to advance the
implementation of loT-enabled Decision Support Systems (DSS) in Circular Economy (CE) business
models. First, organizations should prioritize interoperability and standardization by investing in
modular, API-friendly digital infrastructures that can integrate legacy systems with modern loT
platforms. This will mitigate fragmentation and allow for scalable, cross-platform data sharing—an
essential foundation for real-time decision-making in circular systems. Second, to overcome human
capital limitations and organizational resistance, capacity building and digital literacy programs
must be embedded within digital transformation initiatives. Firms should establish cross-functional
teams to bridge operational, environmental, and IT divisions, ensuring inclusive stakeholder
participation in DSS design and deployment. Third, public and private investment mechanisms should
be developed to lower the upfront financial barriers to adoption. Governments and funding bodies
should offer innovation grants, tax incentives, and green financing tailored to digital circular
technologies, especially for SMEs and sectors with low digital maturity.From a research perspective,
scholars should expand the current focus beyond manufacturing and logistics by conducting sector-
specific studies in underrepresented fields such as healthcare, construction, and education.
Moreover, future research should employ longitudinal designs to capture the temporal dynamics of
[oT-DSS impacts on both economic and environmental performance. Incorporating multi-
stakeholder perspectives, including community, regulatory, and consumer insights, will also provide
a more holistic understanding of implementation challenges and social impacts. Finally, there is an
urgent need to develop a unified theoretical framework that integrates systems theory, digital
innovation, and sustainability science to guide both practice and scholarship. Such a framework
should address ethical dimensions, adaptive governance, and resilience to technological
disruptions. By implementing these recommendations, stakeholders can harness the full potential of
loT-enabled DSS to drive systemic, equitable, and scalable progress in the transition toward a digitally
empowered circular economy.
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