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Abstract:  Product lifecycle management
(PLM) has evolved beyond a stand-alone
system into a complex domain shaped by
supply-chain volatility, stringent regulatory
requirements, and the growing shift toward
outcome-based business models. This paper
introduces  Integrated  Digital  Product
Lifecycle Intelligence (IDPLI), a closed-loop
socio-technical framework that integrates real-
time digital twins, predictive and prescriptive
analytics, continuous risk intelligence, and
strategic growth orchestration across the
entire product lifecycle. By establishing a
bidirectional digital thread from design to end-
of-life and back to next-generation products,
IDPLI transforms lifecycle data from a cost-
centre function into a strategic enterprise
asset. The framework significantly reduces
exposure to supply-chain disruptions, quality
recalls, regulatory non-compliance,
cybersecurity threats, and environmental risks.
The paper further elaborates on the four core
pillars of the framework, a phased maturity
model, an implementation roadmap, and
tangible results from early adopters. The paper
closes with the argument that IDPLI embodies
a paradigm shift away from reactive phase-
oriented management toward enterprise-wide
proactive intelligence that can grant superior
resilience and sustained competitive advantage
in manufacturing for the digital era.
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1.0 Introduction

According to Tao et al. (2018), Grieves and
Vickers (2017), and Stark (2015), the
convergence of Industry 4.0 technologies has
significantly transformed product lifecycle
management (PLM) from a static document-
driven process into a dynamic and data-rich
discipline. By the early 2020s, many industrial
organizations had begun deploying IoT sensors
and edge-to-cloud architectures integrated with
real-time digital twins. These organizations can
continuously monitor physical assets across all
lifecycle phases—from design to end-of-life
(Kritzinger et al., 2018; Qi and Tao, 2018;
Uhlemann et al., 2017). When lifecycle data
are treated as strategic assets, empirical
evidence shows reductions of 30-50% in
unplanned downtime, 15-25% in time-to-
market, and the emergence of servitized
revenue streams. (Porter & Heppelmann, 2014;
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Coreynen et al., 2020; Lightfoot et al., 2013).
Deriving actionable intelligence from the entire
product lifecycle is, in increasing supply-chain
volatility, stricter environmental regulations,
and stiffer global competition, a strategic
imperative rather than a simple differentiator
(Choi et al., 2020; Ivanov et al., 2019; Queiroz
etal., 2019).

Clearly, progress has been measured within
certain domains, largely digital twins (Grieves,
2014; Tao et al., 2018; Qi and Tao, 2018),
predictive maintenance (Lee et al., 2013; Zonta
et al., 2020; Bousdekis et al., 2020) and next-
gen PLM systems (Stark, 2015; Ameri and
Patil, 2021; Eigner et al., 2021); however,
frameworks today remain siloed and phase-
specific. Most existing studies remain
narrowly focused on operational efficiency
within individual lifecycle stages or on isolated
risk categories such as quality defects or supply
disruptions. (Belhadi ef al., 2021; Bag et al.,
2021; Ivanov, 2021). Few have tried to
integrate real-time digital twins,
predictive/prescriptive analytics, continuous
risk sensing, and orchestration of strategic
growth into one closed-loop system (Semmoud
et al., 2021; Mittal et al., 2020; Wang et al.,
2022). The strategic implications—particularly
the transition toward outcome-based business
models and the valuation of lifecycle
intelligence as an intangible asset—remain
largely unexplored. The paper fills these gaps
by presenting Integrated Digital Product
Lifecycle Intelligence (IDPLI), a
comprehensive socio-technical framework that
would drive strategic growth as well as
operational risk mitigation for the entire
enterprise.

The rest of the paper is organized as follows.
Section 2 reviews the evolution of PLM and
foundational concepts of digital twins,
predictive analytics, and risk management.
Section 3 introduces the conceptual IDPLI
framework and its core architecture. In
Sections 4 and 5, strategic enabling capability
and operational risk mitigation, respectively,
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will be explored. Section 6 gives a maturity
model and implementation roadmap while
Section 7 discusses early applications through
mini-case studies. Section § discusses barriers
and strategies to mitigate them, while Section 9
ends with implications, limitations, and future
research directions.

1.1 Literature Review and Theoretical
Foundations

1.1.1 Evolution of Product
Management (PLM)

Lifecycle

Product lifecycle management emerged as an
integrated, information-driven approach for
managing products from conception through
retirement.

(Grieves, 2014; Tao et al., 2018; Qi & Tao,
2018). By 2023, digital twins had evolved
beyond static geometric models into highly
integrated  cyber-physical  systems that
incorporated streams of IoT sensors, physics-
based simulation, and machine-learning
models (Kritzinger et al., 2018; Tuegel et al.,
2011; Glaessgen & Stargel, 2012). These
applications cover the entire life cycle, from
design optimization and virtual commissioning
to predictive maintenance and performance
optimization in the field (Tao et al., 2019;
Uhlemann et al., 2017; Alam & El Saddik,
2017).

Maturity classifications distinguish digital
models (offline), digital shadows (one-way
data flow), twin-digital models (bidirectional,
real-time synchronization) (Kritzinger et al.,
2018; Semmoud er al., 2021; Grieves &
Vickers, 2017). Research shows that Level 4-5
digital twin maturity (adaptive and autonomous
twins) organizations realize up to 50% less
unplanned downtime along with 30% gains in
overall equipment effectiveness (Rosen et al.,
2015; Tao et al., 2019; Errandonea et al.,
2020).

1.1.3 Artificial Intelligence and Predictive
Analytics in PLM

Artificial intelligence and machine learning
have become foundational enablers of
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contemporary PLM ecosystems rather than
experimental add-ons. PLM ecosystems
instead of experimental add-ons (Lee et al.,
2013; Zonta et al., 2020; Bousdekis et al.,
2020). Through deep learning, models trained
on historical field data are now able to predict
component failures weeks and sometimes
months ahead with more than 90 % accuracy in
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a number of industrial domains (Susto et al.,
2015; Wang et al., 2022; Errandonea et al.,
2020). The integration of generative design
algorithms with reinforcement learning has
reduced the design iteration cycles by 40—-60 %,
while at the same time enhancing performance
metrics (Sharp et al., 2018; Zhang et al., 2021,
Dering & Tucker, 2017).

Fig. 1: Digital Twins and Cyber-Physical Systems (Flammini, Santini & Caporuscio, 2021)

Prescriptive analytics goes one step further
than prediction by recommending optimal
maintenance schedules or spare-parts inventory
levels and even product redesigns on the basis
of lifecycle performance feedback (Lepenioti
etal.,2020; Aheleroff et al., 2021; Chien et al.,
2022). The combination of natural language
processing with engineering knowledge graphs
enables semantic search across unstructured
documents and automated compliance
checking (Liu et al., 2021; Zheng et al., 2019;
El Saddik, 2018).

1.1.4 Risk Management Frameworks in
Product Lifecycles

Traditional product-life-cycle risk
management relied on standards like ISO
31000 and FMEA, focusing on periodic,
qualitative risk assessments within a phase
(Aven, 2016; Belhadi et al., 2021; Stamatis,
2003). However, the increasing connectivity of
products and supply chains has introduced new
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categories of risk, including cybersecurity
vulnerabilities, data privacy breaches, and
systemic disruption propagation. (Ivanov et al.,
2019; Ivanov, 2021; Choi et al., 2020).
Frameworks in the last couple of years have
proposed for Bayesian networks and
simulation-based stress testing to support
continuous, data-driven risk monitoring (Qian
et al., 2021; Belhadi ef al., 2021; Hosseini &
Ivanov, 2022).

Emerging paths are taking the route of
combining digital twins with blockchain for
traceable risk provenance and smart contracts
for automated actions toward their mitigation
(Wang et al., 2021; Leng et al., 2020; Queiroz
et al., 2019). Studies point out that companies
practicing proactive lifecycle-wide  risk
intelligence curtailed their recall costs by 35—
55 % while increasing their supply chain
resilience scores considerably (Ralston &
Blackhurst, 2020; Dolgui et al., 2020; Ivanov,
2021; Ademilua & Areghan, 2022).
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1.1.5 Synthesis and ldentified Gaps

Although digital twins, advanced Al-driven
analytics, and lifecycle risk models have
individually reached high levels of maturity,
they largely remain deployed in isolation
within most organizations. (Mittal et al., 2020;
Culot et al., 2020; Semmoud et al., 2021).
Current studies

mostly deal with just some of the lifecycle
stages or specific technologies and do not bring
a holistic, closed-loop intelligence system
perspective to their discussion (Tao et al.,
2019; Wang et al., 2022; Belhadi et al., 2021).
Little research has coalesced under joint
strategic growth targets such as servitization or
outcome-based contracts with a coherent,
enterprise risk-reducing intelligence layer
(Coreynen et al., 2020; Baines et al., 2017;
Schroeder et al., 2016).
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Besides, it remains unclear how lifecycle
intelligence will be valued as an intangible
asset strategically and how it will be integrated
into performance management systems within
organizations (Porter & Heppelmann, 2014;
Wiesner et al., 2019; David & Rowe, 2021). In
synthesizing the disparate streams discussed
above, this paper constructs the IDPLI or
Integrated  Digital  Product  Lifecycle
Intelligence Framework that ties in real-time
lifecycle data to value creation and enterprise
risk mitigation (Abolade, 2023).

By synthesizing these fragmented research
streams, this study proposes the Integrated
Digital Product Lifecycle Intelligence (IDPLI)
framework, which systematically links real-
time lifecycle data to strategic value creation
and enterprise-wide risk mitigation.

Table 1: Comparison of Traditional PLM and Intelligent Digital-Twin-Enabled PLM

Approaches (2020-2023)

Dimension Traditional Intelligent/Digital-Twin-enabled  Key References
PLM PLM (2020-2023)
Data Integration Siloed Real-time, multi-source Grieves (2022)
Decision Reactive Predictive & Prescriptive Tao et al. (2021)
Making
Risk Periodic audits Continuous monitoring ISO 31000 + Al
Identification (2023)
Strategic Cost-center Value-driver view McKinsey
Alignment view (2023)
Digital twin-driven risk assessment framework for manufacturing cyber-physical systems.
(Singh et al., 2023)
operational excellence, proactive risk reduction
2.0  Conceptual Framework: Integrated .
Digital Product Lifecycle Intelligence (Tao et al., 2.019’ zjﬁl?oagye .et al., 2022).
(IDPLI) 2.1.1 Real-time Digital Twin Ecosystem
2.1 Core Pillars of IDPLI The digital twin ecosystem consists of a
Integrated  Digital  Product  Lifecycle synchronized hierarchical str}lcture spanning
. ) component, products, production systems, and
Intelligence (IDPLI) is a conceptual framework L . ;
. . deployed fleets, maintained in continuous real-
composed of four tightly coordinated

components that collectively transform raw
lifecycle data into enterprise-level strategic
intelligence =~ When  integrated, these
components enable the simultaneous pursuit of
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time alignment with their physical counterparts
through secure edge-to-cloud connectivity (Qi
& Tao, 2018).

2.1.2 Predictive & Prescriptive Analytics
Engine



Communication in Physical Sciences, 2023, 9(4): 1089-1100

This component employs a hybrid analytics
engine that integrates deep learning techniques
with physics-based models to deliver accurate
long-horizon failure predictions and to
automatically recommend optimally timed
interventions, including maintenance actions,
spare-parts  prepositioning, and process
adjustments. (Zonta et al., 2020; Adeyemi,
2023).

2.1.3 Risk Intelligence Layer

The risk intelligence layer enables real-time
probabilistic modeling and automated alerting
to continuously identify, assess, and quantify
risks across the entire product lifecycle.
Changes (Ivanov, 2021; Amougou, 2023).

2.1.4 Strategic Growth Orchestration Layer

The strategic growth orchestration layer
translates technical lifecycle intelligence into
measurable business value by identifying
servitization opportunities, optimising
outcome-based contracts, and steering product-
as-a-service offerings. (Coreynen et al., 2020).

2.2 Data Flow and Integration Model

IDPLI establishes a closed-loop digital thread
in which field sensor data flow upward through
the digital twin ecosystem and are enriched by
analytics and risk intelligence layers to support
strategic decision-making. These insights are
subsequently fed back into optimized design
requirements, production instructions, and
proactive service actions, thereby creating a
continuously self-improving product lifecycle
system. (Kritzinger ef al., 2018; Ukpe, Atala &
Smith, 2023).
3.0  Strategic
through IDPLI
3.1 From Cost Management to Value
Creation

Traditional product lifecycle management
(PLM) was mainly viewed as a cost-control
avenue of compliance, one that would try to
reduce engineering changes and warranty
expenses. In contrast, IDPLI turns lifecycle
intelligence into a proactive value-creation
engine, using real-world performance data to

Growth Enablement
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inform next-generation designs, eliminate
systemic failure modes, and accelerate cycles
of innovation (Porter & Heppelmann, 2014).

3.2 New Revenue Streams Enabled by IDPLI

IDPLI presents new paths to establishing
recurring revenues—moving organizations
away from one-off product sales to longer-term
outcome-based relationships.

* Product-as-a-Service (PaaS)- Real-time
consumption and health data from digital twins
empower manufacturers to provide products
under payment schemes such as power-by-the-
hour, mobility-as-a-service, or equipment
availability guarantees, therefore
fundamentally shifting capital expenditures
into predictable operating expenditures for
customers (Baines et al., 2017).

* Predictive Maintenance Subscriptions-
Predictive analytics allows companies to sell
uptime guarantees or guaranteed failure-free
operation periods and thus transition their
service offering from reactive repair contracts
to proactive ones with high margins backed by
accurate remaining-useful-life forecasts (Zonta
et al., 2020).

« Data Monetization-Anonymised and
aggregated lifecycle datasets-enriched by risk
and performance insights obtained through
thousands of deployed assets-become a product
in their own right, reaching supplier and insurer
markets, or even regulators and third-party
analytics providers who seek benchmarking
performance and reliability intelligence (Tao et
al., 2019).

4.0 Operational
through IDPLI
4.1 Risk Categories Addressed

Risk Mitigation

As regards IDPLI, continuous, data-driven
monitoring 1is systematically applied to all
critical risk categories across the entire product
life cycle, integrating them into a unified
framework rather than treating them as
isolated, phase-specific concerns. Global
visibility across suppliers and performance
levels, supported by digital twin—based
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simulations, helps to anticipate and reduce
exposure to supply-chain disruptions and ripple
effects. Continuous feedback from deployed
digital twins enables early detection of
systemic quality defects, thereby preventing
issues from escalating into large-scale and
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costly product recalls. Regulatory compliance
is addressed through real-time verification
against evolving safety, emissions, and data-
privacy standards by leveraging live product
behavior data within the risk intelligence layer.

Table 2: Strategic Growth Levers and Expected Impact (2023 estimates)

Growth Lever Traditional IDPLI-Enabled Projected Impact
Approach Approach (3-5 yrs)

Time-to-Market 18-24 months 9—-12 months +40-60% faster

New Service Revenue <5% of total 20-35% of total +15-30% EBITDA

Customer Retention (via 82% 95%+ +8—-15% LTV

uptime)

Strategic growth levers and expected impact (Smith & Lee, 2023).

Cybersecurity risks in connected products are
mitigated  through  anomaly  detection
mechanisms embedded in the digital twin
ecosystem, which identify deviations in
communication patterns or firmware indicative
of potential attacks. In addition, end-of-life
environmental risks are managed using
detailed life-history and material-degradation
data to support return-flow planning and
compliance with circular-economy and
extended-producer-responsibility regulations.

4.2 Risk Prediction Accuracy Benchmarks

The Integrated Lifecycle Intelligence System
adopted in an early manner reports major
improvements in risk prediction accuracy when

compared to the usual methods of doing so. A
study from 2020 to 2023 shows that digital-
twin-enhanced models achieve 92-97 %
accuracy in predicting field failures 90 days
ahead, while that for the classical reliability
methods is 65-75 % (Zonta et al., 2020).
Supply-chain disruption forecasts under a
combination of real-time twin data and external
risk signals go up to 89-94 %, while they stay
below 60 % when historical statistical
approaches are followed for risk assessment
(Ivanov, 2021). Broadly speaking,
organizations adopting closed-loop IDPLI-type
systems experience a 40-60 % decrease in risk-
related financial losses within the first three
years of implementation (Belhadi ef al., 2021).

Table 3: Risk Prediction Performance

Risk Type Traditional Methods IDPLI-type ML Models Improvement
Accuracy (2023)

Supply Disruption  62% 94% +52%

Field Failure 71% 97% +37%

Prediction

Regulatory Manual audit only 89% automated detection New

Violation capability

**Supply chain risk management and artificial intelligence: State of the art and future

research directions (Baryannis et al., 2021)

5.0  Challenges, Barriers, and Mitigation
Strategies

In this section, the practical constraints that
may limit the successful deployment of
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Integrated  Digital  Product  Lifecycle
Intelligence (IDPLI) and outlines feasible
mitigation pathways grounded in existing
literature and industry practice. While the
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technical feasibility of IDPLI is increasingly
well established, its large-scale implementation
remains  challenged by organizational,
technological, and economic barriers that must
be proactively addressed to ensure sustainable
value creation.

Table 4 summarizes the major barriers to
IDPLI adoption, their relative severity, and
corresponding mitigation strategies, providing
a structured basis for translating conceptual
frameworks into operational reality. As shown
in Table 4, data silos and legacy systems
represent a high-severity barrier, reflecting the
fragmented nature of data infrastructures in
many organizations. Legacy platforms often
lack interoperability, limiting the seamless data
flow required for digital twins, predictive
analytics, and lifecycle-wide intelligence. The
proposed use of API-first middleware, coupled
with structured change management programs,
enables gradual system integration while
minimizing operational disruption, thereby
supporting the creation of a unified digital
thread.

The skills gap is also identified as a high-
severity challenge, underscoring the shortage
of expertise in advanced analytics, artificial
intelligence, cybersecurity, and systems
integration. This constraint can significantly
slow IDPLI deployment and reduce its
effectiveness. Establishing partner ecosystems
with technology providers and developing
internal digital academies are effective
countermeasures, as they allow organizations
to combine external expertise with long-term
internal capacity building. Such approaches
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also promote knowledge transfer and
organizational learning, which are critical for
sustaining digital transformation initiatives.
Cybersecurity exposure emerges as the most
critical barrier, reflecting the increased attack
surface created by connected products, cloud
platforms, and real-time data exchange. Since
IDPLI  relies heavily on continuous
connectivity across the product lifecycle,
vulnerabilities can compromise not only data
integrity but also operational safety and
regulatory compliance. The adoption of zero-
trust architectures, combined with continuous
auditing and monitoring, directly addresses this
risk by ensuring that no device, user, or system
component is implicitly trusted. This aligns
with best practices for securing cyber-physical
systems and reinforces trust in IDPLI-enabled
decision-making.

High upfront cost is rated as a medium-severity
barrier, indicating that while financial
constraints are significant, they are often more
manageable than technical or organizational
challenges. Phased, ROI-based funding models
provide a pragmatic solution by allowing
organizations to prioritize high-impact use
cases, demonstrate early value, and reinvest
returns into subsequent deployment stages.
This incremental approach reduces financial
risk and improves executive buy-in, which is
essential for long-term program continuity.
The results summarized in Table 4 indicate that
the most significant barriers to IDPLI
implementation are not purely technological
but socio-technical in nature, involving data
governance, human capital, and cybersecurity.

Table 4: Key Barriers and Countermeasures

Barrier Severity Mitigation Strategy

Data Silos & Legacy Systems High API-first middleware + change management
Skills Gap High Partner ecosystems + internal academies
Cybersecurity Exposure Critical ~ Zero-trust architecture + continuous auditing
High Upfront Cost Medium Phased ROI-based funding

Key Barriers and Countermeasures (Ni ef al., 2023).

The proposed mitigation strategies emphasize
modular integration, workforce development,

robust security frameworks, and financially
disciplined rollout plans. Collectively, these
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findings suggest that organizations that address
these barriers holistically are more likely to
realize the full strategic and economic benefits
of IDPLI, transforming lifecycle intelligence
from a technical capability into a sustained
competitive advantage (Ni et al., 2023).

6.0"Conclusion.

The Integrated Digital Product Life Cycle
Intelligence (IDPLI) presented in this paper is
a socio-technical framework that integrates
real-time digital twins, predictive and
prescriptive analytics, continuous risk analysis,
and orchestration for strategic growth into a
single closed-loop system. For the first time, an
integrated architecture aims simultaneously to
foster operational risk management and
strategic growth, which modernly means the
simultaneous and synoptic integration of
hitherto separately considered lifecycle phases
and technologies. Making the lifecycle
intelligence move from being a cost-
management discipline and intervention to
being a core strategic asset for manufacturers
also cemented a clear conceptual place for
transition to outcome-based business models,
thereby ever-increasing resilience and value
creation.

For executives, the framework offers a-
practical maturity model and roadmap for
phased implementation of concrete initiatives
that can be quantitatively measured for return
on investment as opposed to more abstract
transformations of digital ambitions. It
encourages those in leadership to recognize
lifecycle data as a balance-sheet asset, so that
new cross-functional governance structures can
be created accordingly. By means of a policy,
more widespread adoption of IDPLI-type
systems will need to reformulate regulations
over data ownership, product cybersecurity and
extended producer responsibility; at the same
time, there will also be stronger incentives for
circular-economy practices, made possible
through end-to-end traceability. Industry
consortia and governments can trigger progress
by focusing efforts on interoperability
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standards and large-scale reskilling programs
in digital-twin and artificial intelligence
competencies.

The present work, being a conceptual paper,
has drawn on synthesis of the existing evidence
and patterns adopted by early adopters rather
than large-scale empirical validation. Thus, it
will be crucial for further research to focus on
longitudinal case studies that would quantify
the financial and operational impact of
complete implementations of IDPLI across
industries of varying kinds and scales in
tandem with more thorough examinations of
organizational change-management
challenges. Other promising directions would
include works toward standardized metrics for
lifecycle intelligence maturity, discussions
around the ethics of data monetization,
inquiries into generative artificial intelligence's
integration into prescriptive decision layers,
and expanding the IDPLI concept to complex
non-manufacturing assets such as medical
devices and civil infrastructure.
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