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Abstract

Smart manufacturing has advanced rapidly, yet the operational value of artificial intelligence is still
constrained by fragmented data architectures, uneven interoperability, and weak lifecycle integration. This
article reframes smart manufacturing from a database-centered perspective and argues that the decisive issue is
no longer whether firms possess Al tools, but whether they can organize lifecycle data into architectures that
support coordination, traceability, governance, and learning. Building on a Product Lifecycle Management
(PLM) perspective, the study develops a structured conceptual architecture that links four lifecycle domains—
strategy and organization, value-chain intelligence, management support, and infrastructure and capabilities—to
five data-architecture requirements: interoperability, traceability, governance, decision coupling, and scalability.
To make the argument operational, the article conducts a secondary analytical synthesis of the smart-
manufacturing literature and translates the major themes into a comparative coding matrix. The results show that
infrastructure capabilities and strategy layers require the strongest attention to interoperable identifiers,
governance rules, and scalable event pipelines, while value-chain and management processes depend more
heavily on closed-loop decision coupling and cross-functional traceability. A lifecycle-aligned architecture is
then proposed in which data fabric, semantic modeling, Al services, and feedback control are coordinated as a
coherent computational system rather than implemented as isolated modules. The article contributes by moving
the smart-manufacturing discussion from technology inventories toward database-aware systems design, by
offering a practical coding framework for evaluating lifecycle data readiness, and by identifying an enterprise
roadmap for Al-enabled manufacturing transformation. The central implication is that smart manufacturing
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should be designed as a database-centered system of lifecycle intelligence in which Al models, operational
workflows, and governance mechanisms are co-developed.

Keywords: smart manufacturing; product lifecycle management; database-centered Al; digital twins;
industrial IoT; interoperability; knowledge engineering; lifecycle intelligence

1. Introduction
Smart manufacturing is commonly described as the convergence of intelligent technologies with production

systems, yet much of the literature still treats its constituent technologies as if they create value independently.
In practice, firms rarely fail because they lack algorithms alone. They fail because the data feeding those
algorithms remain fragmented across engineering design, manufacturing execution, supply-chain coordination,
quality assurance, and service operations. The strategic problem of smart manufacturing is therefore
architectural rather than merely technical. A model may predict equipment degradation or optimize scheduling,
but if the surrounding data environment cannot track product states, preserve semantic consistency, and connect
predictions to execution, the intelligence remains local and brittle. This article develops that argument by
reinterpreting smart manufacturing through a database-centered lens grounded in Product Lifecycle
Management (PLM) and systems integration (Tao et al., 2018; Kusiak, 2019; Lu et al., 2020).

Several recent studies already suggest that manufacturing intelligence depends on data continuity across the
lifecycle. Digital-twin research, for example, has emphasized the need to synchronize sensing, state estimation,
analytics, and feedback in a continuous information loop rather than in disconnected dashboards (Qi and Tao,
2018; Fuller et al., 2020; Liu et al., 2021). Cyber-physical systems research similarly shows that smart factories
require real-time data pipelines and coherent event models across machine, process, and enterprise layers (Lee et
al., 2015; Zheng et al., 2018; Cheng et al., 2020). Product-lifecycle research reinforces the same point from
another direction: design, production, maintenance, logistics, and end-of-life decisions depend on structured,
shareable, and versioned data objects, not just on isolated observations (Tao et al., 2019; Lim et al., 2020; Zhu et
al., 2022).

Yet the mainstream smart-manufacturing discourse remains fragmented in at least three ways. First, many
studies focus on one functional problem—predictive maintenance, scheduling, quality control, logistics routing,
or collaborative robotics—without clarifying how the required data should be governed and connected across
lifecycle stages. Second, the relationship between Al capabilities and enterprise information architectures is
often assumed rather than specified. Third, strategic and organizational questions are frequently discussed
separately from operational data engineering, even though the success of Al deployment depends on the
alignment between enterprise objectives and data infrastructures. These issues are especially visible in recent
PLM-based synthesis work, which highlights fragmentation, uneven maturity, and enterprise-level integration
gaps across strategy, value chains, management processes, and infrastructure capabilities

filecite turn29file0

The purpose of this article is therefore not to add another inventory of enabling technologies, but to advance
a database-centered systems perspective on smart manufacturing. The article asks four connected questions.
First, what does it mean to make Al database-centered in a lifecycle environment? Second, how should the
major domains of smart manufacturing be reinterpreted when databases, schemas, and data governance are
treated as core design objects? Third, where are the strongest data-architecture bottlenecks across the lifecycle?
Fourth, what kind of enterprise roadmap follows from such a perspective? To answer these questions, the article
reorganizes the PLM-centered smart-manufacturing literature into a secondary coding framework and translates
it into a practical architecture for lifecycle intelligence. In doing so, it aims to bridge industrial Al, digital twin,
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and PLM research while producing a form of guidance that is directly useful for database-aware analytical
design.

At the strategic level, firms often discuss digital transformation in terms of competitiveness, resilience, or
sustainability, but those ambitions only become executable when translated into data models. A database-
centered strategy requires more than dashboards for top management. It requires explicit definitions of lifecycle
entities, ownership rules, and performance linkages across departments. For example, a strategy focused on
short lead times will need event-level visibility on order release, engineering changes, workstation readiness,
quality exceptions, and logistics handoffs. A strategy focused on sustainability will require a different but
related structure: materials genealogy, process energy states, waste events, rework records, and end-of-life
outcomes. In both cases, strategic ambition is converted into database structure. This is why strategic alignment
in smart manufacturing should be evaluated partly through data architecture maturity rather than through
technology spending alone (Kusiak, 2019; Tao et al., 2018).

Organizational adaptivity is similarly dependent on lifecycle data design. The source article shows that
service-oriented workflows, digital-twin capabilities, and enterprise-wide process coordination are central to
smart-manufacturing organization filecite turn29file0 . Re-read from a database-centered perspective, this
means that adaptive organizations need shared event semantics across functions and sites. If sales records,
engineering changes, quality reports, and service tickets cannot be reconciled, then organizations cannot respond
coherently to market signals. They may still automate individual tasks, but they cannot achieve enterprise-level
adaptivity. Thus, organizational redesign in smart manufacturing is inseparable from data ownership, schema
harmonization, and interface governance.

2. From Fragmented Technologies to Database-Centered Manufacturing
Intelligence
The database-centered view begins with a simple observation: Al in smart manufacturing is only as effective

as the structure, continuity, and governance of the data on which it depends. Machine-learning methods thrive
when observations are stable, labeled, and interoperable; by contrast, manufacturing data are often
heterogeneous, event-driven, and context-sensitive. A vibration signal may matter differently depending on
process route, product variant, maintenance history, shift pattern, or upstream supplier quality. Databases
therefore do not merely store facts. They encode the relationships that make those facts actionable. From this
perspective, the core of smart manufacturing is not a collection of isolated tools but a computational system that
organizes product, process, resource, and organizational data into a coherent lifecycle backbone (Xu, 2012; Qi et
al., 2021; Park et al., 2020).

A database-centered architecture has at least five requirements. The first is interoperability, meaning that
different lifecycle systems can exchange data through stable identifiers, shared semantics, and machine-readable
interfaces. The second is traceability: firms must be able to track product states, decisions, and changes across
time, systems, and organizational boundaries. The third is governance, which includes ownership, quality
control, access rights, lineage, and privacy or cybersecurity safeguards. The fourth is decision coupling,
referring to the ability to connect Al outputs to operational and managerial actions. The fifth is scalability: the
architecture must accommodate growing data volume, increasing model diversity, and cross-site deployment.
These requirements recur throughout digital-twin and smart-manufacturing research, although they are often
treated separately (Kritzinger et al., 2018; Barricelli et al., 2019; Jones et al., 2020; He and Bai, 2021).

In practical terms, the database-centered view differs from a pure application view in three important
respects. First, it prioritizes data architecture before model selection. Many manufacturing projects begin with
an algorithmic objective such as defect classification or remaining useful life prediction, then later discover that
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timestamps, process contexts, or engineering identifiers are incompatible across source systems. A database-
centered approach reverses this sequence: it defines the data objects, event relationships, and lifecycle
boundaries first, and then determines which models can operate credibly on those structures. Second, it treats
metadata as strategically important. Version control, schema evolution, asset identity, and process context are
not administrative details; they determine whether models remain interpretable and auditable over time. Third, it
recognizes that enterprise integration is a database problem as much as it is an organizational one. Horizontal
supply-chain coordination, vertical shop-floor integration, and end-to-end lifecycle responsiveness all require
stable data contracts and reusable semantics (Stark and Damerau, 2019; West and Blackburn, 2017;
VanDerHorn and Mahadevan, 2021).

The PLM perspective is especially valuable here because it organizes manufacturing as a continuous system
rather than as a set of detached departments. Recent PLM-centered synthesis work classifies smart-
manufacturing innovations into four domains: strategies and organizations, product value chains, management
support processes, and infrastructure and capabilities  filecite turn29file0 turn29file9 . That structure is
analytically powerful because it can be re-read as a layered database problem. Strategy and organization require
data alignment with enterprise goals. Value-chain intelligence requires lifecycle continuity from customer
insight to design, production, and service. Management support requires integrated data models for supply
chains, quality, risk, sustainability, and workforce planning. Infrastructure and capabilities require scalable,
secure, and interoperable backbones that sustain real-time analytics. What follows in this paper is a systematic
translation of those four layers into a database-centered architecture for Al-enabled smart manufacturing.

The value-chain domain is where the database-centered view becomes most visible. Marketing systems
generate customer signals, demand patterns, and usage feedback. Development systems transform that
information into product definitions, modular options, and engineering changes. Production systems transform
designs into routings, executions, and quality states. Distribution and service systems add logistics events, field
failures, and maintenance records. A lifecycle database architecture must preserve continuity across all these
transitions. Without continuity, customer intelligence cannot reliably shape design, design cannot reliably shape
execution, and service cannot reliably inform redesign.

The literature on digital twins, quality analytics, and predictive manufacturing repeatedly shows the
importance of traceability for this reason. Digital twins are valuable not merely because they mirror physical
assets, but because they create persistent state linkages between products, resources, processes, and decisions
(Tao et al., 2019; Lu et al., 2020; Zhu et al., 2022). Quality analytics gains power when upstream variables,
machine conditions, and downstream defects can be connected within the same lifecycle data context
(Soderberg et al., 2017; Aivaliotis et al., 2019). Similarly, logistics and scheduling intelligence require
consistent identifiers that can travel across equipment, batches, suppliers, and transport nodes (Park et al., 2020;
Dittrich and Zimmermann, 2020). The database-centered lesson is that traceability is not simply a compliance
feature. It is the precondition for value-chain intelligence.

3. Conceptual Framework and Secondary Analytical Design
This study adopts a structured conceptual-synthesis design rather than a primary-data survey or plant-level

case study. The starting point is the PLM-centered smart-manufacturing synthesis in the uploaded source article,
which identifies four major lifecycle domains and multiple subtopics across strategy, value chains, management
support, and infrastructure  filecite turn29file0 turn29filel7 . Instead of replicating that review, the
present article re-codes its thematic structure into a database-centered analytical matrix. The goal is to make
visible which lifecycle domains place the strongest demands on interoperable data architectures and what kinds
of Al services become feasible once those demands are addressed.
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The analytical procedure has three steps. First, the four lifecycle domains are treated as the major units of
analysis. Second, five cross-cutting data requirements—interoperability, traceability, governance, decision
coupling, and scalability—are used as coding dimensions. Third, each lifecycle domain is scored on a 1-5 scale
according to the degree to which the literature implies dependence on each requirement. These scores are
interpretive rather than statistical. They do not claim to measure exact quantities in the underlying literature;
instead, they provide a structured comparative device for turning qualitative synthesis into architecture-oriented
analysis. This approach follows the broader logic of applied analytical benchmarking, where structured coding is
used to compare heterogeneous infrastructures by their workflow fit rather than by their raw size alone (see the
database benchmarking style in the DATAMIND template example filecite turn29filel ).

The resulting matrix is visualized in Figure 2 and elaborated through Tables 1-3. In addition, Figure 3
summarizes the main implementation bottlenecks reported across the literature, translated into severity scores
that indicate which barriers most strongly constrain lifecycle-scale intelligence. Although the scores are
interpretive, they are anchored in repeated themes across smart-manufacturing, digital-twin, and data-driven
operations studies: fragmented architectures, semantic inconsistency, weak closed loops, cybersecurity concerns,
skills  shortages, and the difficulty of aligning deployment with enterprise objectives

filecite turn29file0 turn29filel0 turn29filel7 . This design allows the article to remain evidence-based
while focusing on system architecture rather than on any one plant, dataset, or algorithmic benchmark.

Table 1. PLM domains and database-centered Al functions

PLM domain
Strategy and organization

Product value chains

Management support

Infrastructure and
capabilities

Database-centered concern
Enterprise identifiers, KPI
dictionaries, data
stewardship, policy
traceability
Customer-product-
process-service continuity,
product genealogy, design
and execution states
Cross-functional
harmonization of quality,
risk, SCM, sustainability,
and workforce data
Semantic standards,
cybersecurity, event
pipelines, edge-cloud
synchronization, model
registry

Typical Al services
Scenario analysis,
strategic forecasting,
portfolio planning of Al
use cases

Demand sensing, design
optimization, scheduling,
predictive maintenance,
service analytics
Anomaly detection,
decision support, risk
scoring, resource
allocation

Real-time monitoring,
digital twin
synchronization,

retraining, LLM assistance

Operational implication
Aligns digital investments
with business objectives
and auditability

Enables end-to-end
lifecycle intelligence
rather than isolated local
prediction

Supports orchestration
across functions and
reduces dashboard
fragmentation
Provides the scalable
backbone for reusable
enterprise Al services

Table 1 shows that a lifecycle database architecture is not a neutral repository but a role-specific
coordination device. Each PLM domain demands different combinations of identifiers, metadata, and decision

interfaces, which is why enterprise-scale intelligence requires both local specialization and common data

contracts.
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Figure 1. Database-centered Al architecture for smart manufacturing across the product lifecycle.

Figure 1 operationalizes the central proposition of this article: data source heterogeneity must be resolved in
a lifecycle data fabric before Al services can scale across planning, execution, management, and transformation
functions.

4. Results: Lifecycle Data Priorities and Architecture Bottlenecks
Figure 1 presents the database-centered architecture proposed in this article. The architecture begins with

lifecycle data sources—PLM records, engineering changes, IoT streams, [IoT events, MES transactions, ERP
states, SCM records, quality logs, and service updates. These inputs feed a data fabric layer that resolves
semantic identifiers, synchronizes timestamps, manages lineage, and standardizes event schemas. Only after this
database-centered layer is stabilized do Al services operate effectively. Those services may include predictive
maintenance, anomaly detection, scheduling optimization, quality forecasting, demand-response control, or
LLM-based assistance for workflow interpretation. The final layer consists of lifecycle applications distributed
across the four domains of strategy, value chains, management support, and infrastructure. A feedback loop
closes the architecture by pushing decisions, audit information, and learning updates back into the data fabric.

Table 1 translates the architecture into lifecycle functions. Strategy and organization depend on enterprise
metadata, process taxonomies, KPI hierarchies, and alignment between business objectives and data assets.
Product value chains depend on product genealogy, customer signals, engineering states, and execution traces
from design to service. Management support processes depend on cross-functional data models that can support
forecasting, quality assurance, supply-chain coordination, sustainability accounting, and workforce planning.
Infrastructure and capabilities depend on reference data, semantic standards, identity management, cybersecurity,
and scalable event processing. Across all four domains, the architecture shows that Al value is inseparable from
database discipline. Where data objects are unstable or semantically inconsistent, models become local patches
rather than enterprise capabilities.
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Table 2. Secondary coding matrix of lifecycle data requirements (illustrative 1-5 scale)

Domain Interoperability Traceability Governance Decision Scalability
coupling
Strategy & 4.7 3.9 4.4 4.6 4.2
organization
Value chain 4.4 4.8 3.8 4.7 4.1
intelligence
Management 4.2 4.1 4.6 4.5 3.9
support
Infrastructure & 4.8 4.5 4.7 4.2 4.9
capabilities

The matrix reveals that infrastructure and strategy layers dominate on governance and scalability, while
value-chain and management layers dominate on traceability and decision coupling. This pattern explains why
organizations often experience high pilot accuracy but low lifecycle integration.

5.0

Strategy &

Organization 4.8

=
o

Value Chain

S
N
Illustrative score (1-5)

Management
Support L 4.0
- 3.8

Infrastructure &
Capabilities 3.6

Interoperabiliffraceability Governance Decision Scalability
Coupling

Figure 2. Heatmap of lifecycle-domain dependence on core database-centered requirements.

Figure 2 provides the comparative heatmap. Two findings stand out. First, infrastructure and capabilities
receive the highest scores on interoperability, governance, and scalability. This is expected: without strong
identity management, schema coordination, and security controls, none of the other domains can scale. Second,
value-chain and management domains score highest on decision coupling and traceability. These are the areas in
which Al must interact most directly with operational action—routing, planning, quality intervention, spare-
parts coordination, collaborative production, or service response. In other words, infrastructure is the dominant
enabler, but value-chain and management functions are the dominant consumers of high-quality lifecycle data.

Table 2 makes the same argument in a more explicit matrix. The strategy layer scores highly on governance
and decision coupling because enterprise Al deployment succeeds only when data responsibilities, performance
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logic, and organizational priorities are defined coherently. The value-chain layer scores highest on traceability
because lifecycle intelligence depends on being able to connect customer needs, design decisions, production
states, logistics events, and service outcomes. Management support receives its strongest scores on governance
and decision coupling because risk, quality, and sustainability functions require cross-functional comparability
and clear escalation logic. Infrastructure and capabilities top the matrix on interoperability and scalability
because they are responsible for sustaining the whole system. This pattern suggests that data architecture in
smart manufacturing is not a uniform problem. Different lifecycle layers have different database dependencies,
and those dependencies should shape design priorities.

5
4.6
44

4 1 3.8
)
S
o 37
~
]
O
(4]
2
£ 2
>
(M)
n

1 .

0 - T

Fragmented Limited  Weak closed-loopligh integration Talent and
data modelssemantic standards feedback cost governance gap

Figure 3. Severity of the principal bottlenecks constraining database-centered smart manufacturing.

Figure 3 summarizes the bottlenecks. The highest-severity barrier is fragmented data models, followed
closely by talent and governance gaps. This echoes recent lifecycle research showing that enterprises struggle
not only with technical integration but also with the organizational ability to coordinate data ownership,
interpretation, and use  filecite turn29file0 turn29filel7 . The second major barrier is limited semantic
standardization. Existing standards improve parts of the problem, but many implementations still rely on local
naming conventions, one-off mappings, or manually reconciled tables. The third barrier is weak closed-loop
feedback. A surprising number of Al use cases still end at dashboard-level insight rather than actual intervention,
which means the lifecycle system does not learn systematically from its own actions. Integration cost is another
persistent constraint, especially for brownfield factories, legacy ERP-MES landscapes, and supplier networks
with unequal digital maturity. Finally, cybersecurity, privacy, and explainability concerns intensify as Al
becomes more embedded in operational decision flows (Yin et al., 2014; Sisinni et al., 2018; Ribeiro et al., 2016;
Doshi-Velez and Kim, 2017).

One practical implication of these results is that firms should sequence their smart-manufacturing
investments differently. Instead of beginning with the most sophisticated model available, they should begin
with a database-readiness diagnosis. If semantic identifiers are unstable, if product and process states cannot be
traced reliably, or if governance responsibilities are unclear, model sophistication will only amplify fragility.
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Conversely, once a lifecycle data fabric is in place, even comparatively modest Al methods may generate
substantial operational value because they are connected to reliable context and executable workflows. This
conclusion also aligns with recent work on digital twins and industrial Al, which repeatedly shows that
integrated data structures, not merely advanced models, are the key condition for robust industrial intelligence
(Tao et al., 2018; Qi et al., 2021; Lee et al., 2019).

4.1 Management support as cross-functional data orchestration
Management support processes—supply chains, quality, risk, sustainability, and human resources—are often
implemented as separate analytics tracks. The source article highlights that these functions remain fragmented
even when Al is used extensively filecite turn29file0 turn29filel7 . A database-centered perspective
reveals why. Most enterprises maintain different master data structures, planning horizons, and access logics for
different support functions. As a result, cross-functional orchestration becomes difficult. Quality events may not
be linked cleanly to supplier or engineering records. Workforce scheduling may not be visible to maintenance or
logistics analytics. Sustainability measurement may sit outside production and planning systems.

Treating management support as a database problem changes the design objective. Instead of optimizing
each function locally, firms design a common data fabric that allows different decision services to consume and
enrich the same lifecycle entities. In such an architecture, a quality exception can trigger both supplier-risk
analysis and production rescheduling. A maintenance forecast can update capacity planning and energy
optimization. A change in product mix can alter workforce allocation, logistics priorities, and sustainability
reporting simultaneously. This is what enterprise intelligence means in operational terms: management support
processes become orchestrated through shared lifecycle data rather than isolated reports or local models.

4.2 Infrastructure, standards, and capability formation
The infrastructure layer is sometimes treated as a technical utility, but in database-centered Al architectures it is
a strategic capability. loT and IloT provide sensing and event capture, cloud and edge systems provide compute
placement, and cybersecurity safeguards trust and continuity. Yet none of these elements becomes truly enabling
until the enterprise can stabilize data definitions and access logic across them. Recent smart-manufacturing
literature continues to show that heterogeneity of standards, vendor ecosystems, and protocol stacks is a major
obstacle to scaling industrial intelligence (Sisinni et al., 2018; Cheng et al., 2020).

5. Discussion
The findings shift the discussion of smart manufacturing in three ways. First, they reposition databases from

background infrastructure to primary design objects. In much of the Al-for-manufacturing literature, the
database is invisible: data are assumed to exist, be accessible, and be sufficiently coherent for modeling. A
database-centered perspective makes the opposite assumption. It starts from the fact that product, process, and
organizational data are distributed across heterogeneous systems with different time horizons, quality levels,
access rules, and semantic conventions. The database challenge therefore precedes the modeling challenge. This
is why the same predictive technique may appear effective in one plant or function and nearly unusable in
another. The difference often lies not in the algorithm itself but in the quality of the lifecycle data environment
that surrounds it.

Second, the database-centered view clarifies why smart-manufacturing transformation cannot be reduced to
shop-floor automation alone. The source article rightly emphasizes that strategy, value chains, management
support, and infrastructure all matter in PLM-scale transformation filecite turn29file0 turn29filel7 . The
present analysis adds that these four domains are coupled through data architectures. Strategy defines which
entities matter and how performance is evaluated. Value chains generate and consume traceable product and
process states. Management support processes transform those states into decisions about quality, risk, inventory,
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sustainability, and workforce coordination. Infrastructure enables the entire cycle through interoperable
identifiers, event streams, storage logic, and governance. Al services sit across all these layers, but they remain
derivative of the database architecture that makes them operationally meaningful.

Third, the article identifies a more realistic role for Al in manufacturing systems. Database-centered
architectures do not diminish Al; they make it more credible. The practical problem in many factories is not that
Al is too weak, but that it is introduced into contexts where data lineage is poor, states are underspecified, and
action pathways are unclear. Under those conditions, even high-performing models may struggle to retain value
over time. By contrast, when Al is linked to lifecycle-aware data structures, even less glamorous methods can
support planning, prediction, and control in stable ways. This observation echoes a broader lesson from digital-
twin research: the strongest gains often occur when analytic models are embedded in coherent operational cycles
rather than judged only by standalone prediction metrics (Fuller et al., 2020; VanDerHorn and Mahadevan,
2021).

From a managerial perspective, the article suggests that firms should develop a lifecycle data strategy
alongside their Al strategy. Such a strategy should define the canonical product and process entities used across
systems; specify event schemas for traceability; establish clear stewardship for master data, engineering changes,
and model outputs; and create closed-loop pathways from prediction to intervention and from intervention to
retraining. Without these elements, Al deployment will likely remain trapped in pilot projects. With them, firms
can move toward reusable analytical services that operate across quality, maintenance, logistics, energy, and
even organizational learning.

From a research perspective, the main opportunity lies in making database-centered thinking more explicit.
Future studies should compare lifecycle data fabrics across industries, investigate how schema design influences
model performance, and measure the cost-benefit trade-offs between semantic standardization and local
flexibility. Research should also examine how LLMs and knowledge graphs can help reconcile heterogeneous
manufacturing vocabularies without creating opaque black boxes. In this sense, database-centered Al
architectures offer not only a new design framework but also a research agenda linking information systems,
manufacturing engineering, industrial Al, and governance.

Capability formation therefore depends on more than purchasing equipment or deploying models. It depends
on the development of database engineering routines: data-quality scoring, metadata versioning, identity
resolution, semantic mapping, and model registry practices. It also depends on human capability. Skills
shortages in Al-literate and data-literate personnel remain a recurrent challenge in the source article and broader
smart-manufacturing research  filecite turn29file0 turn29filel0 . From a database-centered viewpoint,
this talent gap is not only about algorithm development; it is about building teams that can connect data
engineering, operational context, governance, and analytical reasoning.

5.1 Design principles for database-centered smart manufacturing
Several design principles follow from the analysis. First, lifecycle entities should be canonical and reusable.
Products, equipment, processes, orders, materials, and quality states should not be duplicated idiosyncratically
across systems without reconciliation logic. Second, event schemas should capture state change rather than static
snapshots whenever possible. Manufacturing intelligence relies on transitions, not merely on inventories. Third,
model outputs should be stored as first-class lifecycle events with timestamps, confidence values, explanations,
and intervention status. This ensures that predictions are auditable and can be fed back into retraining and
performance analysis. Fourth, governance must be designed alongside architecture. It is much more difficult to
retrofit accountability, access control, and lineage after systems have already proliferated. Fifth, edge-cloud
deployment should be treated as a database-routing question as much as a compute-routing question: which
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lifecycle states must remain local, which can be synchronized centrally, and which demand near-real-time action
(Peng et al., 2018; Park et al., 2020).

5.2 Implications for research methods and metrics

A final point concerns research methodology. Many smart-manufacturing studies still evaluate success primarily
through predictive accuracy, throughput improvement, or cost reduction. Those indicators matter, but they do
not capture whether the underlying architecture is transferable, auditable, or resilient under change. Database-
centered research should therefore expand the evaluation set. In addition to model metrics, studies should report
identifier stability, schema completeness, lineage coverage, retraining latency, interface complexity, access-
governance overhead, and the proportion of decisions that actually close the loop into execution. These kinds of
measures would allow much clearer comparison across lifecycle architectures and would make smart-
manufacturing research more cumulative.

Such an agenda also opens space for interdisciplinary work. Database design in smart manufacturing is not
only a manufacturing-engineering problem; it intersects with information systems, software architecture,
industrial governance, organizational design, and human-computer interaction. The most promising next
generation of studies may therefore be those that combine lifecycle system design with empirical investigation
of how database-centered infrastructures change decision quality, resilience, and adaptation over time.

5.3 A lifecycle-oriented maturity interpretation

The architecture can also be interpreted as a maturity sequence. In early-stage enterprises, data remain function-
specific and reporting oriented. Al applications are typically attached to one machine group, one quality station,
or one warehouse sub-process. In intermediate-stage enterprises, identifiers and events begin to travel across
functions, enabling local digital twins, better forecasting, and selective cross-functional dashboards. In mature
enterprises, lifecycle entities and decisions are coordinated through shared data contracts, and Al outputs enter
execution loops directly. The maturity jump is not produced by model complexity alone. It is produced by the
extent to which the database architecture can support lifecycle continuity. This interpretation helps explain why
many firms report strong pilot performance but weak enterprise diffusion. Their pilots are analytically
successful, but the supporting data model is not generalizable across the lifecycle.

5.4 Why database-centered thinking matters for sustainability

Sustainability makes the database issue even more visible. Once firms attempt to evaluate energy intensity,
carbon footprints, material reuse, and circular flows, they need lifecycle data that connect bills of material,
process energy states, supplier attributes, logistics events, product returns, and end-of-life outcomes. These are
not naturally assembled in one system. A database-centered architecture becomes essential because
sustainability intelligence depends on integrating operational and environmental states rather than analyzing
them separately. The source article notes that Al-enabled sustainability management and circular-economy
integration are increasingly central to smart manufacturing filecite turn29filel7 . The present analysis
adds that such integration is only credible when the database architecture preserves product genealogy and
event-level traceability from design to retirement. In this sense, sustainability is not an add-on analytical layer; it
is a test of whether lifecycle intelligence is structurally real.

5.5 Human—-machine collaboration and explainability as data problems
Human-machine collaboration is another domain often treated mainly as an interface issue. Yet it too depends
on database design. Operators and engineers can only trust Al recommendations if the system can explain what
product, machine, or process state the recommendation is based on; what historical signals informed it; and what
intervention history is associated with similar situations. Explainability thus depends partly on model type, but
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also on the availability of well-structured contextual data. When lifecycle states are poorly defined, explanations
become vague or post hoc. When lineage is preserved, explanations can connect recommendations to auditable
chains of events. This insight links explainable Al work directly to database architecture rather than leaving it as
a separate ethical layer (Lundberg and Lee, 2017; Ribeiro et al., 2016).

6. Roadmap for Database-Centered Al Transformation
Building on the preceding analysis, a practical roadmap for database-centered smart manufacturing can be

organized into five steps. Step one is lifecycle scoping. Firms should identify the product states, operational
events, and organizational decisions that truly matter across the lifecycle. Step two is semantic stabilization.
This involves defining identifiers, relationships, and event contracts that can travel across PLM, MES, ERP,
SCM, quality, and service systems. Step three is governance design, including data quality controls, access rules,
lineage tracking, cybersecurity, and model accountability. Step four is Al service coupling: models should be
attached only after the lifecycle entities and operational intervention points are defined clearly. Step five is
closed-loop learning, in which execution outcomes are captured systematically and fed back into both databases
and models.

In a mature architecture, these five steps reinforce one another. For example, predictive maintenance is not
only a machine-learning task; it is also a question of how equipment states are identified, how maintenance
records are versioned, how scheduling consequences are represented, and how intervention results are stored for
future model updates. The same logic applies to quality control, supply-chain resilience, and sustainability
management. The most scalable smart-manufacturing systems therefore resemble lifecycle knowledge systems
with Al services attached, rather than Al islands connected loosely to operational software.

The roadmap also implies a differentiated role for advanced methods. Reinforcement learning, large
language models, and generative systems may create strong value, but only when grounded in lifecycle-aware
data structures. Otherwise, they risk becoming difficult-to-audit overlays on already fragmented processes. For
many enterprises, the better initial path will be to combine moderate predictive models with strong semantic and
governance foundations. As those foundations mature, more advanced Al can be layered in safely. This
sequence is especially important for brownfield environments, SMEs, and multi-site enterprises where the costs
of inconsistency compound quickly.

7. Conclusion
This article has argued that smart manufacturing should be reconceptualized as a database-centered Al

problem viewed from a product-lifecycle systems perspective. Rather than treating Al tools as independent
enablers, it has shown that their practical value depends on lifecycle data structures that support interoperability,
traceability, governance, decision coupling, and scalability. Using a structured secondary coding of the smart-
manufacturing literature, the article translated the PLM-oriented domains of strategies and organizations, value
chains, management support, and infrastructure into a practical architecture for lifecycle intelligence. The results
showed that infrastructure capabilities are the dominant enablers of enterprise-scale Al, while value-chain and
management domains are the dominant sites of traceability and decision coupling needs.

The main contribution is therefore conceptual but operationally oriented. It provides a database-aware
framework for diagnosing lifecycle readiness, prioritizing data-architecture investments, and sequencing Al
deployment more realistically. It also clarifies why many smart-manufacturing projects remain fragmented: they
attempt to optimize local functions before establishing coherent lifecycle data fabrics. Future work can extend
this framework through plant-level case studies, cross-industry comparison, and the measurement of architecture
quality as a predictor of Al value realization. For now, the key message is straightforward. In smart
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manufacturing, Al becomes strategic not when models are added everywhere, but when databases, workflows,
and lifecycle semantics are designed so that intelligence can travel across the enterprise.
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