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ABSTRACT

Industry 4.0 has opened the possibility of moving from reactive KPl monitoring
toward predictive and even prescriptive performance management in
manufacturing. Most existing optimization models, however, presuppose a high
degree of digital maturity, tight OT/IT integration and ready access to specialized
staff. These conditions are rarely met in economies still undergoing structural
transition, where many factories continue to operate with fragmented systems and
limited analytical capacity.

This paper develops a four-layer framework intended specifically for such settings.
The layers address successive stages of capability: sensor-based data acquisition
supported by 5G, hybrid Edge/Cloud processing, Al/ML models that generate both
forecasts and actionable recommendations, and a closed feedback mechanism that
continuously refines the system. Because the architecture is modular, firms can
begin with basic real-time data collection and add further layers only when
resources and skills allow.

The principal contribution lies in offering a staged pathway that lets smaller
manufacturers start digital transformation without committing to large-scale,
high-risk investments from the outset.

© 2026 Published by Faculty of Engineering

1. INTRODUCTION

1.1 Contextual problem

resources into a single intelligent network, enables a shift
from centralized and sequential production processes
toward self-organizing, decentralized and highly
connected systems (Drenik, 2025; Jokovi¢, 2020; Nikoli¢

Contemporary  manufacturing undergoing a et al., 2023). Key Industry 4.0 technologies such as the
fundamental technological transformation driven by Internet of Things, artificial intelligence, machine
Industry 4.0. This paradigm, based on the integration of learning, Edge Computing, digital twins and 5G
digital technologies, physical systems and human networks make real-time data collection and analysis
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possible, support predictive maintenance, allow supply-
chain optimization and contribute to measurable gains in
operational efficiency (Nikiforidis et al., 2025; Rajkovi¢
et al., 2023; Kang & Kim, 2024; Yuldashev et al., 2023).

In such environment traditional approaches to
performance measurement quickly prove insufficient.
Key Performance Indicators, which remain the primary
instrument for evaluating the efficiency of production
processes, now require dynamic and integrated models of
measurement and optimization (Medugorac et al., 2011;
Velimirovi¢ et al., 2011). Instead of static, periodically
compiled reports, modern manufacturing needs
continuous monitoring, prediction of future KPI values
and, where feasible, automatic generation of
recommendations for optimal actions (Lepenioti et al.,
2020; Zhang, 2025). These capabilities rest on the
integration of operational and information systems,
advanced data analytics and artificial intelligence
(Kumar, 2022; Bordevic et al., 2025; Pratna et al., 2025).

Despite the clear potential, practical application of these
concepts in transitional settings such as Serbia and the
wider Western Balkans continues to lag behind
theoretical possibilities (Jokovi¢, 2020; Rajkovié et al.,
2023). Existing studies show that most manufacturing
enterprises, particularly smaller ones, still face limited
system integration, insufficient digital maturity,
shortages of qualified personnel and high implementation
costs (Akhmedova et al., 2023). Consequently KPIs are
most often monitored periodically and reactively, which
prevents timely optimization of production processes and
the reduction of downtime, defects and costs.

1.2 Research Problem

The main research problem addressed in this paper is the
lack of a contextually adapted, modular framework that
would enable manufacturing enterprises operating under
constrained conditions to progress gradually from basic
real-time data collection to predictive and eventually
prescriptive KPI optimization.

Existing KPI optimization models developed within the
Industry 4.0 literature have largely been designed for
highly digitalized economies that already possess dense
0T infrastructures, full integration of operational and
information technologies, and ready availability of
specialized personnel. Such models tend to be complex,
resource-intensive and insufficiently flexible for firms
whose financial and technical capacities remain limited,
the very firms that constitute the backbone of Serbian
industry (Jokovi¢, 2020).

A further difficulty lies in the limited modularity of many
published solutions. Authors frequently offer either
overly general theoretical frameworks or highly specific,
costly systems that leave little room for stepwise
adoption (Rajkovi¢ et al., 2023). Full integration of 10T
and 5G connectivity, Edge and Cloud infrastructure,

2250

AI/ML analytics and closed feedback loops into a single,
practically usable architecture remains rare, especially
under the real operating conditions found in transitional
economies.

1.3 Aim and Research Questions

The aim of the paper is therefore to develop a four-layer
modular framework for KPI measurement and
optimization in smart manufacturing that takes explicit
account of the constraints typical of transitional settings.
The framework is intended to allow manufacturing
enterprises to advance digital capabilities in stages,
beginning with reliable data acquisition, moving through
processing and analysis, and eventually reaching
predictive and prescriptive performance optimization.

Three research questions structure the inquiry:

1. How can a modular framework for KPI
measurement and optimization in smart
manufacturing be structured?

2. What are the key components of each of the four
layers, and how are they integrated?

3. In what way does the modular approach enable
gradual implementation in enterprises with
limited resources?

Based on these aims and research questions we proposed
hypothesis:

H1 states that a modular framework makes it possible to
begin implementation without large initial investments.

H2 proposes that the integration of an AI/ML module
produces improvements in core indicators such as
Overall Equipment Effectiveness, downtime and energy
efficiency.

H3 expects the feedback loop to support continuous
performance improvement through dynamic adaptation
of models and maintenance strategies.

It is important to underline that the paper presents a
conceptual framework. The architecture is built on a
systematic reading of the existing literature and is offered
as a foundation for subsequent empirical validation. No
primary data collection was undertaken; the text
synthesizes published findings on digital maturity in
transitional contexts in order to justify the need for a
staged approach. Empirical testing of the framework is
left as a direction for future research.

1.4 Contribution of the Paper

The paper offers theoretical,
methodological contributions.

practical and

Theoretically, it develops a modular architecture that
brings four technological layers into a single coherent
structure and thereby provides an alternative to
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comprehensive, costly and  high-risk  digital-
transformation projects. Such an integrated yet staged
approach has not been systematically elaborated in the
domestic and regional literature to date.

Practically, the framework is designed to accommodate
the conditions under which smaller manufacturing
enterprises typically operate. By allowing firms to add
capabilities incrementally, it reduces both the initial
financial outlay and the risk of implementation failure
while still opening a realistic path toward more advanced
performance management.

Methodologically, the work demonstrates how findings
drawn from multiple sources can be reorganized into a
coherent conceptual model that addresses a clearly
identified gap. The synthesis itself constitutes a
contribution by showing how scattered insights can be
assembled into a usable architecture tailored to a specific
regional context.

1.5 Structure of the Paper

The paper is organized into five sections. After the
introduction, Section 2 presents the theoretical
framework and literature review, covering Industry 4.0,
KPIs in smart manufacturing, integrated information
systems, data analytics and the research gap. Section 3
sets out the proposed four-layer modular framework in
detail: 10T and 5G data acquisition, Edge and Cloud
infrastructure, AI/ML analytics, and the feedback loop.
Section 4 discusses theoretical and practical implications,
limitations and recommendations for future research.
Section 5 offers concluding remarks.

2. THEORETICAL FRAMEWORK AND
LITERATURE REVIEW

2.1 Industry 4.0 and Smart Enterprises

Industry 4.0 marks a far-reaching reorganisation of
production and business processes. Digital technologies,
physical systems and human expertise are brought
together into interconnected networks that can operate
with a degree of self-organisation (Drenik, 2025). First
articulated in Germany in 2011, the concept moves away
from strictly centralised, sequential workflows toward
decentralised and highly linked arrangements (Jokovic,
2020; Brajkovi¢, 2019).

Contemporary smart enterprises rely on a cluster of
enabling technologies. The Internet of Things, artificial
intelligence, machine learning, Edge Computing, digital
twins and Blockchain appear most frequently in recent
accounts (Rajkovi¢ et al., 2023; Othman et al., 2026).
Together they support continuous data capture,
predictive maintenance routines, more responsive supply
chains and measurable gains in operational efficiency
(Nikiforidis et al., 2025; Nikulin, 2025).

Several authors stress that the transformation is not
purely technological. New business models, higher
digital competencies among employees and sustained
management commitment are equally necessary (Saini et
al., 2025; Barbari¢, 2025). When these organisational
conditions are met, firms can move toward self-
optimising operations, more flexible customer-specific
production and noticeable reductions in resource use and
waste (Wozniak et al., 2022; Wozniak et al., 2024).

Digital twin technology receives particular attention. By
creating virtual counterparts of physical assets and
processes, it improves monitoring, simulation and real-
time decision-making (Rajkovi¢ et al., 2020; Rajkovi¢ et
al., 2023). Parallel work on network infrastructure seeks
to resolve latency, energy-efficiency and security
problems that arise in industrial 10T environments
(Othman et al., 2026).

Consensus on the potential of these developments is
widespread. At the same time the literature repeatedly
records obstacles: high capital requirements, shortages of
suitably trained staff, cybersecurity risks and slower
uptake among smaller manufacturers. These difficulties
are especially pronounced in transition regions such as
Serbia and the Western Balkans (Jokovi¢, 2020; Saini et
al., 2025). The question that follows is how performance
can be measured and continuously improved under
precisely these constrained conditions.

2.2 KPIs and Performance Measurement

Key Performance Indicators remain the principal means
by which organisations quantify progress toward
strategic and operational goals (Medugorac et al., 2011;
Velimirovi¢ et al., 2011; Balon et al., 2024; Knapcikova
et al, 2024). In the literature they are commonly
described as measurable, relevant, reliable and actionable
measures that link day-to-day processes with higher-level
objectives.

Earlier measurement systems relied heavily on financial
metrics. More recent work insists on multidimensional
frameworks that also capture quality, time, flexibility,
sustainability, safety and the satisfaction of both
employees and customers (Domanovi¢, 2013; Balon et
al., 2024). The Balanced Scorecard continues to serve as
one of the most widely referenced models in this regard,
combining financial, customer, internal-process and
learning-and-growth perspectives (Cavali¢ et al., 2017;
Damjanovi¢ & Domanovi¢, 2023).

Within production and logistics settings, attention has
shifted toward indicators tailored to specific industrial
contexts. Automotive manufacturers, for instance, track
Scheduled Sequence Achievement Ratio, Scheduled
Time Achievement Ratio and Standard Production Lead
Times Ratio, often in real time through Manufacturing
Execution Systems (Pordevi¢ et al., 2025). In the energy
sector, indicators focused on equipment efficiency,
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energy consumption and maintenance help isolate
process signals most strongly correlated with desired
outcomes (Lindberg et al., 2015; Rahimi et al., 2020).

Smart manufacturing places particular weight on
indicators that can be monitored continuously. Overall
Equipment  Effectiveness, cycle time, machine
utilisation, downtime frequency, predictive-maintenance
metrics, throughput, first-pass vyield and energy
efficiency appear most frequently (Lindberg et al., 2015).
Unlike traditional reporting cycles, the Industry 4.0
environment allows these values to be generated
automatically from loT and MES sources, analysed by Al
algorithms and adjusted through predictive and
prescriptive techniques (Lepenioti et al., 2020).

Methodological contributions have also expanded.
Atanasov (2016) proposed a dynamic mathematical
model for selecting performance indicators that can adapt
to changing business conditions. Simeunovi¢ (2015)
introduced the GPI model, which links goals, processes
and indicators directly and thereby increases the
flexibility of the measurement system; Sarovié¢ and
Perovi¢ (2019) later demonstrated its practical utility.
Corsini et al. (2025) explore how artificial intelligence,
combined with internal and external collaboration, can
support the definition of KPIs for circular-economy
applications. Zahar Pordevi¢ et al. (2020) developed a
fuzzy model suited to the uncertainties typical of small
and medium-sized firms, while Koji¢ et al. (2017)
underline that indicators used in turbulent environments
must remain measurable, reliable, realistic and actionable
if timely corrective action is to be possible.

Despite the variety of available models, recurring
difficulties persist: selecting an appropriate set of
indicators, integrating them with real-time data streams,
overcoming employee resistance, and adapting static
frameworks to the rapidly changing conditions of smart
production (Atanasov, 2016; Corsini et al., 2025). These
persistent gaps explain the growing interest in hybrid
approaches that combine established models such as the
Balanced Scorecard or GPI with data analytics, artificial
intelligence and integrated information systems.

2.3 Integrated Information Systems

Integrated information systems form the backbone of
digital transformation in smart manufacturing. They
move beyond the closed architectures of earlier
generations and enable continuous data exchange across
production, logistics, finance, sales and customer-facing
functions. Recent literature traces a clear evolution from
classical ERP, SCM and CRM platforms toward hybrid,
cloud-based solutions that are tightly coupled with loT
technologies.

The decisive step lies in linking 10T data streams with

existing enterprise systems. Traditional ERP installations
often struggle with the volume, velocity and
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heterogeneity of sensor data, which leads to delayed
decisions and reduced operational responsiveness. In
response, architectures that insert intermediary layers,
Edge Computing nodes and machine-learning routines
have been developed. These arrangements allow sensor
readings to flow directly into the ERP environment,
where they can be processed in near real time, generate
predictive insights and appear on interactive dashboards
(Kumar, 2022).

Comparable integration efforts appear in the CRM
domain. Distributed web systems make it possible to
exploit rapid data collection from smart devices,
personalise customer interactions, react more quickly to
shifts in behaviour and strengthen loyalty (lleana et al.,
2025). At supply-chain level, microservice architectures
that process loT data deliver end-to-end visibility,
ranging from goods tracking and delay prediction to risk
and sustainability optimisation (Kousiouris et al., 2019).

Empirical accounts repeatedly show that organisations
which succeed in connecting ERP and CRM systems,
supported by Big Data analytics and Al, record gains in
productivity and tighter synchronisation of the value
chain. Success, however, is never solely technological. It
depends on the digital maturity of the firm, management
support, employee training and the ability to manage
interoperability, data-security and cost challenges,
especially among smaller manufacturers (Kowsar &
Rahman, 2022; Lo & Pachamanova, 2023).

Cloud computing plays a pivotal enabling role. It allows
loT-generated data to be stored, processed and fed into
ERP systems with minimal human intervention, opening
the way to higher levels of automation and predictive
management. Deng (2022) argues that precisely this
interconnection among ERP, SCM and CRM platforms
has become a prerequisite for successful digital
transformation under contemporary conditions.

Once such integration is achieved, a continuous data path
from sensors to managerial decision levels becomes
available. That path, in turn, creates the necessary
precondition for applying artificial intelligence to real-
time data and for constructing models that can monitor
and optimise KPIs in volatile production environments
(Yormatov et al., 2024).

2.4 Data Analytics in Smart Manufacturing

In smart manufacturing environments vast quantities of
data are generated continuously from 10T sensors,
integrated information systems and production processes
themselves. Analytics converts these raw streams into
forms that decision-makers can use and, ultimately, into
competitive advantage. The task is no longer limited to
describing what has already occurred; it extends to
forecasting future states and recommending actions
aligned with strategic objectives.
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Contemporary business analytics is usually organised
into four successive layers. Descriptive and diagnostic
techniques clarify past and present performance.
Predictive methods, drawing on machine learning and
statistical models, estimate what is likely to happen next.
Prescriptive analytics occupies the highest level: it
recommends concrete actions while taking account of
constraints, risks and organisational goals (Lepenioti et
al., 2020).

A noticeable shift in the literature moves away from
purely data-driven exploration toward goal-oriented
analytical decision-making. Instead of beginning with
whatever patterns the data happen to reveal, the newer
approach starts from a defined business objective and
then combines predictive models with causal inference
and operations-research techniques to generate optimal
recommendations (Lo & Pachamanova, 2023). Hybrid
methods that marry machine learning with classical
operations research have shown particular strength in
complex domains such as inventory management, where
they outperform conventional heuristics (Bertsimas &
Kallus, 2019).

Sustainability — applications illustrate the same
progression. Regression models and neural networks are
used to assess how design choices affect resource use and
environmental ~ impact,  while  constraint-based
prescriptive techniques identify specific opportunities for
reducing waste and defective output already at the design
stage (Relich, 2023). Tyagi (2021) emphasises the value
of parallel processing architectures that can integrate
heterogeneous sources, including 10T data, and thereby
support the full spectrum of analytical techniques in
logistics and transport.

One persistent difficulty remains the selection of relevant
performance indicators and the modelling of their
interrelationships. Frameworks that integrate multiple
data-collection models support the construction of
strategic performance maps and the forecasting of future
KPI values, while also clarifying how leading indicators
influence lagging outcomes (Lepenioti et al., 2020). Such
maps enable firms to adjust strategies dynamically across
different business models.

Under Industry 4.0 conditions analytics ceases to
function merely as decision support and becomes an
integral component of both operational and strategic
management. By combining predictive and prescriptive
capabilities it allows continuous measurement,
monitoring and optimisation of KPIs during the actual
execution of production processes rather than in periodic
reports (Lo & Pachamanova, 2023). When these
techniques are applied together, automatic detection of
deviations, anticipation of downtime and dynamic
adjustment of production parameters become feasible
(Bertsimas & Kallus, 2019).

2.5 Research Gap

Although the literature on Industry 4.0 and KPI
optimization is extensive, several important limitations
persist. A large share of international studies (Lepenioti
et al., 2020) develop advanced optimization models that
presuppose a highly developed digital infrastructure, full
OT/IT integration and ready access to specialized
personnel. These assumptions make the models difficult
to transfer to transitional settings such as Serbia, where
many manufacturing firms still operate with fragmented
systems and constrained analytical capacity.

Domestic and regional contributions (Jokovi¢, 2020;
Rajkovi¢ et al., 2023) correctly identify the principal
barriers to shortage of qualified staff, high
implementation costs and low digital maturity, yet they
largely remain at a descriptive level. Problems are stated,
but concrete, operational solutions that smaller
manufacturers could actually adopt are rarely offered.
The segment of small and medium-sized manufacturing
enterprises, which account for the overwhelming
majority of industrial activity in Serbia and lack the
financial and technical means for comprehensive system
overhauls, remains particularly under-examined.

A further shortcoming is the limited modularity of most
proposed architectures. Authors tend either to present
broad theoretical frameworks that leave implementation
details unspecified or to describe highly specific, capital-
intensive solutions that cannot be introduced in stages.
Full integration of 10T and 5G connectivity, Edge and
Cloud infrastructure, AI/ML analytics and closed
feedback loops into a single, practically usable structure
is still uncommon.

This paper seeks to address these gaps by constructing a
four-layer modular framework oriented toward the
conditions under which smaller manufacturing firms in
Serbia typically operate. Unlike many existing models,
the proposed architecture permits stepwise adoption: an
enterprise can begin with basic sensor-based data
collection and only later introduce Edge/Cloud
processing, predictive and prescriptive analytics, and a
feedback mechanism. In this way the work contributes
both to theory by linking predictive and prescriptive
analytics with an explicitly modular logic and to practice,
by offering a pathway that takes account of constrained
resources, incomplete system integration and limited
specialized expertise.

3. PROPOSED FOUR-LAYER
FRAMEWORK

3.1 Overview of the Framework
Drawing on the literature review and the identified
shortcomings of existing approaches, this section

develops a conceptual framework for KPI measurement
and optimization in smart manufacturing. The
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architecture integrates selected Industry 4.0 technologies
while remaining attentive to the constraints that
characterize many manufacturing environments still far
from full digital maturity.

The framework is intended to support four interrelated
aims:
1) collection of data in real time from sensors and
production processes;
2) processing and analysis of those data with
appropriate tools;
3) generation of predictive and prescriptive
outputs that can guide KPI improvement;
4) continuous feedback that allows the system
itself to adapt over time.

Although the structure is general enough to be applied
across different production settings, particular attention
is given to the automotive, metallurgical and processing
industries, which remain prominent in Serbia and the
surrounding region.

Conceptual model with four layers form the architecture
(Figure 1):

The four layers are:
e Layer 1: 10T and 5G data acquisition
e Layer 2: Edge/Cloud infrastructure
e Layer 3: AI/ML predictive and prescriptive
analytics
e lLayer 4: Feedback loop for dynamic KPI
optimization

CONCEPTUAL MODEL FOR MANUFACTURING ENTERPRISES

INPUT DATA

KEY PERFORMANCE

S
PRODUCTION DATA
sensor data, machine statuses
\ SENSITIVITY
MODELING
—

OPERATIONAL DATA
inventory, work orders

SENSITIVITY

/ Al SYSTEM FOR OPTIMIZATION

PREDICTIVE MODELING 3
AND KPI FORECASTING

\ INDICATORS (KPI)
PERFORMANCE
> REPORTS

PRESCRIPTIVE
OPTIMIZATION OPTIMIZATION
PLANS

]_|—’ ANALYSIS

-

t MARKET DATA

ACTION
PLANS

-->

Figure 1. Conceptual model framework

Modularity is central. Each layer can be introduced
independently, so that a firm may begin with basic data
collection and only later add more advanced functions.
The data flow is sequential yet iterative: raw signals
originate in Layer 1, are processed and stored in Layer 2,
analysed in Layer 3, and returned as recommendations
through Layer 4. The cycle then repeats, allowing gradual
refinement of performance.

3.2 Layer 1: 10T and 5G Data Acquisition

Reliable, timely data form the indispensable foundation
of any subsequent analysis or optimization. Without them
the remaining layers cannot function. Layer 1 therefore
concentrates on establishing the physical and network
infrastructure required for continuous data capture.

Sensors mounted on production equipment supply the
primary signals. Temperature, vibration, current,
pressure and rotational speed are among the most
common parameters monitored. In parallel, devices

Table 1. Types of data collected in Layer 1

already present on the shop floor (PLC controllers, CNC
machines equipped with 10T modules, industrial robots)
can be networked and treated as additional data sources.
Network connectivity is provided by 5G, chosen for its
low latency, high throughput and capacity to support
large numbers of simultaneous connections; private
hybrid wireless access arrangements further address
latency and security requirements typical of industrial
settings. Edge nodes placed close to the equipment
perform initial filtering and aggregation before data are
forwarded.

The data themselves fall into four broad categories.
Equipment-status readings (temperature, vibration,
motor current, pressure) originate from loT sensors.
Production metrics such as Overall Equipment
Effectiveness, cycle time, utilization rate and throughput
are obtained from PLC and MES systems. Quality
indicators (defect rate, first-pass yield) come from
control devices. Downtime-related measures (frequency,
Mean Time Between Failures, Mean Time To Repair) are
drawn from monitoring systems (Table 1).

Data Category Examples Source
Equipment status Temperature, vibration, motor current, pressure loT sensors
Production Overall Equipment Effectiveness, cycle time, utilization rate, throughput PLC, MES
Quality Defect rate, first-pass yield Control devices
Downtime Downtime frequency, Mean Time Between Failures, Mean Time To Repair Monitoring system
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Because this layer demands primarily hardware
investment and basic connectivity rather than advanced
analytical skills, it constitutes a realistic starting point
even for firms whose digital capabilities remain modest.

3.3 Layer 2: Edge and Cloud Infrastructure

Once data are being collected, they must be stored,
processed and distributed. Layer 2 supplies a hybrid
infrastructure that combines local Edge processing with
centralized Cloud resources.

At the Edge, data are handled close to their source. Local
servers or even the 10T devices themselves filter noise,
aggregate readings and trigger immediate responses (for
example, stopping a machine when a critical threshold is
crossed). Pre-processing performed at this stage reduces
the volume of data that must travel further and prepares
cleaner inputs for later analytics.

The Cloud component complements these local functions
by offering scalable storage and computational capacity.
Historical records from multiple plants or locations can
be retained, complex models trained, and interactive
dashboards maintained for managerial oversight. Long-
termarchives also supply the longitudinal data needed for
trend analysis and model retraining.

The division of labour is pragmatic: urgent events are
resolved locally to minimize latency, while strategic and
historical data move to the Cloud for deeper examination.
Firms that cannot yet invest in full Cloud integration may
begin with Edge capabilities alone and add the
centralized layer later.

3.4 Layer 3: Al and ML Analytics

Layer 3 constitutes the analytical core. Artificial
intelligence and machine-learning algorithms convert the
data prepared in the preceding layers into forecasts and
concrete recommendations.

Predictive applications focus on three domains. First,
predictive maintenance: algorithms learn the patterns of
equipment behaviour that typically precede failure and
estimate the probability of breakdown within a defined
horizon (the next shift, the next day, the next week).
Maintenance can then be scheduled only when it is
genuinely required. Second, quality prediction: process
parameters are used to flag products likely to fall outside
specification, allowing correction before scrap is
generated. Third, cycle-time estimation: the system
forecasts the duration needed to complete a given order,
improving planning accuracy.

Prescriptive applications move beyond forecasting to
recommendation. Genetic algorithms and related
techniques suggest machine settings that maximize
Overall Equipment Effectiveness while limiting energy
consumption. Scheduling algorithms propose operation
sequences that reduce idle time and tool changes. When
a KPI deviation is anticipated, the system can also
recommend a specific corrective action (resetting a
parameter, adjusting speed, initiating a targeted
maintenance task). Table 2 summarizes how these two
forms of analytics map onto selected KPIs.

Table 2. Application of predictive and prescriptive analytics to target KPIs

KPI Predictive Application

Prescriptive Application

Overall Equipment
Effectiveness

Prediction for the next two shifts

Recommendation for line balancing

Downtime frequency Prediction of downtime

Recommendation to perform maintenance before

probability downtime
Cycle time Prediction of processing time Recommendation for tool order optimization
Energy efficiency Prediction of energy consumption | Recommendation for shutting down backup systems

Because the analytical demands of this layer are higher,
firms may begin with relatively simple predictive models
and only later progress to full prescriptive capability.

3.5 Layer 4: Feedback Loop

Without continuous adaptation the system would
gradually lose accuracy as production conditions change.
Layer 4 therefore closes the loop.

After each production cycle the predicted KPI values are
compared with the values actually achieved. The
resulting error is used to retrain the models, typically on
a weekly or monthly schedule. Alarm thresholds are
adjusted automatically on the basis of historical false-
positive rates. Maintenance strategies themselves are
revised when previously unpredicted failures occur.

The overall effect is an iterative optimization cycle: data
continue to be collected in Layer 1, processed in Layer 2,
analysed in Layer 3, and returned as refined
recommendations through Layer 4. Over successive
iterations the system improves its own performance.

3.6 Modular Implementation

The architecture is deliberately staged so that enterprises
can match investment to current capacity. Four
successive phases are envisaged.

Phase one establishes Layer 1: sensors are installed on

critical equipment, network connectivity is secured, and
real-time data streams begin to flow. Hardware and basic
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connectivity constitute the main outlay; advanced
analytical skills are not yet required.

Phase two adds Layer 2. Edge nodes handle local
processing, Cloud storage is introduced for historical
data, and simple dashboards make KPI values visible to
managers.

Phase three activates Layer 3. Predictive models for
maintenance, quality and cycle time are deployed,
followed by prescriptive algorithms that suggest
parameter adjustments and schedule improvements.
Outputs are linked back to the production systems.

Phase four completes the loop with Layer 4. Mechanisms
for comparing predicted and actual results are put in
place, regular model retraining is scheduled, and
dynamic adjustment of thresholds and maintenance rules
becomes routine.

Each phase delivers usable value on its own. A firm need
not complete the entire sequence in order to benefit;
progress can stop or pause at any stage according to
resources and priorities. This staged logic is what renders
the framework accessible to manufacturers whose digital
starting point remains modest.

4. DISCUSSION

4.1 Theoretical Implications

The four-layer framework contributes to the theory of
performance measurement under Industry 4.0 conditions
in three distinct ways. First, it underscores that KPI
optimization models developed for highly digitalized
environments cannot be transferred unchanged to settings
where digital maturity remains uneven. Full OT/IT
integration, dense sensor coverage and readily available
specialist expertise (the preconditions assumed by many
existing models) are still absent in a substantial share of
manufacturing firms in Serbia and the Western Balkans
(Jokovi¢, 2020). Studies consistently show that domestic
enterprises remain at an early stage of digital
transformation, with limited real-time data collection and
fragmented information systems (Rajkovic et al., 2023).
Any attempt to introduce advanced analytics must
therefore begin by securing basic data-acquisition
infrastructure. The proposed architecture acknowledges
this sequence and is built accordingly.

Second, the paper formalizes the idea of a staged digital
pathway. Rather than treating transformation as a single,
comprehensive project, the framework treats capability
as something that can be added layer by layer: data
collection first, then Edge and Cloud processing, then
Al/ML analytics, and finally a closed feedback loop. This
logic reflects a pattern already observable among
resource-constrained firms (Saini et al., 2025), yet it has
rarely been articulated as an explicit design principle
within the regional literature. Hypothesis H1, which
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posits that modularity enables progress without large
initial outlays, finds its theoretical grounding precisely in
this staged conception.

Third, the framework brings predictive and prescriptive
analytics together inside a single, modular structure and
links both to a continuous feedback mechanism. Many
existing models concentrate on either forecasting or
recommendation, and still fewer embed both within an
architecture that can itself evolve over time (Bertsimas &
Kallus, 2019; Lepenioti et al., 2020). By locating
predictive and prescriptive functions in one layer and
coupling them to Layer 4, the framework offers a more
complete account of how KPI optimization can be
sustained rather than merely initiated. Hypotheses H2
and H3, concerning expected gains in core indicators and
the adaptive role of the feedback loop, follow directly
from this integrated design. These contributions remain
theoretical. The framework has not been tested in
operating plants, and its practical effectiveness is still to
be demonstrated. Nevertheless, the conceptual structure
supplies a coherent basis for subsequent empirical work.

4.2 Practical Implications

The framework carries several practical implications for
manufacturing enterprises, especially smaller ones, and
for the institutions that support industrial development.

For manufacturing enterprises the first implication is
straightforward: digital transformation must begin with
data. Before resources are committed to advanced
analytics or artificial intelligence, reliable real-time
collection from production equipment has to be
established. Sensors, network connectivity and an
unbroken data path from the shop floor to higher decision
levels are prerequisites. Without them no amount of
subsequent analysis can compensate for missing or
unreliable inputs.

A second implication concerns the selection of
indicators. At the outset firms are advised to concentrate
on a limited set. Overall Equipment Effectiveness and
downtime frequency are particularly suitable starting
points: they are widely understood, relatively
straightforward to measure, and directly linked to
operational performance (Pordevic et al., 2025; Lindberg
et al., 2015). Once these are monitored reliably, further
indicators such as cycle time, defect rate and energy
efficiency can be added.

A third practical point is that existing information
systems should be integrated before new analytical
modules are introduced. Many plants already operate
ERP, MES or SCADA systems, yet these often function
in isolation. Fragmented data cannot support advanced
analytics. Prioritizing the connection of systems already
in place therefore precedes investment in Al or machine-
learning tools.
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A fourth implication relates to human resources. The
shortage of staff who combine production knowledge
with data-science skills remains one of the most
frequently cited obstacles (Jokovi¢, 2020). Because
simultaneous recruitment of specialists in all required
domains is rarely feasible, collaboration with universities
or the formation of small interdisciplinary internal teams
can provide a more realistic route to the necessary
expertise.

For institutions and policymakers the findings suggest
several concrete actions. Targeted support for basic 10T
infrastructure, especially among smaller manufacturers,
would lower the most immediate financial barrier.
Educational programmes that combine production
engineering, data analytics and artificial intelligence
would help close the skills gap. Demonstration projects
and publicly accessible case studies of modular
implementation would reduce uncertainty among firms
still hesitant to begin. Finally, public-private financing of
carefully designed pilot applications would generate the
empirical evidence needed both to refine the framework
and to illustrate its value under local conditions.

4.3 Limitations

The most important is that the framework remains
conceptual. No primary data were gathered and no pilot
implementation was carried out. The architecture rests on
a synthesis of published literature and on reasoned
argument about how the four layers should interact.
While this approach is legitimate for conceptual work, it
leaves the practical effectiveness of the framework
untested.

A second limitation concerns the uneven coverage of the
underlying literature. Certain elements (predictive
maintenance, OEE monitoring) are well documented;
others (the combination of 5G with Edge computing
under the specific constraints of transitional industrial
settings) are less thoroughly explored. In those areas the
framework necessarily relies on extrapolation.

A third limitation is the assumption of a minimum level
of existing infrastructure. The model presupposes that
production equipment can accept sensors, that some form
of network connectivity is available, and that at least
rudimentary information systems are already in place. In
older facilities these conditions may not hold, and the
framework does not address the particular difficulties
posed by fully legacy equipment or by plants that
currently possess no digital infrastructure at all.

A fourth limitation is the relatively light treatment of
organizational and cultural factors. Successful digital
transformation depends not only on technology but also
on management commitment, employee engagement and
broader organizational readiness. Although the
framework recognizes these factors, it does not provide
detailed guidance on how they should be managed.

Finally, the quality of the sources consulted varies. Some
references are recent and rigorously documented; others
are older or less thoroughly verified. Every effort was
made to rely on reliable material, yet the limitations of
the available literature remain.

4.4 Future Research

The limitations point to several clear directions for
further work.

Empirical validation is the most urgent. Two
complementary routes are possible. A large-scale survey
of manufacturing firms across Serbia and the Western
Balkans could map current levels of digital maturity,
identify the most common implementation barriers, and
gauge the perceived usefulness of a modular architecture.
A second, more demanding route would be pilot
implementation of one or more layers in an operating
plant, with systematic measurement of effects on selected
KPIs. Such pilots would supply stronger evidence than
survey data alone, although they would also require
substantial time and resources.

A second research avenue concerns algorithms capable
of working with incomplete or noisy data. Many firms in
transitional settings cannot supply the clean, high-
volume datasets that advanced machine-learning models
normally require. Methods that tolerate irregularity
(fuzzy approaches, probabilistic models, or techniques
designed for sparse data) would therefore be of particular
practical value.

Comparative analysis across several transitional
economies would test the extent to which the framework
is regionally robust or, conversely, context-specific.
Organizational and cultural dimensions also merit closer
examination: technical architectures alone rarely
determine success or failure. Finally, mapping the four
layers onto established reference architectures such as
RAMI 4.0 or IIRA would clarify the framework’s
position within the wider Industry 4.0 literature and
facilitate dialogue with existing standardization efforts.

5. CONCLUSION

The transition from reactive to predictive and
prescriptive KPI management cannot be treated as a
single leap. For manufacturing enterprises that still
operate with incomplete digital infrastructures, limited
analytical capacity and constrained budgets, the process
has to be incremental. Existing optimization models
developed for highly digitalized settings rarely
accommodate these starting conditions. They tend either
to assume resources and skills that are not yet available
or to offer solutions too rigid for gradual adoption.

The framework presented here responds to that gap by

treating modularity as a core design principle. Each of the
four layers (data acquisition, Edge/Cloud infrastructure,
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AI/ML analytics, and the feedback loop) can be
introduced independently. Firms may therefore begin
with basic real-time data collection and add further
capabilities only when resources, skills and operational
needs permit. This staged logic lowers the initial
investment, reduces the risk of failure, and renders digital
transformation accessible to smaller manufacturers that
cannot undertake comprehensive, high-cost projects.

Three contributions follow. First, the work assembles
four technological layers into a single, coherent
architecture that has not previously been articulated in
this form within the regional literature. Second, the
architecture is explicitly adapted to the constraints typical
of transitional industrial environments. Third, a phased
implementation path is outlined that allows enterprises to
start with low-cost, low-risk steps and to build toward a
more fully integrated system over time. The three
working hypotheses advanced earlier (H1 on the
feasibility of modular adoption without large up-front
outlays, H2 on expected gains in core indicators once the
Al/ML layer is active, and H3 on the adaptive role of the
feedback loop) remain to be tested, yet they supply clear
benchmarks for future empirical evaluation.

The limitations of the study must be kept in view. The
framework is conceptual; no primary data were collected
and no pilot implementation was conducted. The
underlying literature is uneven in coverage, and the
model assumes a minimum level of existing
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