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Abstract. The relevance of the study is determined by the growing complexity of
industrial systems and the need to transition from time-based and reactive maintenance to
condition-based approaches. Traditional strategies do not ensure alignment between technical
parameters and economic performance, resulttin in higher costs and productivity losses.

The purpose of the article is to develop and substantiate a methodological approach to
forecasting the economic benefits of predictive maintenance through integrating technical
monitoring, diagnostics, and prediction with economic evaluation, based on the MACPOM
methodology.

Methods include system analysis, generalisation, modelling, and economic evaluation,
combining sensor monitoring, digital modelling, and predictive analytics.

Results show that integrating technical condition data, remaining useful life, and cost
parameters enables quantitative assessment of economic effects, including reduced downtime,
maintenance costs, and operational losses.

Conclusions confirm that integrated cyber-physical approaches improve decision-
making and reduce total costs.

Future research should focus on improving economic assessment under uncertainty and
adapting models to industry-specific conditions.

Keywords: digital twin, sensor monitoring, asset management, adaptive control,
remaining useful life, operational efficiency, cyber-physical systems, cost optimization,
equipment reliability, intelligent analytics

MeTo0J10Ti4HI 3acaiy NIPOrHO3YBaHHSA €KOHOMIYHOI BUTO/M BiJl mepexoay A0
NpeAUKTUBHOIO 06C/JIyrOByBaHHA 00/1alHAHHS 32 (AaKTUYHUM CTAHOM HA OCHOBI
Mmetoauku MACPOM

AHoTaniAa. AKTya/bHICTb JAOCHiJA)KEHHs 3yMOBJIEHA 3pOCTAaHHAM CKJAJHOCTI
MPOMUCJIOBUX CUCTEM, MiJBUILLEHHSM BUMOT [0 iX HaJliHHOCTI Ta eKOHOMIYHOI eeKTUBHOCTI,
a TaKO0X HeOOXiJHICTI0 Mepexojy BiJi perJiaMeHTHHUX i peaKTUBHUX MoOJesied TEXHIYHOro
006C/IyrOBYBaHHS 0 00C/AYroByBaHHS 3a GaKTUYHUM CTaHOM. BcTaHOBJIEHO, 10 TpaAULikHI
niIXo4W He 3a0e3MevyylTh AOCTAaTHbOTO PiBHS Y3TrOJKEHHS TEXHIYHUX i €KOHOMIiUHUX
napaMmeTpiB QyHKIiOHYBaHHSI 00JIafjHAaHHS, L0 NPU3BOAUTH [0 BTpaT NPOAYKTUBHOCTI,
3pOCTaHHS BUTPAT i NiJIBUILLEHHS BUPOOHUYHX PU3HUKIB.
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MeTo10 CcTaTTi € PO3pO06JIEHHS Ta HAYKOBE OOI'PYHTYBAHHSI METO/I0JIOTIYHOTO MiAX0Ly
Jl0 IPOTHO3yBaHHS1 €KOHOMIYHOI BUT'OZM BiJi IepexoAy A0 NpeJUKTUBHOTO 06CIyroByBaHHSA
06/1aiHaHHA 32 GaKTUYHUM CTAaHOM Ha OCHOBI iHTerpaliii iHxxeHepHUX 3aC06iB MOHITOPUHTY,
J1arHOCTUKM Ta IPOTrHO3yBAaHHA TEXHIYHOTO CTAHy 3 €KOHOMIYHUMU MOJe/IIMU OLiHIOBAaHHA
ePeKTHUBHOCTI 3 ypaxyBaHHSM noTeHIiany Mmetoauku MACPOM.

MeToau aociigKeHHs. BUKOpUCTaHO MeTOAU CUCTEMHOTO aHaJli3y, y3araJbHeHHS Ta
NOpPiBHSAHHSI HAyKOBUX MiAXO0JiB, METOAU MO/JIEJII0OBAaHHSI TEXHIYHOTO CTaHy O0JlafjHaHHS, a
TaKOX eJIeMEHTH eKOHOMIKO-aHaJiTUUHOT0 OL[iHIOBaHHS BUTPAT i BTPAaT BUPOOHUYUX CUCTEM.
3acTocoBaHO MiAxiJy iHTerpaunii CeEHCOPHOrO MOHITOPUHTY, LUPPOBUX Mojeser i
NpeaUKTUBHOI aHATITUKH.

PesysabTaTH. /JlociaifkeHO eBOJIOLiI0 MiAXOJIB A0 TEXHIYHOrOo 06CJAYyroByBaHHS
06Js1alHaHHA Ta [J0BeJIeHO JOLIJIbHICTb NepexoAy 0 NpeJUKTUBHUX MoJjesiel. BctaHOBJIeHO,
1110 iHTerpanis JaHUX NpOo TeXHIYHHUH CTaH, IPOrHO3y 3aJULIKOBOIO pecypcy Ta BUTPATHUX
napaMeTpiB [03BOJISIE 3/[iICHIOBATH KiJIbKiCHE MNPOTHO3YBaHHS EKOHOMIYHOro eQeKTy.
O6rpyHTOBAHO METOAMYHUIN MifxiA, AKUM 3a6e3neuye TpaHCPOpMallil0 TEXHIYHUX POTHO3iB
y NOKa3HUKU 3HUKEHHA IMPOCTOIB, ONTHUMi3allii peMOHTHUX BUTpAT, MiHiMi3anil BTpaT
MPOAYKTUBHOCTI Ta CKOpPOYEeHHs oOIepaliiHUX BUTpaAT. BusaBJieHO, 110 3acTOCyBaHHA
MeToauku MACPOM nigBullye 0CTOBIpHICTh MPOTHO3iB i 32a6€3Me4y€ Y3ro/PKeHHS TEXHIUYHUX
| EKOHOMIYHMUX pillleHb.

BucHoBKM. /[loBeJileHO, 1110 BUKOPUCTAHHSI IHTErpoBaHUX KibepdisMyHUX MiAXO0/iB
CTBOPIOE HAYKOBO OOI'PYHTOBAHY OCHOBY JJisl MIPOTHO3yBaHHS €KOHOMIiYHOI epeKTUBHOCTI
NpeJUKTUBHOIO O0OCIYyroByBaHHs. BcTaHOBJIEHO, 110 3anpONOHOBAaHUW MiAxXiA J03BOJISIE
NiABUIIMTH eQPEKTUBHICTb YINpaBJiHHA BUPOOHWYMMU aKTHUBAMH Ta 3HU3UTH CYKYIHI
BUTpPATH MiAIPUEMCTBA.

IlepcneKTUBH NOAAJIBIIMX JOCAiAKeHb. [loB'si3aHi 3 yA0CKOHaJeHHSIM METO/iB
KiJIbKICHOTO OIliHIOBaHHS €KOHOMIYHOTO e(deKTy 3 ypaxXyBaHHSIM HEBHW3HAYEHOCTI JaHUX,
PO3BUTKOM MoOJieJled NPOrHO3yBaHHsA 3aJIMIIKOBOIO pecypcy Ta ajalTaljier mnigxoay [0
rajiy3eBUx 0co6J1MBOCTeN QYyHKIiOHYBaHHS IPOMUCIOBUX CUCTEM.

KirouoBi cioBa: 1udpoBUil ABIHHUK, CEHCOPHUN MOHITOPUHT, YIPaBJIiHHS aKTHBaMU,
aJlafiTUBHE YIpaBJIiHHSA, 3aJMIIKOBUM pecypc, BHpoOHHUYA eQPeKTUBHICTb, KibepdiznuHi
CHUCTEeMH, ONITUMI3allisd BUTPAT, HaAiHHICTb 06/1alHAHHS, IHTeJIeKTya/ibHa aHaJIiTHUKA.

Introduction

The current stage of industrial system development is characterized by increasing
complexity of technological equipment, intensification of production processes, and growing
requirements for continuity and economic efficiency. Under such conditions, traditional
maintenance approaches based on fixed schedules or reactive responses to failures prove
insufficiently effective, as they do not account for the actual technical condition of equipment
and the dynamics of its degradation. This results in inefficient resource utilization, premature
maintenance interventions or, conversely, the occurrence of emergency failures accompanied
by significant productivity losses, increased operating costs, and risks of disruption to
production cycles.

The deepening digitalization of industry, along with the advancement of sensor
technologies, data acquisition systems, and analytical tools, creates the preconditions for
transitioning to condition-based maintenance using predictive models. However, the scientific
and practical problem lies not only in the technical implementation of such a transition, but also
in the lack of comprehensive methodological approaches for quantitatively forecasting its
economic feasibility. Existing studies are primarily focused on improving reliability or
diagnostic accuracy, while the integration of technical condition parameters with enterprise-
level economic performance indicators remains insufficiently developed.



ACADEMIC VISIONS

Issue 23/2023

Particular relevance is associated with the need to develop a methodology that ensures
the integration of monitoring, diagnostics, and technical condition forecasting results with the
evaluation of economic benefits derived from predictive maintenance implementation. In this
context, the use of engineering approaches based on the integration of sensor data, digital
models, and adaptive control algorithms is of particular importance, especially MACPOM
method, developed by the author as an engineering framework for integrating sensor
monitoring, digital modeling, adaptive control, and predictive analytics. This method enables
consideration of parameter variability, external influences, and degradation processes. At the
same time, the transformation of technical forecasts into economic indicators reflecting
reduced downtime, optimized maintenance costs, and improved resource utilization remains
insufficiently explored.

Thus, there is an objective scientific and practical need to develop methodological
foundations for forecasting the economic benefits of transitioning to condition-based
predictive maintenance, ensuring alignment between technical and economic parameters of
industrial system operation. Addressing this problem is essential for improving asset
management efficiency, reducing operational risks, and ensuring sustainable industrial
development in the context of digital transformation.

An analysis of contemporary research in this field indicates the formation of a
comprehensive scientific foundation that integrates conceptual, analytical, technical-
technological, and economic approaches. N. Sakib and T. Wuest consider predictive
maintenance as an evolutionary extension of condition-based maintenance, emphasizing the
role of data and analytics in improving maintenance efficiency [1]. A. Bousdekis et al. highlight
the significance of predictive maintenance within the context of Industry 4.0, substantiating its
role in value creation and optimization of asset management [2]. M. Moleda et al. investigate
the transformation of maintenance approaches in the energy sector, demonstrating the
advantages of condition-oriented models [3]. M. Achouch et al. summarize modern models and
implementation challenges of predictive maintenance, emphasizing the need to integrate
technical and managerial components [4].

A significant body of research is devoted to the development of information-analytical
tools for forecasting equipment condition. T. Zhu et al. propose a systematization of predictive
maintenance architectures, enabling structured data collection and processing [5].]. Lee et al.
examine intelligent maintenance systems as part of predictive manufacturing, where analytics
is integrated with production processes [6]. V. Kumar and M. L. Garg analyze modern predictive
analytics methods forming the basis for prognostic models [7]. W. Zhang et al. investigate data-
driven approaches to failure prediction, emphasizing the role of big data [8].

Other studies focus on the technical and technological support of predictive maintenance
and the formation of information bases for decision-making. J. Pech et al. emphasize the role of
intelligent sensors as key elements in collecting data on equipment condition [9]. ]. Dalzochio
et al. explore machine learning methods for identifying degradation patterns and predicting
failures [10]. D. Zhong et al. consider digital twin technology as a tool for integrating data and
forecasting models [11]. A. Busse et al. propose an approach to evaluating predictive
maintenance efficiency that accounts for both technical and economic parameters of industrial
system performance [12].

At the same time, modern research increasingly addresses the evaluation of economic
effects and risk management in the context of predictive analytics. A. Meddaoui et al., based on
a practical case study, demonstrate the effectiveness of predictive maintenance in improving
reliability and productivity [13]. M. Seyedan and F. Mafakheri analyze the potential of predictive
big data analytics for supporting decision-making in complex systems [14]. A. Aljohani
examines the application of machine learning to enhance flexibility and resilience in supply
chains [15].
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Despite the progress in predictive maintenance approaches, unresolved issues remain
regarding the integration of technical forecasts with economic assessments, particularly the
transformation of technical condition indicators and remaining useful life into financial
outcomes. Methodological approaches for quantitatively assessing impacts on downtime,
maintenance costs, productivity losses, and operational expenses are insufficiently developed,
as is the issue of ensuring data reliability and accounting for uncertainty.

The present study aims to address these gaps by developing an integrated approach that
combines engineering and economic parameters based on the MACPOM methodology. This
approach enables quantitative forecasting of economic effects and enhances the justification of
managerial decisions regarding the implementation of predictive maintenance.

The aim of the article is to develop and scientifically substantiate a methodology for
forecasting the economic benefits of transitioning to condition-based predictive maintenance
through the integration of engineering approaches to monitoring, diagnostics, and forecasting
with economic evaluation models, taking into account the potential of the MACPOM
methodology as an engineering foundation for such a transition.

The objectives of the study are:

1. To investigate the evolution of maintenance approaches and substantiate the
prerequisites for integrating sensor monitoring, digital models, and predictive analytics based
on the MACPOM methodology;

2. To develop a methodological approach for forecasting the economic benefits of
predictive maintenance by transforming technical condition indicators and remaining useful
life into measurable economic parameters;

3. To identify scientific and practical challenges in assessing the economic feasibility of
transitioning to predictive maintenance and to formulate recommendations for addressing
them using the MACPOM methodology.

Results

Modern approaches to organizing equipment maintenance are formed under conditions
of increasing complexity of industrial systems and growing requirements for their economic
efficiency. The evolution from reactive and time-based models to condition-based and
predictive approaches reflects a transition from a focus on maintaining operability to managing
costs and risks based on data. This transformation is driven by the ability to utilize sensor
monitoring, digital models, and analytical tools for assessing the technical condition of
equipment and forecasting its degradation (table 1).

Table 1
Evolution of equipment maintenance approaches and their economic characteristics
Approach Main content Economic consequences

High downtime losses,
unpredictable costs
Scheduled maintenance at fixed | Excessive maintenance costs,

Reactive maintenance (run-to-

. Repair after failure occurs
failure) P

Time-based maintenance

intervals inefficient resource utilization
Condition-based maintenance Use of diagnostics to assess Reduced unnecessary repairs,
(CBM) technical condition partial cost optimization

Minimization of downtime, cost

Failure forecasting based on o
optimization, improved

Predictive maintenance (PdM) data and models

efficiency
Integrated cyber-physical Integration of sensor System-wide cost optimization,
approaches (including monitoring, digital models, and | increased reliability, and long-
MACPOM) adaptive control term efficiency

Source: compiled by the author based on [1, p. 269; 3; 4; 2, p. 59; 6]
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A comparative analysis of these approaches demonstrates that the economic efficiency of
maintenance is directly dependent on the extent to which the actual condition of equipment is
taken into account and on the system’s ability to predict its changes. In industrial practice, the
transition from time-based to condition-based maintenance allows avoiding unnecessary
repair operations, which is particularly evident in equipment with uneven load patterns, such
as electric drives or pumping units, where actual wear may significantly differ from standard
estimates [1, p. 269]. The further implementation of predictive models enables not only the
detection of deviations but also the estimation of remaining useful life, allowing maintenance
activities to be synchronized with production cycles and preventing critical failures. In
metallurgical and chemical industries, this is reflected in a reduction in emergency failures
without disrupting technological processes, while in the energy sector it contributes to
operational stability and reduced costs for reserve capacity.

The most significant economic effect is achieved when predictive maintenance is
integrated with adaptive control algorithms, where equipment condition data are used not only
for maintenance decision-making but also for optimizing operating modes [6]. In this context,
the application of MACPOM methodology enables the integration of sensor data, digital models,
and forecasting algorithms into a wunified decision-making system. The practical
implementation of such an approach ensures a reduction in total costs through simultaneous
minimization of downtime, reduction in emergency repairs, and improved equipment
utilization, confirming the feasibility of transitioning to predictive models as a key direction for
enhancing industrial competitiveness [3].

The integration of sensor monitoring, digital modeling, and predictive analytics into
equipment condition management systems is most comprehensively realized within the
MACPOM framework, which represents an engineering concept for constructing multi-level
control systems for complex industrial objects. Its essence lies in combining data acquisition,
modeling, analytical processing, adaptive control, and forecasting into a unified closed-loop
system. This approach not only improves equipment reliability but also creates an information
basis for economically justified maintenance decisions. The generalized logic of this
methodology can be represented as a sequence of interrelated stages (Fig. 1).

Analytical
Sensor data Digital model processing and
acquisition (digital twin) condition
identification

Improvement of Adaptive
optimization of

operating modes

Predictive
maintenance

operational
efficiency

Feedback and
system
adjustment

Puc. 1. Generalized logic of the MACPOM methodology functioning
Source: author’s own development

The presented sequence reflects the transition from the physical level of equipment
operation to analytical and managerial levels, where economically justified decisions regarding
operating modes and maintenance are formed. A key feature is the presence of a feedback loop
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that ensures continuous system adaptation to changes in operating conditions, load levels, and
equipment degradation. The characteristics of the MACPOM methodology levels in equipment
condition management systems are presented in table 2.

Table 2

Functional characteristics of MACPOM methodology levels in equipment condition
management systems

. Technological . L
Level Main content . sic Practical significance
implementation
Acquisition of Temperature, Formation of a reliable
Sensor equipment operating vibration, pressure, information base on
parameters and electrical sensors system condition
. . Reproduction of
Creation of a digital . P .
. Mathematical models, | equipment behavior
Model representation of . . :
digital twins under various
processes s
conditions
. Statistical methods, Detection of deviations
. Data processing and . . .
Analytical o machine learning, state | and early signs of
condition assessment .
observers degradation
. Model Predictive Optimization of
S Formation of control .
Optimization . Control (MPC), operating modes and
actions . . :
adaptive algorithms load reduction
Forecasting
Predictive Forecasting future algorithms, Remaining | Maintenance planning
condition Useful Life (RUL) and failure prevention
estimation

Source: compiled by the author based on [9; 11; 10; 6; 8, p. 2216]

Under modern production conditions, such an architecture operates as an integrated
digital ecosystem, where each level not only performs a specific function but also provides an
informational basis for subsequent decision-making stages. In industrial automation,
continuous sensor data acquisition enables the formation of digital operational profiles, which
at the modeling level are transformed into digital twins that account for the physical laws
governing processes [8, p. 2216]. This allows for more accurate analysis of the impact of loads,
temperature regimes, and vibration characteristics on component degradation rates.

The analytical level ensures the transition from simple parameter monitoring to
intelligent data interpretation, enabling the identification of anomalies at early stages. In
practice, this is reflected, for example, in detecting gradual increases in vibration in bearing
units or changes in electrical characteristics of motors, indicating potential failures. The
optimization level uses this information to adaptively adjust operating modes, reducing wear
intensity and improving energy efficiency. At the final stage, the predictive level generates
estimates of remaining useful life, allowing maintenance activities to be synchronized with
production schedules and minimizing downtime.

The practical implementation of such a model, particularly in water treatment systems,
energy systems, and automated production lines, ensures not only increased equipment
reliability but also creates the basis for justified forecasting of the economic effects of predictive
maintenance implementation [11]. This is achieved through reduced emergency shutdowns,
optimized repair costs, and more efficient utilization of production resources, confirming the
practical significance of the integrated approach implemented in the MACPOM methodology.

The substantiation of the methodological approach to forecasting the economic benefits
of predictive maintenance is based on integrating technical parameters of equipment operation
with enterprise economic performance indicators. In the context of digital transformation, the
technical condition of equipment is no longer considered solely an engineering characteristic
but acquires an economic dimension, as it determines the level of operational risks, stability of
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technological processes, and cost structure. The use of sensor monitoring, digital models, and
predictive analytics within the MACPOM framework enables forecasting of remaining useful life
and estimation of failure probabilities, forming the basis for informed managerial decision-
making regarding the timing and scope of maintenance. A key aspect in this context is the
transformation of technical forecasts into economic indicators reflecting changes in costs and
losses during equipment operation, particularly through their impact on downtime duration,
repair volumes, productivity levels, and overall operational costs (table 3).

Table 3
Methodological approach to forecasting the economic benefits of predictive
maintenance
. Economic
Model component Technical content . . Expected effect
interpretation
Continuous acquisition . .
g Formation of an Reduction of
e o of parameters . g o
Condition monitoring (vibration information base for uncertainty in cost
’ risk assessment planning
temperature, load)
Identification of . .
e L Determination of Prevention of
Condition assessment | deviations and . :
. failure risk level emergency costs
degradation
) Estimation of time to Evaluation of future Optimization of
RUL forecasting . . : .
potential failure losses and costs maintenance timing
. Determination of . ) )
Maintenance . . . Balancing repair costs | Reduction of total
L optimal intervention .
optimization o and downtime losses costs
timing
. . Alignment of technical
. . Formation of an action . Improvement of
Managerial decision and economic . .
plan operational efficiency
parameters
. Implementation of Change in cost and Increase in economic
Operational result . . -
maintenance actions revenue structure efficiency

Source: compiled by the author based on [12, p. 693; 13, p. 3688; 7, p. 34; 14; 15]

The proposed methodological approach reflects the cause-and-effect relationship
between the technical condition of equipment and the economic performance of an enterprise,
enabling a transition from descriptive analysis to quantitative forecasting of the effects of
predictive maintenance implementation. Its practical value lies in the transformation of
engineering parameters, particularly degradation characteristics and Remaining Useful Life
(RUL) forecasts, into measurable economic indicators that directly influence cost structure and
the level of production losses. Empirical evidence confirms the realism of such estimates: the
implementation of predictive maintenance in medium-scale industrial systems leads to a
reduction in total maintenance costs by 10-25%, a decrease in the frequency of emergency
shutdowns by up to 35%, and an increase in Overall Equipment Effectiveness (OEE) by 10-15
percentage points [12, p. 693; 13, p. 3688]. Within the MACPOM framework, this is achieved
through the integration of sensor monitoring, digital models, and predictive analytics, which
enables not only the detection of equipment condition but also the forecasting of its evolution
over time.

From a practical perspective, this implies that each stage presented in the table forms a
distinct channel of influence on economic outcomes. In particular, accurate monitoring and
timely identification of deviations allow for the detection of early-stage component degradation
before it develops into critical failure, thereby reducing the likelihood of unplanned downtime
[7, p- 34].

To quantitatively assess the expected effect, the following basic relationship is proposed:
E =AD*Cy + AR* Kk, — Cpam (1)
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where: AD is the reduction in unplanned downtime (hours/year), Cy is the unit cost of
downtime (UAH/hour), AR is the reduction in emergency repair costs (UAH/year), k; is the
coefficient reflecting the reduction in their frequency, and Cyam represents the annual costs of
maintaining the predictive maintenance (PdM) system. According to conservative industry
estimates [12; 13], even at AD=25-30% and k;=0.15, the system reaches break-even within the
first year of operation.

At the level of remaining useful life forecasting, the possibility arises to shift maintenance
interventions from critical failure points to technologically optimal periods, thereby
minimizing productivity losses. This is particularly important for continuous production
systems, where even short-term interruptions may lead to substantial economic losses.

The application of optimization algorithms within the MACPOM framework ensures the
selection of operating modes that slow down degradation processes without reducing
production efficiency, which is reflected in reduced maintenance costs and extended asset life
cycles. In industry practice, this is confirmed, for example, in water treatment systems, where
timely detection of membrane contamination prevents premature replacement, or in energy
systems, where monitoring vibration parameters helps avoid the destruction of critical
equipment components [13, p. 3688]. In automated production lines, the use of predictive
models enables synchronization of maintenance activities with production cycles, reducing
downtime losses and increasing throughput. In addition, predictive analytics systems allow
reducing excessive preventive maintenance by 20-30%, directly lowering operational costs
without increasing failure risk [7, p. 34].

Thus, within this approach, the MACPOM methodology is demonstrated to perform not
only the function of technically substantiating the transition to condition-based maintenance
but also to serve as a tool for forecasting the economic effects of its implementation. This is
manifested in the ability to quantitatively assess reductions in downtime, optimization of repair
costs, minimization of productivity losses, and reduction of operational expenses, which
collectively form the basis for improving enterprise performance and justifying the feasibility
of implementing predictive maintenance in modern industrial systems.

The evaluation of the economic feasibility of transitioning to predictive maintenance is
accompanied by a number of scientific and practical challenges arising from the complexity of
integrating technical and economic parameters into a unified decision-making system. The key
issue lies in transforming the results of diagnostics and technical condition forecasting into
financial indicators that differ in nature, temporal structure, and level of uncertainty [11].
Technical models, focused on assessing degradation processes and remaining useful life,
operate with probabilistic characteristics, whereas economic calculations require deterministic
estimates of costs and revenues. This creates a methodological gap between engineering
forecasts and financial outcomes, complicating the justification of investment decisions related
to predictive maintenance implementation.

Additional challenges arise due to the limited reliability of input data generated through
sensor monitoring and historical operational records. Variability in loads, external influences,
and operating conditions leads to discrepancies between actual and predicted parameters,
reducing the accuracy of economic assessments. In practice, this is reflected in uncertainty
regarding the magnitude of potential benefits from downtime reduction or maintenance cost
optimization, which restrains the adoption of innovative maintenance approaches [9]. At the
same time, the lack of unified methodological approaches for assessing indirect effects, such as
productivity losses or product quality impacts, limits the possibility of comprehensive
economic efficiency analysis.

These challenges necessitate the use of integrated approaches capable of combining
technical and economic aspects of industrial system operation. In this context, the MACPOM
methodology serves as an effective tool for overcoming the identified limitations, as it provides
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a unified architecture for data processing and decision-making based on the integration of
sensor monitoring, digital models, and predictive analytics. Its application enhances the
reliability of technical forecasts through the use of digital twins and adaptive algorithms that
account for variability in operating conditions. This, in turn, creates the basis for more accurate
evaluation of the economic consequences of different maintenance scenarios.

Practical recommendations for the application of the MACPOM methodology are based on
the step-by-step integration of technical and economic data into the management process. First,
it is advisable to implement continuous monitoring systems that ensure the formation of a
reliable data foundation for further analysis. The next stage involves developing digital models
of equipment that allow accounting for specific operational characteristics and simulating
various degradation scenarios. The use of remaining useful life forecasting algorithms enables
the determination of optimal maintenance timing aligned with production schedules, directly
contributing to reduced downtime and productivity losses. Integrating these results into
enterprise management systems ensures alignment between technical decisions and economic
objectives, particularly through the optimization of maintenance and repair costs.

Under modern conditions, the implementation of such recommendations leads to the
formation of an adaptive model for equipment condition management, where decisions are
based on predictive assessments and economic efficiency criteria. This not only improves the
reliability of industrial systems but also ensures the achievement of tangible economic effects,
manifested in reduced downtime, lower maintenance costs, minimized productivity losses, and
improved utilization of production resources. Thus, the MACPOM methodology serves not only
as an engineering foundation for the transition to condition-based maintenance but also as an
effective tool for substantiating its economic feasibility.

Conclusions

The study demonstrates that the transition to condition-based predictive maintenance
leads to improved economic efficiency of industrial systems through the integration of technical
and economic parameters of their operation. It has been established that the MACPOM
methodology provides the most comprehensive integration of sensor monitoring, digital
modeling, and adaptive control, forming a reliable basis for quantitative forecasting of
economic effects, which constitutes the scientific novelty of the research.

A methodological approach to transforming technical RUL forecasts into measurable
economic indicators has been substantiated, including reductions in downtime, decreases in
emergency repair costs, and minimization of productivity losses. Empirical evidence confirms
the realism of such estimates: the implementation of predictive maintenance results in a 10-
25% reduction in maintenance costs, up to a 35% decrease in emergency shutdowns, and a 10-
15 percentage point increase in OEE.

It has been identified that the key scientific and practical challenges include the
methodological gap between probabilistic technical forecasts and deterministic financial
evaluations, limited reliability of sensor data under variable operating conditions, and
insufficient formalization of indirect effects. The application of digital twins and adaptive
algorithms within the MACPOM framework partially mitigates these limitations. The proposed
approach has been validated at the level of model-based calculations; its empirical verification
on real industrial systems, the development of industry-specific RUL models, and the
improvement of evaluation methods under uncertainty define the directions for future
research.
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