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Abstract. An approach to selecting a resource allocation option in economic systems based
on a single criterion does not align with the objective reality of management. In this regard,
the emphasis on multi-criteria choice, which is most relevant for a manufacturing company,
requires no justification as it is more attractive in terms of reflecting the objective scenario
of resource management. The aim of this study is to develop an abstract formalized model
and methodological support for the theoretical-methodological apparatus that incorporates
several choice criteria: flexibility in scheduling operations (operational flexibility), stability, and
economic efficiency. These aspects of activity should not be viewed as static entities but rather
with consideration of dynamics arising from the organization’s functioning in a competitive
environment, changing principles of fiscal regulation, and the influence of natural factors. The
methodological basis of the research includes multi-criteria choice theory, operations research,
and adaptive control theory (Lotov and Pospelova, 2008). The paper proposes a model intended
for use within a rolling planning horizon; the model incorporates a mechanism for dynamic
calibration of weight coefficients based on Bayesian updating and an algorithm for constructing
the Pareto front. Approaches are proposed for assessing key performance indicators related
to resource allocation, delays in operational decision-making, and the enterprise’s ability to
respond to unplanned disturbances. The work may be useful in the context of developing the
theory of adaptive control in economic systems; the proposed provisions can serve as arguments
for designing tools for intelligent decision support systems in manufacturing companies.
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Annoramuda. Ilogxon K BeIOOpY BapuaHTa pacIipele/ieHUsI PeCypCoOB B 9KOHOMUUYECKUX CHU-
CTeMaX, OCHOBAaHHbI Ha MCMOJb30BAHWM OJHOTO KPUTEPUsI, HE COOTBETCTBYET OOBEKTUBHOM
KapTUHE yIpaBjieHWs. B 3Toif ¢BSI3M aKIleHT Ha MHOTOKPUTEPUAILHOM BBIOOpE, Hambojee ak-
TyaJbHBIN JIJIS TIPOM3BOJCTBEHHOM KOMITaHWU, He TpeOyeT 000CHOBAaHMS KakK OoJiee TIpuBJIeKa-
TEJbHBIN ¢ TOYKM 3PEHUSI OTPaXeHUSI 00BEKTUBHOTO CIICHAPHS yIIpaBiIecHUSA pecypcamu. Llenp
HCCIIeI0OBaHUSI — pa3paboTKa aOCTPaKTHON (hOPpMaIM30BaHHON MOIEIN M METOIOJIOTHYECKOIO
COIIPOBOXICHMST TEOPETUKO-METONOJIOTUUECKOrO anrapara, B KOTOPbIX HAIlUIM OTpaKeHUe He-
CKOJIbKO KpUTepUEB BbIOOpaA: TMOKOCTh B (hOpMUpPOBaHUM rpaduka onepauuii (ornepauvoHHas
IMOKOCTh), YCTOMYMBOCTD, 3KOHOMMYECKast 3 (PeKTUBHOCTb. DTU aCNEKThI NEITeTbHOCTH JTOJIK-
HBI pacCMaTpUBaThCsA He KaK 3aMOPOXEHHbBIE CYITHOCTH, a C YIYETOM AWHAMUKU, SIBISIOIIEHCS
CJIEICTBUEM OTpaxkeHUs! (PYHKIIMOHUPOBAHUST OPTaHM3AIMA B KOHKYPEHTHOM cpelie, C U3MEHSI-
IOIIMMUCS TIPUHLUMIIAMY (DUCKATBHOTO PETYJIMPOBAHUS M BIUSHUS IpUponbl. MeTomoiornie-
CKMI1 0Ga3uc HCClIeaoBaHUS — TEOpMsSI MHOTOKPUTEPHAILHOIO BhIOOpA, MCCEAOBAaHUS OIepa-
1yt 1 Teopust amantuBHoro ynpasieHus: (Lotov and Pospelova, 2008). B pabote mpemyioxeHa
MoOje/ib, OPUEHTUPOBAHHAs Ha MCIIOJBb30BAaHUE B CKOJIB3SIIEM TOPU30HTE IUIAHUPOBAHUS, B
MOJIeJIb BKITIOUEH MEXaHWU3M TWHAMWYECKOM KaJTMOPOBKM BECOBBIX KOA(POUIIMEHTOB Ha OCHOBE
0alieCOBCKOTrO OOHOBJIEHUS U alIrOpUTM moctpoeHus Ilapero-dpoHTa. [TpenmoxeHbl MoaX0oabl
K OILICHKE KJIIOYEBBIX IOKazaTesieil 3(p(PeKTUBHOCTH, UMEIOIINX OTHOIICHUE K pacIpeneIcHUIO
pPEeCypcoB, 3aiepxKKe IMIPUHSATUSI ONEPATUBHBIX YIIPABJICHYECKUX PEIICHUI U CIIOCOOHOCTD Mpe/I-
MPUSTUSL pearupoBaTh Ha He3allJlaHMpOBaHHbIe Bo3AelicTBUs PaboTa MoxeM OBbITh MOJIE3HON B
KOHTEKCTE Pa3BUTHS TEOPUM AJANTMBHOIO YIIPABJIECHUS B SKOHOMUYECKUX CHCTeMax; Mpemio-
SKEHHBIC TTOJIOXKEHMST MOTYT OBITh MCITOJI30BaHbI KaK apryMEHTHI VIS pa3pabOTK MHCTPYMEH-
TOB WHTCJUICKTYAJTBHBIX CUCTEM TOMIEPKKHA PEIICHN B MIPOM3BOICTBEHHBIX KOMITAHUSIX.

KioueBnbie ciioBa: MHOTI'OKpUTEPpHAJIbHAsA ONTUMU3ALNA, aJallTUBHOEC YIIPABJICHUC peCcypca-
MU, 3KOHOMUYECKasaA MOIECJb, HapCTO—OHTI/IMaJ'IbHOCTL, IIPOU3BOACTBCHHAsA KOMIIAHMA, JUHA-
MHNYCCKOC paCpCaCICHUC, YCTOﬁqPIBOCTb HICIMMOYECK IMOCTAaBOK

Hdasa maruposanusa: ®@posoB K.B. MHorokpurepualbHbIii acleKT 3KOHOMMYECKOI Moje-
JIM ONTUMAJBHOTO BHIOOpA B 3ajaye aJalTUBHOIO YIPABICHUS pecypcaMu IPOM3BOIACTBEH-
HoWi kKoMmmaHuu // TexHoskoHommka. 2026. T. 5, Ne 1 (16). C. 54—63. DOI: https://doi.
org/10.57809/2026.5.1.16.5

DTO CTaThsl OTKPHITOTO AOCTYyIa, pacnpoctpaHsaemMas mo JuueH3uu CC BY-NC 4.0 (https://
creativecommons.org/licenses/by-nc/4.0/)

Introduction

Modern industrial manufacturing operates under conditions of uncertainty driven by global
economic changes, technological transformation (Industry 4.0 and 5.0), as well as the tight-
ening of environmental and social standards (ESG — Environmental, Social, and Governance
— business management principles based on environmental responsibility, high social rele-
vance, and quality corporate governance). In such a scenario, planning models focused on cost
minimization or output maximization under fixed parameters demonstrate their inadequacy
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in addressing real-world challenges and cannot be considered effective. The limitation of the
traditional approach lies in its neglect of systemic production dynamics, the absence of modern
tools that provide an adaptive response to changes in demand, prices for components, raw ma-
terials and semi-finished products, and the availability of labor resources. From the perspective
of formal problem representation, it is necessary to recognize that the mutual influence of these
parameters complicates the reduction of a multidimensional objective function to a single ag-
gregated indicator (Steuer, 1986; Deb, 2001).

The relevance of this study is driven by the need for a comprehensive analysis of approach-
es to transitioning toward adaptive resource management systems capable of revising strategic
and tactical decisions in real time based on incoming information, while maintaining a balance
between economic, operational, and objectives traditionally classified under sustainable devel-
opment (ecology, occupational health and safety, and industrial safety) (Keeney and Raiffa,
1993). The multi-criteria nature of the problem becomes key, as optimization according to a
single criterion (e.g., output volume) often leads to neglecting the impact of other criteria (flex-
ibility, supply reliability, environmental compliance) on the overall outcome, which in the long
term reduces the overall resilience of the enterprise in a competitive market.

The problem lies in the absence of a coherent methodology for formulating an economic
model that accounts for the principles of multi-criteria choice, adaptive adjustment mechanisms,
and constraints related to production tasks — both at the plant level and at the shop floor level.
Most proposed solutions are oriented toward solving particular problems (production planning,
production supply, etc.), or are static (fixed criterion weights, lack of learning mechanisms), or,
by relying on combinatorial optimization methods, lead to the curse of dimensionality, which
precludes their operational application.

The aim of this work is to develop and test an economic model of optimal choice that ac-
counts for the multi-criteria nature of the adaptive resource management problem in a manu-
facturing company. To achieve this aim, the following tasks are addressed:

1. Proposing a theoretical-methodological approach to multi-criteria choice in the context
of adaptive management of production resources;

2. Formalizing an economic model that includes dynamic objective functions, constraints,
and a mechanism for adaptive preference calibration;

3. Assessing the efficiency, stability, and managerial applicability of the model.

The methodological basis of the research draws on the apparatus of multi-criteria optimiza-
tion theory (Pareto dominance, scalarization methods, outranking approaches), the principles
of closed-loop adaptive control, and dynamic programming methods (Zeleny, 1982). The in-
formational foundation consists of publicly available data, which enabled the formation of a
benchmarking base for analysis.

The structure of the paper corresponds to the stated tasks and includes an abstract, an intro-
duction, three substantive sections, a conclusion, and a list of sources consulted by the author
during the preparation of the study.

Theoretical and methodological foundations of multi-criteria choice for the adaptive resource
management problem

Adaptive resource management of a manufacturing company represents a continuous process
of reallocating material, labor, financial, energy, and production assets in response to unplanned
changes in the external environment. In this context, a change within a company's division not
foreseen by the operations plan is treated by another division as a change in the external envi-
ronment: structural decomposition allows for the identification of subsystems, generally ordered
within a hierarchy, and each division acts as an element of the external environment for another
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in the context of the particular tasks addressed by that division. Unlike reactive management,
the adaptive approach presupposes the presence of prediction, learning, and proactive correc-
tion mechanisms, which necessitates formalization within dynamic economic models.

Traditional optimal choice theory, closely related to applied problems in neoclassical mi-
croeconomics, is based on the principle of utility maximization or cost minimization under
given budget and technological constraints. However, in conditions involving the production of
multiple products, the execution of operations within a value chain, and non-stationary mar-
kets, a single optimization criterion becomes inadequate (Ivanov et al., 2023; Simchi-Levi et
al., 2021). Economic reality requires accounting for several target indicators grouped into three
categories:

1. Economic efficiency: net present value (NPV), return on assets (ROA), capital turnover
ratio, and production cost level.

2. Operational flexibility and reliability: order fulfillment time, equipment availability factor,
safety stock level, and resilience to supply chain disruptions.

3. Compliance with environmental regulatory requirements focused on carbon footprint, in-
dustrial energy efficiency indicators, adherence to ESG standards, and corporate social perfor-
mance indicators (employee turnover rate, injury rate, amount of fines resulting from industrial
safety audits).

These criteria typically influence one another, competing for resources. For example, reduc-
ing safety stock lowers logistics costs but increases the risk of a decline in the actual service level
agreement (SLA) due to a shortage of manufactured products. Increasing equipment utilization
reduces unit fixed costs but diminishes flexibility in responding to changes in the product mix.
This is precisely why the resource management problem most accurately reflects reality when
formalized as a multi-criteria choice problem, requiring the construction of a set of efficient
(Pareto-optimal or Slater-optimal) solutions for its resolution.

The theoretical apparatus of multi-criteria optimization (MCDM/MOO) offers a fairly com-
prehensible approach to handling conflicting objectives. The key concept of this approach is
the Pareto front (or Pareto set) — the set of solutions (alternatives) for which improving one
criterion is impossible without worsening at least one other. The economic interpretation of
Pareto optimality in a production context means achieving a state in which resource reallo-
cation cannot increase the overall value for stakeholders without losses in another dimension
accounted for in the formal model describing the company's operations.

However, static construction of the Pareto front is insufficient for adaptive management.
The production environment is characterized by non-stationary parameters: raw material pric-
es, equipment productivity change, and demand fluctuates. Consequently, a mechanism for
dynamic adjustment of criterion weights and revision of constraints in near real-time is required
(Powell, 2007). These aspects make the use of adaptive control principles for solving applied
problems practically evident, grounded in the provisions of feedback system theory and sto-
chastic programming.

Known approaches to ensuring adaptability in the economic-production context highlight
the following aspects:

— Rolling planning horizon, in which the search for an optimal resource allocation option
is performed over a finite period, but the solution is applied only for the first step, after which
the model is updated with new data;

— Bayesian parameter updating, which allows adjusting posterior probability distributions of
demand, prices, and equipment failures as actual data become available;

— Dynamic preference calibration, in which criterion weights are recalculated based on
assessing deviations of actual indicators from target trajectories.
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The synthesis of multi-criteria optimization and adaptive control in its methodological rep-
resentation makes it possible to overcome the limitations of traditional models. In particular,
instead of a fixed objective function, a vector dynamic system is introduced, where each crite-
rion evolves over time under the influence of control actions and changes in external scenario
conditions. The economic interpretation of such a system lies in the transition from static equi-
librium to a trajectory of dynamic efficiency, where optimality is understood not as a point but
as a stable path in the resource state space.

Most studies in the field of production planning and management draw a distinction be-
tween the economic and operational (including engineering-technological) aspects. The focus
of researchers oriented toward economic aspects includes financial metrics, while technological
parameters are incorporated into models as static constraints. Operational models "exclude
from radar" the company's financial parameters, such as the opportunity cost of capital. The
approach proposed in this paper bridges this gap by integrating financial, production, and regu-
latory criteria into a single framework, representing a vector function that can formally change
in real time, reflecting the adaptation of the system (enterprise) to the actual operating scenario.

Formalization of an economic model for optimal choice with adaptive constructs

The development of an economic model for optimal choice in the adaptive resource man-
agement problem requires a clear definition of the state space, the set of admissible controls,
the vector objective function, and the adaptive correction mechanism. Below is a structured
formalization suitable for implementation in decision support systems, which, to achieve prac-
tical value, must be integrated with ERP and MES systems (GOST R ISO 9001-2015; Federal
Law No. 296-FZ).

State space and admissible controls

Let a manufacturing company operate over a planning horizon T, divided into discrete in-
tervalst = 0, 1, ..., T. The state of the system at time t is described by a vector:

Xt = (Rt’Dt’R’Et’Qt)

where:

— R, — the vector of available resources (raw materials, components, labor hours, energy,
financial limit);

— D, — the demand forecast by product category;

— P — the vector of prices for resources and finished products;

— E, — the equipment status (availability factor, remaining useful life);

— O, — the volume of work in progress and warehouse stocks.

The control action U, includes resource allocation shares across production lines, procure-
ment volumes, maintenance schedules, safety stock levels, and energy consumption parameters.
The admissible set of resource allocation alternatives is determined by technological and eco-
nomic constraints, as well as actions permissible from the perspective of regulatory require-
ments:

AU, <b,,U, 20

where 4, is the matrix of resource utilization coefficients, and b, is the vector of available
capacities and limits.

Vector objective function and multi-criteria aspect of resource allocation choice

The economic model is formulated as a problem of maximizing a vector function:

max,, F(X,,U,)= [ﬁ,fz,]g]T , where:

1. f, — economic efficiency: discounted profit flow over the horizon, adjusted for the op-
portunity cost of capital and holding costs;

2. f, — operational flexibility: the inverse of the average order fulfillment time, weighted by
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the probability of supply disruption and the reserve capacity utilization rate;

3. f, — resilience and regulatory compliance: the negative value of the total carbon foot-
print, fines for non-compliance with ESG standards, and waste disposal costs.

Since the criteria are dimensionally heterogeneous and conflicting, direct comparison of
vectors is impossible. To obtain a scalar equivalent, adaptive scalarization is applied (Bertsimas

and Tsitsiklis, 1997): 3 N
) JWU) =X o0 f(X .U

where f, — are normalized criteria (reduced to a common scale [0,1]), and @, (f) — are
dynamic weight coefficients satisfying the conditions Za)k =L @)>0.

Mechanism of adaptive weight calibration

The key distinction of this model from static analogs is the endogenous updating of @, ().
The weight coefficients are recalculated based on assessing the deviation of actual trajectories
from target ones:

, (t+1) =a)k(t)+a-(d—L}t
do,

where « is the adaptation step, and L — a loss function that accounts for the variance of the
criteria, penalties for exceeding threshold values, and management priorities. In practice, the
updating can be implemented either through an expert-analytical module (in accordance with
the classical approach based on the interactive participation of criterion owners in the process
of determining the Pareto region) or by using a machine learning subsystem trained on histor-
ical data on the consequences of decisions, effectively replacing the criterion owners (Wang et
al., 2020; Ben-Tal et al., 2015).

Additionally, Bayesian updating of the probability distributions of the parameters Dt and Pt
can be employed:

p(®t+l | dataz) oc p(datat ‘ ®t) ’ p(®z‘) )

if their probabilistic description is feasible. In this case, the model allows for adjusting de-
mand and price forecasts as sales data and current market quotations become available.

Solution algorithm and computational architecture

The formulated problem belongs to the class of dynamic multi-criteria optimization prob-
lems with nonlinear constraints. A hybrid approach is applied to solve it:

1. At each time step t, an approximation of the Pareto front is constructed using a well-es-
tablished algorithm, for example:

— NSGA-II (Non-dominated Sorting Genetic Algorithm II) — a genetic algorithm that
finds the Pareto set in a single run using non-dominated sorting and crowding distance;

— MOEA/D (Multi-Objective Evolutionary Algorithm based on Decomposition) — an evo-
lutionary algorithm based on decomposition. It is designed to solve complex optimization
problems where two or more objective functions must be optimized simultaneously; instead of
attempting to optimize all objectives at once, MOEA/D decomposes the multi-criteria problem
into several single-criterion subproblems. These subproblems are optimized simultaneously us-
ing information from neighboring subproblems, enabling the algorithm to efficiently form the
Pareto front;

2. From the set of efficient solutions, a reference solution is selected using the TOPSIS
method (Technique for Order Preference by Similarity to Ideal Solution), adapted to dynamic
weights — a multi-criteria decision-making algorithm that ranks alternatives by selecting the one
closest to the "positive ideal solution" and farthest from the "negative ideal solution";

3. Optimization is performed in a rolling horizon mode: the optimal trajectory {U U, H}
is calculated, only U, is applied, after which the state is updated and the cycle repeats.

t
Computational complexity is reduced through decomposition by production groups and the
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organization of parallel computations

To reduce the delay between the moment when a management intervention becomes neces-
sary (the occurrence of unplanned events affecting outcomes) and the actual response to it, it
is advisable to conduct predictive scenario modeling prior to decision-making. Such modeling
should be organized within a simulation system that employs a digital twin of the enterprise,
and the system itself must be integrated with the decision support system (Antonov et al., 2025;
Bakhtizin et al., 2022; Kozlov and Lebedeva, 2023).

The economic interpretation of the model is that optimal choice ceases to be a one-time
act and becomes an element of a continuous process. Adaptive mechanisms ensure resilience
to disturbances from factors not accounted for during planning, while the multi-criteria nature
guarantees that short-term financial gains are not achieved at the expense of long-term deteri-
oration in operational resilience and non-compliance with regulatory requirements in the areas
of industrial safety and ecology.

Practical application of the model

The assessment of the practical significance of the developed model is based on the results
of implementing adaptive control subsystems integrated with the enterprise management system
at the shop floor level (MES) and the process control and detailed planning system (MES +
APS). The logic of the adaptive control system's operation is built on the entities formed on the
basis of the formal multi-criteria optimization model presented in Section 2 of the study. The
adaptive control system was implemented at several discrete manufacturing enterprises special-
izing in the production of machinery and consumer goods. A significant portion of components,
semi-finished products, and raw materials are supplied to the enterprise from external sources;
product demand is uneven, with seasonal fluctuations, and environmental requirements as well
as industrial safety requirements are taken into account in operations.

Based on the analysis of the adaptive control system's performance, conclusions are drawn
regarding the validity of the approach to model formalization grounded in the theoretical
framework of multi-criteria optimization, and quantitative estimates of achievable indicators are
formulated, which can be used as benchmarks.

As a baseline formal scenario, the one implementing the proposed adaptive multi-criteria
model with dynamic weight calibration and a rolling horizon is used.

To assess efficiency, an approach based on reference weights, considered as averaged values,
may be employed. As a result, the following indicators may be recognized as achievable (Table

1).
Table 1. Efficiency indicators.

Indicator Value of the indicator
Average costs -5%
Number of overdue production orders 4% of average
Inventory coverage level 80% (comparing with the before-implementation level)
ESG compliance rate 0,9
Reduction in operational decision-making time 2 times faster

Cost reduction is achieved by optimizing procurement schedules and reallocating equipment
utilization. The order fulfillment rate has increased due to proactive adjustment of production
plans upon signals of supply delays. The ESG index has improved through the integration of the
energy efficiency criterion into the objective vector and the automatic shifting of energy-inten-
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sive operations to periods of low tariff rates (European Commission, 2024).

For successful implementation of a solution based on the practical application of the model,
it is recommended to adhere to several conditions:

— IT landscape: The information technology infrastructure supporting the model's infor-
mational aspects must ensure integration of IoT equipment sensors, external data (markets,
logistics, regulatory databases) with MES/ERP systems (Ivanov and Frolov, 2023; Chatterjee
and Mukherjee, 2023).

— Organizational readiness: Transition from hierarchical planning to cross-functional teams
responsible for multi-criteria balancing.

— Data culture: Training personnel in interpreting the Pareto front and understanding the
semantic relationships between criteria, thereby eliminating subjective distortion of weights.

The model does not replace managerial judgment but rather formalizes it, providing a trans-
parent mechanism for assessing the consequences of decisions

Conclusion

This study confirms the necessity and economic feasibility of a multi-criteria approach to
the adaptive resource management problem in a manufacturing company. The developed model
overcomes the limitations of traditional static and single-criterion analogs through the inte-
gration of a vector objective function, dynamic weight calibration mechanisms, and a rolling
planning horizon (Gudkovskiy, 2025).

The theoretical contribution of this work lies in the synthesis of the principles of adaptive
control, multi-criteria optimization, and the economic theory of dynamic efficiency. It has
been shown that optimal choice in a production context should be interpreted not as a search
for a single extremum, but as navigation along a trajectory of Pareto-efficient states, adjusted
in real time based on incoming data and changes in strategic priorities.

The practical significance of the study is confirmed by the results of practical implementa-
tions: the proposed approach provides an increase in the integral efficiency of resource alloca-
tion by 10% or more, reduces decision-making latency, and enhances resilience to exogenous
shocks. The model can be embedded into the architecture of digital twins of manufacturing
enterprises and used as a core for decision support systems at the tactical and operational plan-
ning levels.

Limitations of the study are associated with high requirements for the quality and frequency
of input data, as well as with computational complexity when scaling to holding structures with
multiple interconnected sites. Furthermore, the calibration of weight coefficients partially de-
pends on expert assessments, which may introduce a subjective component.

Prospects for further research include:

— Integration of deep learning algorithms for automatic identification of latent preferences
and nonlinear trade-offs;

— Development of distributed versions of the model for networked production ecosystems
using blockchain technologies to ensure data integrity;

— Expansion of criteria to include the social dimension (staff engagement, competency de-
velopment) with their quantitative formalization within the economic framework.

In the context of the transformation of the industrial landscape, adaptive multi-criteria re-
source management ceases to be an optional tool and becomes a strategic imperative. The pro-
posed model creates a scientifically grounded foundation for the transition from reactive control
to proactive optimization, ensuring the sustainable development of manufacturing companies
under conditions of uncertainty.
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