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SMART ANALYTICS TOOLS FOR SUPPORTING
MANAGEMENT DECISIONS IN THE FIELD OF
PRODUCTION SYSTEM MANAGEMENT AT
ENTERPRISES IN THE CONTEXT OF
SUSTAINABLE DEVELOPMENT

ABSTRACT

This article addresses the growing importance of smart analytics as a technical tool and
fundamental intellectual asset ensuring sustainable development, resilience, and com-
petitiveness of enterprises under digital transformation. The paper examines the Smart
Data Adaptive Cycle (SDAC) model, which offers a continuous closed-loop decision-
making process in a digital manufacturing environment. The model integrates informa-
tional, financial, and cognitive components using self-learning mechanisms and the hu-
man-in-the-loop principle. The purpose of the work is to examine the specifics of en-
suring sustainable development in an enterprise through managerial decision-making
using smart analytics tools in the management of production systems. The study applies
general and specialized methods, including a scenario-based approach to determine the
relationship between information entropy and economic value added (EVA), a case
study for empirical validation of the SDAC model at a metallurgical enterprise, discount-
ing for economic feasibility, and a systematic approach to constructing the conceptual
model. A comparative scenario analysis of ex-post, partial, and full SDAC models was
conducted. The main results show that the SDAC model integrates information theory
and value-based management (VBM) into a single adaptive cycle. The findings demon-
strate that entropy analysis allows for the formalization of uncertainty in the production
environment (BANI context), providing a quantitative ex-ante risk assessment that is
more effective than traditional retrospective methods. Empirical modeling confirms that
integrating smart analytics into production management enables the maximization of
EVA. Practical testing at a metallurgical enterprise demonstrated the model’s ability to
reduce equipment downtime to 8.2%, defect rates to 3.6%, and carbon emissions to
190 kg CO2/t, while increasing labor productivity. The conclusions confirm the effec-
tiveness of the SDAC model as a tool for improving managerial decision-making and
ensuring sustainable enterprise development. Future research includes scaling the
model to other sectors and integrating it into approaches for assessing nonlinear ex-
treme events (black swan events).

Keywords: strategic management, digital transformation, business analytics, Industry
4.0, operational efficiency, innovative technologies, smart economy, production systems
management, ESG metrics, competitiveness

JEL Classification: C63, D81, M11, M15, Q01

INTRODUCTION

The development of industrial enterprises in the context of Industry 4.0 is marked by
unprecedented turbulence, driven by both global challenges and local crises. Smart
technologies and analytical tools are the technical foundation of digitalization and a key
component of targeted management of business development in the context of sustain-
able development. Under such conditions, traditional management methods based on
retrospective (ex-post) data analysis are found not to be sufficiently effective. Smart
technologies, artificial intelligence (AI), and decision support systems (DSS) are becom-
ing key elements of enterprises’ strategic architecture, enabling a shift from reactive
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measures to proactive modeling of the future state of production systems. Smart analytics, as an integrated analytical
mechanism, combines methods for processing big data with financial verification of management decisions, which is critical
for minimizing management uncertainty. The transformation of management processes creates the conditions for aligning
current management decisions with sustainable development goals, enhancing the resilience of production systems, and
ensuring their long-term viability. The relevance of this study arises from the need to formalize analytical procedures and
integrate them into a single adaptive cycle that would ensure a balance between economic efficiency, innovation, and
adherence to the principles of sustainable development in a highly uncertain environment (BANI context).

LITERATURE REVIEW

Modern researchers are placing significant emphasis on smart manufacturing through the use of big data analytics, the
Internet of Things, and artificial intelligence in SSM. Organizational Enablers of Sustainable Manufacturing and Industrial
Ecology include Manufacturing Costs, Power Consumption, Waste Management, Operational Safety, Digital Transfor-
mation, Life-cycle Assessment (LCA), Design for Remanufacturing, and Industrial Symbioses. The author also classifies the
following as Technological Enablers of Smart Manufacturing: Vision Systems and Instrumentation, Big Data Analytics and
Artificial Intelligence, Internet of Things, Edge and Cloud Computing, Cyber-physical Systems, Digital Twins and Simula-
tions, Smart Process Planning and Optimization, Advanced Robotics, Data Visualization, and Predictive and Prescriptive
Maintenance (Chinnathai, 2023).

This study was followed by a paper (Lin, 2024), which demonstrated that smart manufacturing plays a crucial role in the
circular supply chain (CSC), ensuring product quality and durability. High-quality products last longer, reducing the need
for frequent replacements and thereby supporting CSC’s goal of minimizing resource extraction and waste generation.
Furthermore, advanced smart manufacturing technologies (Al and machine learning algorithms, the Internet of Things,
and advanced visualization technologies) can identify materials suitable for recycling or reuse at the end of their life cycle,
thereby enhancing the sustainability of the supply chain.

The study (Magableh, 2024) systematized the impact of information systems on the development of smart manufacturing
to achieve sustainable development goals (SDGs). The author applied the PRISMA (Preferred Reporting Items for System-
atic Reviews and Meta-Analyses) methodology and demonstrated that blockchain technology, the Internet of Things (IoT),
and Industry 4.0 can support sustainable development across various sectors of the economy.

The achievement of the SDGs is ensured through the implementation of reconfigurable manufacturing system (RMS)
practices and the latest Industry 4.0 technologies. All of these studies emphasize the central role of managerial decision-
making, which is a fundamental function of management not only in production processes but also in the enterprise as a
whole (Pansare, 2023).

Stayetsky (2025) proposed using Big Data, AI, and DSS to support management decisions aimed at achieving economic
sustainability, adaptability, and long-term competitiveness for enterprises. The shift from intuitive approaches to data-
driven management ensures sounder strategic and operational decisions, reduced managerial uncertainty, and increased
business flexibility in an unstable external environment. Developing this approach, Shpak & Kis (2022, 2024) view the
“smart enterprise” as the result of integrating digital technologies, information and analytical systems, and modern man-
agement mechanisms into a unified management system. The authors argue that the use of analytical tools and digital
technologies improves the efficiency of business process management, the adaptability of enterprises, and the formulation
of development strategies in the context of Industry 4.0. Filippov & Yangulov (2024) view digital and analytical tools as
the foundation for the digital transformation of strategic enterprise management. The authors demonstrate that these
tools transform management from reactive to proactive and enable management decisions to be aligned with corporate
sustainability goals.

Therefore, when managing innovative changes and business transformations in the context of Industry 4.0, smart analytics
is not only a decision-support tool but also a foundational element of the management architecture. “Smart Enterprise” is
becoming a conceptual hub for the implementation of smart technologies. For example, P.G. Pererva et al. (2024) argue
that effective management of innovative changes in the context of Industry 4.0 requires the development of a compre-
hensive analytical toolkit that combines digital analytical modules, a system of key performance indicators (KPIs), and
mechanisms for adapting to external risks. We agree with the need to integrate analytics into the management cycle,
formalize the SDAC stages, and implement mandatory financial verification of management decisions. This approach allows
smart analytics to be viewed as a tool for ensuring a balance between an enterprise's efficiency, stability, and innovation,
which aligns with the logic of sustaining the development of production systems.
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Similar conclusions regarding the use of not only individual digital tools but also of integrated approaches to building
management systems (including DSS, predictive models, and dashboards) to enhance the adaptability and functional
flexibility of enterprises were reached by G.B. Svinaryova & D.K. Tkach (2025).

Knyazeva et al. (2024) proposed adding digital asset indicators and measures of the effectiveness of online tools to the
toolkit for assessing economic resilience in the context of digitalization. This approach allows for the expansion of the
system of financial indicators in smart analytical models, which is consistent with the use of financial metrics as key input
parameters. S.V. Onishchenko et al. (2024) argue that digital business transformation improves financial resilience and
contributes to the achievement of sustainable development goals by improved resource productivity, adaptation to changes
in the external environment, and integration with environmental and social dimensions.

Bashynska et al. (2023) argue that the smartification of enterprises in the context of digital transformation is based on the
integration of digital technologies, data analytics, and tools for evaluating the results of smart projects, which improves
the efficiency of production system management and ensures that management decisions are based on sound reasoning.
The study also emphasizes the role of digital transformation in ensuring the sustainable development of enterprises through
improved resource efficiency and enhanced competitiveness and adaptability of production systems to changes in the
external environment. This approach lays the groundwork for implementing the SDAC concept, proposed in the study, at
the level of production systems; this will ensure that financial verification of results is integrated into every stage of the
analytical cycle and establish a methodological foundation for the use of smart analytics as a tool for improving manage-
ment efficiency, reducing management risks, and achieving the enterprise’s sustainability goals.

Megits et al. (2022) formalized a set of indicators to assess the development of five components of the innovation ecosys-
tem (business, society, government, science/education, and environment) and developed a decision tree to select a sce-
nario for digital transformation depending on the institutional context. This approach provides a foundation for organizing
data sources and identifying responsible stakeholders at the Sense SDAC stage. Although this work is primarily focused on
the meso/macro level, the proposed indicators and scenario algorithm can be used as input parameters for developing
enterprise-level scenarios (data preparation for Diagnose) and as a benchmark for the preliminary assessment of digitali-
zation options in terms of expected benefits. This proves the usefulness of the model for formalizing input data in NPV-
oriented comparisons of scenarios.

Sak & Shepelyuk (2023) systematized a set of diagnostic methods (coefficient analysis, horizontal/vertical analysis, factor
analysis, rating systems) and proposed benchmark values for key financial ratios. This has made it easier to use Diagnose
SDAC at the micro level of the enterprise. The proposed tools allow for the reduction of a large array of financial and
operational metrics into a compact set of key factor indicators that can be converted into cash flows for NPV/EVA calcula-
tions and serve as the basis for making investment decisions on smart initiatives. Also, the authors emphasized the need
to adapt the methodologies to the size of the enterprise and external shocks, which is important for the Confirm stage.

Generalization of the above theoretical and methodological approaches allows for the interpretation of smart analytics as
a multi-level analytical and managerial tool, able to simultaneously ensure the financial balance, efficiency of current
business processes, and strategic resilience of production systems and align economic, innovation, and management goals
of sustainable development. In addition to the theoretical approaches discussed above, domestic research is increasingly
interpreting smart analysis as a holistic system of management decision support, which ensures alignment of strategic and
operational decisions with the objectives of financial resilience, balance, and sustainable development of enterprises in a
turbulent economic environment and amid growing uncertainty. It is this understanding of smart analytics that lays the
theoretical groundwork for the transition from a conceptual understanding of its role to the justification of specific meth-
odological decisions on its practical implementation in the management of production systems.

The results obtained confirm that smart analytics and management decision-support systems are primarily used to formal-
ize management processes and quantitatively evaluate the performance of enterprises. At the same time, there is a lack
of systematization in the issue of stepwise integration of analytical procedures with the financial verification of management
decisions and sustainable development goals within a single analytical cycle. This makes it appropriate to justify an SDAC-
based methodological approach that ensures a structured implementation of smart analytics and the incorporation of
financial evaluation criteria at every stage of the analytical process.

The review of recent publications confirms the relevance of the issue under study and demonstrates the urgent need to
formalize analytical procedures and integrate them into the management decision-making process to ensure the sustain-
able development of enterprises.
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AIMS AND OBJECTIVES

The aim of this study is to examine the capabilities for ensuring sustainable development at the enterprise level through
management decisions, using smart analytics tools to manage the enterprise’s production systems.

To achieve this aim, the following objectives were set and accomplished:

1. To develop a conceptual framework (SDAC — Smart Data Adaptive Cycle) that integrates real-time information flows,
financial performance metrics, and cognitive decision-making processes into a unified adaptive management cycle.

2. To formalize decision-making under uncertainty by applying Shannon entropy theory to quantify volatility in
production environments, thereby enabling more structured and data-driven risk management.

3. To integrate economic efficiency filters (specifically Economic Value Added — EVA) into the smart analytics loop,
ensuring that technological and operational interventions are verified against their long-term financial viability.

4. To establish a “human-in-the-loop” mechanism that balances the precision of Al-driven predictive analytics with
strategic management intuition, allowing for flexible adaptation of operational parameters in turbulent environments.

5.  To validate the proposed methodology through an empirical case study of a metallurgical enterprise, comparing the
effectiveness of traditional management models versus the proposed smart analytics-based approach across key
sustainability indicators (productivity, resource efficiency, and carbon emissions).

6. To synthesize an integrated Sustainability Index (SI) that combines economic, environmental, and social performance
criteria, providing a quantitative basis for assessing the overall sustainability impact of management decisions.

METHODS

The study employed general scientific and specialized methods of the scenario-based approach to determine the relation-
ship between changes in information entropy and changes in economic value added under various management ap-
proaches; a case study with analytical generalizations in the empirical validation of a model for adaptive smart analytics
of a metallurgical enterprise’s operations; discounting to assess the economic viability of an intellectual solution; a sys-
tematic approach to build a conceptual model of the SDAC adaptive smart data analytics cycle; and a comparative scenario
analysis for ex-post, partial SDAC, and full SDAC management models.

The SDAC (Smart Data Adaptive Cycle) model is based on the concept of cyclically converting “raw” data into strategic
decisions. The method is built on three key components. First, Shannon entropy is used to quantify the uncertainty of a
system's states (H = ->pi Inpi), which allows risks to be identified at an early stage, before they affect operational efficiency.
Second, intellectual verification (EVA/NPV) means that every management decision is subject to a “filter” of financial
performance, which prevents “investment traps” where technological innovations have no real economic effect. Third, the
adaptive-cognitive loop (Sense-Diagnose—Act—Confirm) enables the system to learn from the results it obtains, thus min-
imizing the time lag between detecting an anomaly and resolving it.

The study uses a comprehensive methodological approach to the analysis and support of managerial decision-making in
industrial logistics systems. The proposed methodology is based on the integration of digital technologies for monitoring
production processes, predictive analytics tools, and methods for the economic evaluation of alternative management
scenarios. This approach enables a comprehensive analysis of the functioning of an enterprise's logistics systems and
enhances the relevance of management decisions in an environment of high economic uncertainty.

Today, production systems that operate within the framework of Industry 4.0 are characterized by a high level of com-
plexity and the need to take into account a significant number of interrelated parameters. These circumstances create the
basis for multi-criteria decision-making analysis (MCDA), which allows for the evaluation of alternative management deci-
sions by taking into account economic, technological, and risk-oriented criteria. This method is used in management
systems for modern industrial complexes and digital logistics systems (Da Silva et al., 2023).

Furthermore, recent research in the field of production planning emphasizes the need to use analytical models capable of
integrating economic, environmental, and social aspects of sustainable development into the management decision-making
process. This requires the use of data analysis methods and decision-support models that provide a comprehensive as-
sessment of the operational efficiency of industrial systems (Zarte et al., 2022).
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The research methodology involves integrating data from digital monitoring of production and logistics processes, their
further analysis using predictive analytics tools, and the economic evaluation of alternative management scenarios. The
general logic of the proposed approach is illustrated in Figure 1, which shows the interrelationships between the main
components of the management decision support system.

1. Sense
IoT-level

Multi-source data collection.
Technical and economic indicators
are synchronized

5. Confirm 2. Diagnose

(Self-study) (Predicative)
Real-time model adjustments based Al generates a set of alternative
on actual results scenarios based on digital twins

Real-time
Al
4. Act 3. Financial Verification

(Human-in-the-loop) (Cognitive node)
The manager adjust the weights of the Calculation of the marginal effect. The
criteria. Synergy of algorithmic accuracy and integral function of the solution utility is

human strategic intuition formed

ST

Figure 1. Conceptual model of the SDAC adaptive smart data analytics cycle.

The first stage involves building a research database by integrating the operational data that characterize the functioning
of the enterprise’s production and logistics systems. In today's environment, this integration is achieved through digital
monitoring technologies and Internet of Things (IoT) systems, which enable the collection of information on production
process parameters, material flow, resource utilization, and other operational metrics in real time. The use of digital tech-
nologies in production management systems enhances the transparency of an enterprise’s operations and lays the ground-
work for the use of analytical tools for forecasting and optimizing logistics processes (Lin et al., 2024).

Based on the integrated data, an analytical database is created, which is used for further modeling of management sce-
narios. This study employs a predictive analytics approach, which involves the use of statistical and analytical methods to
identify patterns in the functioning of the logistics system and predict the potential consequences of alternative manage-
ment decisions. Recent studies highlight the growing role of artificial intelligence and data analysis tools in industrial
enterprise management systems, in the assessment of logistics risks and in the optimization of production processes in
particular (Kozenkov & Kaut, 2024).

The analytical phase yields several possible management scenarios, each characterized by different parameters of the
logistics system’s operation, resource costs, and expected economic outcomes. To quantitatively compare the alternative
scenarios, an integrated performance function is used that takes into account a set of key performance indicators for the
enterprise’s logistics system (1):

E; = XLy wi * xjj (1)

where Ej is the integrated effectiveness of the j-th management scenarfo; x; is the weight coefficient of the indicator’s
significance; n is the number of evaluation criteria.

The use of an integrated function makes it possible to account for the combined impact of economic, logistical, and
operational factors on the overall efficiency of the system and to identify the most rational management decision.
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The next stage of the study is an economic assessment of alternative management scenarios. At this stage, the results of
the predictive modeling are converted into financial and economic indicators, which makes it possible to determine the
economic feasibility of each management decision. The economic effectiveness of a management scenario is defined as
the difference between the expected benefits of optimizing logistics processes and the costs of implementing the corre-
sponding management measures (2):

where: R; is the economic outcome of implementing the scenario; B; is the expected benefits of implementing the man-

agement decision; G is the total costs required to implement the scenario.

The use of economic evaluation of management scenarios makes it possible to integrate the results of operational analysis
with the company’s financial performance indicators. Today’s models of enterprise management are increasingly placing
emphasis on the indicators of economic security and sustainable development; these allow for assessing not only the
short-term effectiveness of management decisions but also their long-term strategic impacts (Tiutchenko et al., 2024).

Thus, the proposed research methodology combines digital monitoring technologies, predictive analytics tools, and meth-
ods for the economic evaluation of management scenarios. Integration of these elements enables the creation of a com-
prehensive management decision-supporting system designed to improve the efficiency of industrial logistics systems and
reduce the enterprise’s operational risks.

RESULTS

The SDAC smart analytics-based model of adaptive cycle of production system management offers a continuous closed-
loop of management decision-making in a digital production environment and includes five interconnected stages.

Stage 1. Data collection and synchronization (IoT level). It involves the continuous collection of multi-source data covering
production parameters (temperature, speed, load, equipment wear), energy performance indicators, logistics and resource
flows, as well as financial variables (production costs, expenses, and downtime losses). A key feature of this stage is the
integration of technical and economic indicators into a single database, where the data is synchronized, creating a foun-
dation for further financial analysis.

Stage 2. Predictive and prescriptive analytics. It uses machine learning, time series analysis, scenario-based forecasting,
and digital twins of production processes. The analytics module not only generates forecasts of events (such as equipment
failures, cost overruns, or delays) but also offers a range of alternative management scenarios. The key point is that, from
the outset, each scenario is prepared for further economic evaluation, rather than being merely limited to technical opti-
mization.

Stage 3. Assessment of financial and economic implications (cognitive node). It involves marginal analysis of management
decisions, assessing the effect on cash flows, analyzing risks and uncertainties, and comparing short-term and long-term
effects. An integrated utility function for a decision is formed, taking into account financial efficiency, system stability, and
its adaptability to external changes.

Stage 4. Making a management decision (human-centered cognitive logic). A cognitive interaction develops between the
system and the manager. The system suggests scenarios that explain cause-and-effect relationships, while the manager
adjusts the weights of the criteria (risk, profitability, sustainability) in accordance with strategic priorities. This implements
the principle of human-in-the-loop management, where automated insights are combined with managerial judgment.

Stage 5. Real-time adjustments and self-learning. After the decision is implemented, the results are recorded and compared
with the forecast values, the model parameters are adjusted, and the decision-making rules are updated. A self-learning
cognitive loop is formed, which improves the quality of subsequent managerial cycles and ensures the system’s dynamic
adaptability.

1.  The scientific novelty of the SDAC model does not lie in individual technical procedures, but rather in the systematic
integration of informational, financial, and cognitive components into a single adaptive loop. The key elements of this
novelty include the following:
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2. economic interpretation of data at the collection level. Unlike traditional approaches, where IoT data is viewed as an
isolated technical dataset, the SDAC model forms it as an economically interpretable stream that immediately provides
managerial value and is synchronized with financial variables;

3. priority of economic rationality over technical KPIs. Solutions are optimized not by technical efficiency indicators
(uptime, OEE), but by economic rationality criteria (EVA, NPV) under conditions of uncertainty, which allows
combining financial logic with cognitive risk assessment;

4. transformation of management logic. The management process shifts from a reactive response to events (Ex-post)
to a proactive shaping of the desired future state of the production system (Ex-ante) through self-learning
mechanisms and the reduction of information entropy;

5. Integration of the human factor into the analytical loop. Implementing the human-in-the-loop principle ensures a
balance between the system’s algorithmic accuracy and the manager’s strategic intuition, which is critical in
environments characterized by high uncertainty.

Table 1 summarizes the differences between traditional approaches and the proposed model.

Table 1. Systematic comparison of classical analytical paradigms and the cognitive-adaptive approach.

Criterion

Traditional approaches

Proposed model

Type of analytics

Reactive / Predictive

Cognitive-adaptive

Role of finance

Secondary role

Key role

Management logic

KPI-oriented

Economically rational

Human factor Minimized Integrated
Time response Periodic Real-time
Adaptation Limited Self-learning

The author's view is that, unlike traditional production management systems, where decisions are mainly based on histor-
ical data (ex-post analysis), the adaptive-cognitive loop proposed in the SDAC model implements a management logic
focused on proactively responding to potential deviations and risks.

The key scientific advantage of the model is the minimization of information entropy in the management decision-making
process. By combining predictive modeling and financial verification:

= uncertainty regarding the future states of the production system is reduced;

= the transparency of the cause-and-effect relationships between technological parameters and financial results is
improved;
= transition from reactive to adaptive and predictive management is ensured.

The SDAC model offers several advantages. First, it complements and extends the cognitive loop of smart analysis, creating
a formalized adaptive loop, in which a management decision is viewed as the result of integrating data, forecasts, and
economic rationality within a dynamic production environment. Second, it reflects the logic of adaptive control of a pro-
duction system under conditions of high uncertainty and dynamic external changes. Third, it demonstrates high relevance
in a BANI environment (Brittle, Anxious, Non-linear, Incomprehensible), which requires a shift toward adaptive leadership
and flexible strategic architectures capable of functioning under conditions of nonlinear dynamics and high uncertainty
(Uhl-Bien & Arena, 2018). The above is consistent with the methodological approaches of chaos theory (Kozenkova et al.,
2025), which takes into account nonlinear interactions and sensitivity to initial conditions in the generation of early warning
signals and in scenario-based modeling of crisis situations.

From the standpoint of complex systems theory and an organization's dynamic capabilities, a key prerequisite for effective
management in a BANI environment is the ability to identify weak signals in a timely manner, adapt management decisions,
and transform informational complexity into economically interpretable results (Teece et al., 1997). Within the framework
of SDAC, the logic behind neutralizing the key characteristics of the BANI environment is summarized in Table 2.
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Table 2. Mechanisms for neutralizing the characteristics of the BANI environment in the SDAC model.

BANI characteristics Neutralization mechanism in the SDAC model

Early detection of subtle signs of degradation in production systems based on real-time IoT data and predictive analytics
Brittle (Ayvaz & Alpay, 2021; Zhang et al., 2020; Yu et al., 2022), which is consistent with approaches to management in complex
adaptive systems (Taleb, 2012)

Use of scenario-based and predictive modeling to account for threshold effects, feedback loops, and cascading changes, as
Non-linear confirmed by research in the fields of nonlinear dynamics and risk-based decision making (Sterman, 2020; Turgay & Aydin,
2025)

Transformation of complex stochastic and technical data into financially interpretable metrics (NPV, EVA, NV), consistent
Incomprehensible with modern approaches to value-based management and decision analytics (Moholkar & Choudhari, 2024; Lassi et al.,
2024; Saidov, 2025)

Thus, SDAC serves not only as a technological platform but also as a methodological tool for complexity management,
through combining principles of information theory, concepts of dynamic capabilities, and finance-oriented management.
This reduces systemic fragility and enhances the economic resilience of production systems in the BANI environment,
where uncertainty and nonlinearity become not only sources of risk but also opportunities for creating added value.

After the cognitive loop of smart analytics has been examined as a tool for the cyclical alignment of data, models, and
management actions in production systems, the next logical step is to move on to evaluating the quality and reliability of
the management decisions themselves. At this point, the concept of information entropy comes to the fore, which is a key
metric of uncertainty that allows a quantitative assessment of the degree of chaos, incompleteness, or redundancy in the
information upon which decisions are based. While the cognitive loop provides the structure of the process, information
entropy serves as its “thermometer”- it indicates the extent to which the data obtained can be used to develop well-
grounded, consistent, and effective management strategies.

In the context of production system management, information entropy characterizes the level of uncertainty with regard
to possible system states and the outcomes of management decisions, and is calculated using Shannon’s classic formula
(Cover & Thomas, 2006). To formalize this, the entropy model will be used, which allows assessing the level of uncertainty
in the managerial decision-making system. The information entropy of the system is determined by (3):

H = —Xi pilogp; , (3)
where: p; Is the probability of the i-th state occurring in the production system.
The use of smart analytics tools as part of the Smart Decision Analytics Center (SDAC) architecture enables the updating

of probability distributions for system states based on production data streams, predictive models, and financial and ana-
lytical assessments:

prAS = f(Dyor» Mpred,Feval)l (4)

where: Dior is data from sensor systems and production monitoring; Myreq IS predictive analytics models; Fevz is financial
and analytical mechanisms for assessing management decisions.

Reducing the information entropy of the management system contributes to improving the economic efficiency of the
enterprise's operations. Within the framework of a value-oriented approach, this effect can be reflected through a change
in the economic value-added indicator (5):

AEVA = a = AH, (5)

where: AEVA is the change (increase) in Economic Value Added; « is the sensitivity coefficient (or impact coefficient); AH
is the change in weighted average cost of capital.

The calculation of economic value added is performed using the classical value-based management model (6):
EVA = NOPAT — WACC = IC (6)

where: NOPAT is net operating profit after tax; WACC is the wejghted average cost of capital; IC is the enterprise’s invested
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capital.

Thus, the integrated efficiency of using smart analytics tools in the SDAC system can be represented as a generalized
function (7):

SDAC = y,AH + y,EVA, (7)

where: A1 and A2 are weighting coefficients that reflect the effect of the informational and economic components on the
overall efficiency of the system.

The proposed model allows for a quantitative assessment of the impact of smart analytics systems on the effectiveness of
production process management and formation of the enterprise’s economic value. To comprehensively assess the impact
of smart analytics systems on the development of a manufacturing enterprise, it is advisable to consider not only economic
outcomes but also the environmental and social indicators of the system’s performance.

The integrated model for assessing the sustainability of a production system is presented in the form of an integrated
index. The integrated sustainability index of a production system can be expressed as a weighted function (8):

SI = wyEVA — woEC — w3COy + wyLP, (8)

where: SI is the integrated sustainability index of the production system,; EVA is the enterprise’s economic value added)
EC is energy consumption per unit of output; CO; is carbon emissions intensity; LP is labor productivity; wi, ws, w3, Wy are
the weighting coefficients of the respective indicators.

In this model, the economic component shows the financial efficiency of production activities, the environmental compo-
nent reflects the level of resource efficiency and environmental impact, and the social component shows the effectiveness
of the use of labor resources.

Given the sustainable development index obtained, the overall performance of the SDAC system can be expressed as:
SDAC,sr = y10H + v,S1, 9)

where: AH is the decrease in the information entropy of the management system, SI is the integrated sustainable devel-
opment index; A1, A2 are the weighting coefficients for the influence of the information and sustainable development
components.

Thus, the proposed model makes it possible to assess the effectiveness of using smart analytics tools not only in terms of
economic performance but also in the context of achieving the sustainability goals of industrial enterprises.

The proposed mathematical framework makes it possible to formalize the impact of smart analytics tools on the effective-
ness of production system management. Reducing information entropy in the management decision-making system means
reducing uncertainty regarding the possible states of the production process, which enhances the soundness of manage-
ment decisions.

Within the SDAC architecture, this transformation is achieved through the integration of production data streams, predictive
analytics tools, and financial and economic mechanisms for evaluating management alternatives. As a result, a more
accurate probability distribution of the possible states of the production system is obtained, which directly contributes to
a reduction in management information entropy.

Reducing information uncertainty creates the conditions for improving the economic performance of the enterprise. Within
the framework of a value-oriented approach, this effect manifests itself through an increase in the economic value-added
indicator. Thus, the use of smart analytics systems contributes to increasing the efficiency of production resource man-
agement, optimizing operating costs, and improving the financial results of the enterprise.

At the same time, today's approaches to evaluating the performance of industrial enterprises take into account not only
economic results but also the environmental and social aspects of development. In this context, the proposed model
integrates indicators of economic efficiency, resource efficiency, and effectiveness of the use of labor potential.

The use of an integrated sustainability index makes it possible to assess the impact of management decisions on the
formation of an enterprise’s economic value, the reduction of the production resource intensity, and an increase in labor
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productivity. This approach provides a more comprehensive assessment of the performance of the production system and
is consistent with modern concepts of sustainable industrial development.

Thus, the use of the SDAC system creates the conditions for improving both the economic efficiency and the overall
resilience of production systems in the face of high external uncertainty.

Ex—post
Ecost,t

Due to the high dispersion of the system’s state probabilities and delays in the feedback loop, remains significantly
limited, which leads to an underestimation of the overall economic value of the management cycle. In the SDAC model,
on the contrary, thanks to proactive shaping of the information environment, reducing entropy and increasing the accuracy
of forecasts, a significant improvement in both expected effects and resource efficiency is achieved. This is formalized as
a strict relationship: NVg,art > NViqq, Which not only states the economic advantage of adaptive Ex-ante management,
but also quantitatively confirms the hypothesis that information rationality is a source of added value creation in complex
production systems. Thus, a comparative analysis shows that the shift from reactive to intelligent management has not
only methodological but also measurable financial justification.

The proposed set of formulas makes a significant contribution to the development of the theory and methodology of smart
management, establishing a rigorous quantitative link between the principles of information theory and financial perfor-
mance. First, it introduces a new metric for the smart component of decision-making, i.e., the Net Value of Smart Decisions
(NVsmart), Which quantifies the economic value created through the reduction of information entropy and proactive adap-
tation. Second, the framework formalizes the causal impact of smart analytics on financial performance, moving from
general considerations to a parametric model based on discounted cash flow theory and information entropy. Third, the
proposed model integrates three previously loosely connected fields of knowledge: information theory, financial analysis,
and systems management — to achieve sustainability goals, which provides a foundation for interdisciplinary research into
complex production systems. Fourth, thanks to its clear operational structure and measurable variables, the model is
empirically validated and can be tested in real-world industrial settings. Thus, the integration of cognitive, informational,
and economic dimensions facilitates the transition to a scientifically grounded, data-driven approach to smart management
in complex socio-technical systems.

The relationship between a decrease in information entropy and an increase in financial performance can also be visualized.
Figure 2 shows a hypothetical (or model) relationship illustrating how each additional percentage point of reduction in
uncertainty (entropy H) achieved through the use of smart analytics correlates with an increase in the net present value
(NVPV) or economic value added ( £VA) of the project.

The figure presents model-based scenarios (ex-post management, partial SDAC, and full SDAC) and is used to visualize
the economic logic of value creation through smart analytics rather than to report empirical point estimates. These data
are of a modeling nature and serve to provide a conceptual illustration of the impact of a reduction in information entropy
on an enterprise’s financial performance. A direct positive correlation has been identified between the extent to which
information uncertainty is reduced through the use of smart analytics tools and the increase in the economic efficiency of
the production system. The findings confirm the study’s hypothesis that investment in smart analytics systems, which are
designed to minimise uncertainty, is strategically sound and generates significant economic value added. The graph there-
fore illustrates the logic behind value creation through smart analytics within the proposed model, rather than empirical
point estimates.

The empirical validation of the proposed adaptive smart analysis model was carried out using the case study method, with
analytical generalization based on the example of a representative metallurgical enterprise located in one of the industrial
centres of eastern Ukraine. The selected enterprise is a typical representative of the industry, as it carries out the full
production cycle (from raw material processing to the manufacture of finished products) and operates in an environment
of heightened macroeconomic and operational uncertainty characteristic of many industrial enterprises in Ukraine; it could
therefore serve as a prototype model or a model for testing the results of the theoretical research.

The following assumptions were made for the purposes of this study: the production system is capital-intensive and energy-
intensive; a significant proportion of operating costs is attributable to unplanned equipment downtime and high levels of
defects; management decisions are traditionally based on ex-post analysis of retrospective data; the enterprise operates
under conditions of limited access to financial, material, and human resources, in an unstable regulatory and market
environment.
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Figure 2. A scenario-based approach to determining the relationship between changes in information entropy (4#) and changes in eco-
nomic value added (4E£VA) under different management approaches. Note: The figure illustrates model-based scenarios (ex-post, partial SDAC,
and full SDAC) rather than empirical point estimates and is used to visualize the economic logic of value creation through smart analytics

The numerical parameters used in the calculations are model-based but representative: they reflect the average industry-
wide structure of costs, revenues, and operational characteristics of full-cycle metallurgical enterprises. The data do not
contain confidential financial statements of any specific enterprise and do not violate trade secret requirements.

A three-year planning horizon (n = 3 years) was used to assess the economic effectiveness of implementing smart ana-
lytics. The discount rate was set at r = 18%, taking into account both industry-specific risks (business cycles, energy
dependence) and macroeconomic instability. The high discount rate was due to significant military and macroeconomic
risks.

Investment parameters: the initial capital expenditure for implementing the SDAC architecture to ensure the sustainability
of the production system amounts to (Cinv) UAH 12.0 million; annual operating expenses for maintaining smart analytics
systems (Coper) amount to UAH 1.5 million per year.

Expected economic benefits: annual cost savings resulting from reduced downtime, fewer defects, and sustainable re-
source use (Eqostt) are estimated at UAH 8.0 million per year; additional revenue from improved operational efficiency (4R:)
is estimated at UAH 4.0 million per year.

The projected total annual effect (Ewzye) is UAH 12 million, and the net value of the smart analytics solution (MVmar) is
UAH 9.6 million.

A positive MVsmarescore confirms the economic viability of investing in smart analytics to achieve sustainable development
goals, even in the face of high uncertainty and limited resources.

One of the most important areas in the mitigation of adverse climate change and promotion of sustainable development
is investment in decarbonization. These solutions are designed to reduce carbon dioxide emissions by transitioning to
renewable energy sources and improving the energy efficiency of production operations. Achieving the set goals is possible
through the exchange of knowledge and experience, technological support, and investment in projects that will help reduce
dependence on fossil fuels (Ivanova, 2025).

The investment parameters and expected benefits of implementing the SDAC architecture are determined by structuring
the costs of the investment and operational components, which are summarized in Table 3.
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Table 3. Investment parameters and expected benefits of implementing the SDAC architecture, UAH million. Note: The expenses are classi-
fied as investment in the enterprise’s intellectual capital aimed at improving the adaptability of management processes.

Parameter Value Description
Cinv (initial capital expenditure) 12.0 Investmgpt in the deployment of IoT infrastructure, smart analytics platforms, data integration, and
staff training
Coper (annual operating expenses) 1.5 ((:Iigzts for system support, model updates, maintenance, and development of smart analytics competen-

The expected economic effect, linked to the Sustainable Development Goals, is projected to result from the implementation
of the SDAC system. This is a generated comprehensive effect that should be structured according to the three dimensions
of sustainable development (ESG) (Table 4).

Table 4. Expected economic effect of implementing SDAC architecture for sustainable development goals, UAH million.

Sustainability metrics

Effect

Mechanism for achieving

Link to the Sustainable Devel-
opment Goals

Optimize equipment operating modes,

Improving production resource ef-

Economic Annual cost savings (Ecost,t) = 8.0 prevent unplanned downtime, and reduce fici
iciency
defects
Economic Additional annual income (ARt) = 4.0 Faster decision-making, improved product Sustainable productivity growth

quality, and increased competitiveness

Environmental

Reduced energy consumption per
unit of product

Accurate load forecasting, adaptive man-
agement of energy flows

Reducing resource intensity

Environmental

Reduced CO2 emissions

Optimize manufacturing processes, mini-
mize overproduction and waste

Reducing the carbon footprint

Social

Increased labor productivity

Automate routine tasks, support decision-
making, reduce cognitive load

Creating conditions for quality
work and professional develop-
ment

An integrated assessment of economic feasibility is based on the net value of the smart analytics solution (AVVsmar) and is
calculated using equation (10):

n  Ecostt+ARt

— Coper
NVsmart T at=1T (gt L

Ta+nt!

(Cinp+it= (10)
The calculation results showed that the total discounted effect amounts to UAH 26.10 million; total costs (capital and
operating) amount to UAH 16.5 million; NMVnar = UAH 9.6 million.

The positive NVsmarevalue confirms the economic viability of investing in smart analytics, even in conditions of high uncer-
tainty. This creates a synergistic effect: financial performance (growth in EVA) is achieved not through the extensive use
of resources, but by improving the intellectual quality of management decisions, which is consistent with the paradigm of
sustainable development.

When determining quantitative results, we recommend adhering to the concept of decoupling, which reduces the depend-
ence of economic growth on the amount of raw materials and energy consumed, as well as on environmental impact.
According to (Tiutchenko S., 2024), an enterprise’s economic capacity for growth requires a simultaneous combination of
economic, social, and environmental development. The authors recommend assessing this indicator using a three-compo-
nent decoupling index, which should combine measures of financial, social, and environmental decoupling.

To assess the impact of smart analytics tools on the enterprise’s performance, a scenario analysis of the production
system’s development was conducted. The resulting values for key economic, environmental, and social indicators are
presented in Table 5.
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Table 5. Comparative assessment of the economic, environmental, and social indicators of the production system’s performance under

various scenarios of development.

Indicator Scenarioa;;:i‘::z: st man- Scenario 2: Partial SDAC Scenari(;:;::‘l:leil;AC (AL-
Economic indicators

Production cost, UAH/ton 18 400 17 600 16 900
Operating costs, UAH million /year 220 210 202

Additional revenue, UAH million /year - 2.0 4.0

Net operating profit after tax (NOPAT), UAH million 42 48 55

Economic value added (EVA), UAH million -6 -1 +5
Equipment downtime, % 14.5 11.2 8.2

Environmental indicators

Defect rate, % 5.8 4.6 3.6

Energy consumption per unit, kWh/ton 500 450 400

Carbon emission intensity, kg CO2/ton 250 220 190

Social indicators
Labor productivity, tons/employee 100 115 130
Dominant management logic Reactive (Ex-post) Hybrfii(:]a(ﬁ?;jli%\r/%;ggsctive Proactive (Ex-ante SDAC)

The results of the scenario analysis indicate that the integration of smart analytics tools into production management has
a significant positive impact on the enterprise's performance. With the increasing use of analytics tools, there is a decrease
in equipment downtime and production defects, indicating improved efficiency in the management of production opera-
tions.

Simultaneously, the enterprise's operating expenses are being reduced, and its financial performance is improving. This is
reflected in the change in the economic value-added indicator. While the enterprise reports a negative EVA in the baseline
scenario, the full-scale implementation of the SDAC system results in the generation of positive economic value added.

Another important outcome is the improvement of the environmental performance of the production system. Among other
things, the implementation of smart analytics tools helps reduce energy consumption per unit of output and lower carbon
intensity. This is due to the ability to more accurately predict production parameters and optimize equipment operating
modes. Furthermore, there is an increase in employee productivity at the enterprise, which is attributed to a reduction in
unproductive time losses and a more efficient use of production resources.

Thus, the results of the analysis confirm that the implementation of the SDAC architecture contributes to improving the
economic efficiency of the enterprise’s operations and, at the same time, creates the conditions necessary for ensuring
the sustainable development of production systems.

The results obtained confirm the relevance of using smart analytics systems as a tool for improving the economic efficiency
and environmental performance of industrial enterprises.

Scenario 1 represents a traditional ex-post management approach based on retrospective data analysis. Scenario 2 de-
scribes a partial implementation of the SDAC adaptive cycle, characterized by the use of IoT data and predictive analytics,
with episodic financial validation of management decisions. Scenario 3 involves the full deployment of SDAC, including
real-time data integration, Al-powered predictive and prescriptive analytics, and mandatory financial validation of deci-
sions.

The results obtained demonstrate that smart analytics based on the SDAC adaptive cycle provides a significant reduction
in information uncertainty in the process of making management decisions; it also offers transformation of information
gain (AH) into financial value added (EVA), increased operational and financial resilience of the production system in the
face of external shocks, and paradigmatic transition from reactive (ex-post) to proactive (ex-ante) management. Empirical
testing confirms the universality and scalability of the proposed approach. The model is not tied to the specifics of an
individual enterprise and can be applied to a wide class of industrial systems operating in conditions of high complexity
and dynamic uncertainty to help enterprises achieve sustainability goals.
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DISCUSSION

The research proved that the use of smart analytics tools allows for effective management decisions concerning the sus-
tainability of an enterprise's production process and its achievement of sustainable development goals. However, it should
be noted that the application of this integrated analytical mechanism is not confined to the processing of large-scale
datasets and the use of smart analytics for managerial decision-making. Chinnathai (2023) notes that for process man-
agement, it is advisable to use tools such as Disco for process analysis, Matlab SimEvent for discrete-event modeling,
artificial intelligence in Matlab for energy consumption forecasting, and Grafana and e-KPI dashboards for process visual-
ization. The scientist proved that structuring the digital lifecycle helps enterprises implement sustainable smart production
by optimizing the flow of energy-intensive processes. The SDAC model proposed in this study mitigates the main negative
characteristics of the BANI world and is a complexity management tool that combines information theory, the concept of
dynamic capabilities, and financial management.

We support the findings of Lin (2024), who noted that it is advisable to integrate the UNISONE framework, which is based
on the principles of the circular supply chain (CSC), with advanced smart manufacturing technologies. The practical out-
come is improved operational efficiency and the creation of a sustainable production system that significantly minimizes
waste.

According to Pansare (2023), different practices of reconfigurable manufacturing systems (RMS) have different weights in
achieving the United Nations' Sustainable Development Goals (SDGs). The author proposed to determine these weights
using the Step-wise Weight Assessment Ratio Analysis (SWARA), while the Weighted Aggregated Sum Product Assessment
(WASPAS) was used to determine the priority of performance indicators. The resilience of the developed structure was
tested using sensitivity analysis in five different organizations, which proves the high practical significance of this study.

A study by Magableh (2024) used the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA)
protocol. The authors proved the most effective role of information systems in supporting smart analytics business in such
economic sectors as urban planning and development, tourism, supply chains, integrated manufacturing and Industry 4.0,
business and commerce, and healthcare. Among the types of information systems to support sustainable development,
the authors distinguish Transaction Processing System (TPS), Office Automation System (OAS), Knowledge Work System
(KWS), Management Information System (MIS), Decision Support System (DSS), and Executive Support System (ESS).
These results prove that support for management decisions regarding production management can be provided by a much
wider range of information systems.

Batwara's (2023) view on the use of Value Stream Mapping (VSM) as a standard Lean tool for identifying and reducing
waste is worth discussing. Applying the PRISMA methodological approach, as did Magableh (2024), the author proved that
the manufacturing sector consumes a significant amount of non-renewable resources and generates waste, which raises
concerns about the sector's ability to respond to sustainable development challenges. The second most important sector
is business, management, and accounting. Particularly important for this study is the result related to the categorization
of tools. All tools and methods used to eliminate waste and improve the process in VSM have been classified into four
categories: Lean Too (TAKT time, Pull system (Kanban), Supermarket, 5S, Kaizen, Single minute exchange of die (SMED),
Poka-yoke, Cellular manufacturing, Total productive maintenance, Just in time, 5 Whys, Continuous improvement, Heijunka
box), green tool (Life Cycle Assessment (LCA), life cycle cost analysis (LCCA), Quality function deployment (QFD)), digital
tool (RFID, Radio Frequency Identification, virtual reality to facilitate waste identification and disposal in a dynamic envi-
ronment) and a management tool (engagement in business processes and training). Of particular importance for this study
is the result obtained by A. Batwaraa (2023) regarding the definition of categories of analytical indicators that can be used
in mapping the current and future state of enterprises. The author identified the following analytical indicators: value
added time (VAT), material consumption, energy consumption, steam consumption, carbon emissions, greenhouse gas
emissions, cost analysis, employee satisfaction assessment, and level of digitalization. These findings can be used in the
process of selecting production system indicators before and after the implementation of the SDAC model (see Table 3).

A limitation of this study is the use of data from a single metallurgical enterprise, which limits the possibility of direct
extrapolation of the results to other industries. In addition, the model is based on the assumption of a certain distribution
of random variables, which in conditions of extreme military uncertainty requires further verification using larger data
samples and taking into account nonlinear effects (“black swans”), which can significantly affect the sustainability of
production systems.
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CONCLUSIONS

The article proposes solving a relevant scientific and applied problem of ensuring sustainable development of an enterprise
when making management decisions by using smart analytics tools in managing the enterprise's production systems. The
article addresses a relevant scientific and practical challenge of ensuring the sustainable development of an enterprise
through management decision-making with the use of smart analytics tools for the enterprise’s production management.

A conceptual SDAC (Smart Data Adaptive Cycle) model has been developed to integrate the principles of information
theory and value-based management (VBM) into a single adaptive cycle. It has been proven that the use of entropy
analysis allows formalizing the uncertainty of the production environment (BANI context), providing a quantitative assess-
ment of risks at the decision-making stage (ex-ante), which is much more effective than traditional retrospective methods.

The proactive management toolkit has been mathematically substantiated. Empirical modeling has shown that integration
of smart analytics into the production management structure allows maximizing the EVA indicator. The estimated intellec-
tual value of the management solution (NPV¢part) for the tested enterprise is UAH 9.6 million, which confirms the financial
feasibility of implementing smart analytics tools even in conditions of high market volatility.

The role of smart analytics as a driver of sustainable development has been identified.
The basis for the strategic transformation of the industry has been formed.

Practical testing on the example of a metallurgical enterprise demonstrated the model's ability to reduce equipment down-
time to 8.2%, the defect rate to 3.6%, and carbon emissions intensity to 190 kg CO,/t, simultaneously increasing labor
productivity. This allows enterprises to move from reactive crisis management to strategic planning focused on long-term
viability and socio-economic responsibility.

Prospects for further research include scaling the proposed SDAC model to enterprises in other sectors of the economy
and integrating it into the system of methods for assessing nonlinear extreme events (black swan events). It is advisable
to develop methods for dynamic entropy analysis, which will increase the adaptability of industrial systems to global
macroeconomic shocks.
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IBaHoBa M., Kayt O., BuiHesceka M., boviveHko M., Manix 0., [y6evi fO.

IHCTPYMEHTU CMAPTAHANI3Y NIATPUMKMU YMNPABJIIHCbKUX PILWWEHDb ¥ LAPUHI
YNPABJTIHHA BUPOBHNYNMU CUCTEMAMU NIANPUEMCTBA B KOHTEKCTI CTAJIOIO
PO3BUTKY

Y cTaTTi 06r'pyHTOBAHO 3POCTaHHSA 3HAYYLLOCTi PO3YMHOI aHaNiTMKMN SIK TEXHIYHOrO iHCTPYMeHTa M (hyHAAMEHTaNIbHOro
iHTeNneKTyanbHOro akTMBY, WO 3abe3neyye CTanunii PO3BUTOK, CTIMKICTb | KOHKYPEHTOCMPOMOXHICTb MiANPUEMCTB B YMOBaX
uncdpoBoi TpaHcdhopMallii. Po3rnsHyTo Mogens Smart Data Adaptive Cycle (SDAC), sika NponoHye 6e3nepepBHUin 3aMKHe-
HWIA NPOLIEC YXBaNIEHHSI YNPaBAIHCbKUX PillieHb Y UMdPOBOMY BUPOBHUYOMY cepenoBuLli. Moaesnb iHTerpye iHchopMaLlinHi,
¢hiHAHCOBI Ta KOrHITUBHI KOMMOHEHTM, BUKOPUCTOBYIOUM CaMOHaBYasIbHi MEXaHI3MM Ta MPUHLMN «JIIOANHA B UMKNI». MeTa
poboTH nonsirae B AOCAiAXEHHI 0COBNMBOCTEN 3abe3neyeHHs CTanoro po3BuUTKY NiANPUEMCTBA Yepes yrpaB/liHCbKe yXBa-
JIEHHS PilLEHb i3 BUKOPUCTAHHSIM iHCTPYMEHTIB pO3YMHOI aHaNiTUKK B ynpaBiHHi BUPOOHUYMMUK cucTeMaMu. Y AOCTiAXKEHHI
3aCTOCOBAHO 3arasibHi Ta cnewjianizoBaHi METO/IM, 30KPEMA CLEHAPHUIA NiaXia Ans BU3HAYEHHS B3aEMO3B'A3KY MiX iHGop-
MaLiiHOK eHTPOMI€0 Ta EKOHOMIYHOK AoaaHow BapTicTio (EVA), kelc-cTagi ans emnipuyHoi Banigauii Mogeni SDAC Ha
MeTanypritHoMy MiANpPUEMCTBI, METOAN ANCKOHTYBAHHS ANSi OLIHKM €KOHOMIYHOI AOLITbHOCTI, @ TAKOX CUCTEMHMIA Miaxia
[0 NobyaoBM KOHLENTYanbHOI MoZeni. MpoBeaeHO MOPIBHSAMBbHUIA CLEHAPHUIA aHani3 MoAenen ex-post, 4acTkoBoro Ta
noeHoro SDAC. OCHOBHI pe3ynbTaTi nokasytoTb, Wwo Moaens SDAC iHTerpye npvHumnu Teopii iHdopMauii Ta ynpasniHHs
Ha OCHOBI UiHHOCTel (VBM) y €aMHUiA aganTuBHUI UMK, OTPUMaHi pe3ynbTaTy CBifYaTh, WO EHTPONIMHMIA aHani3 f03B0-
nse dopmanizyBatv HeBU3HaYeHICTb Y BUpOBHNUYoMy cepeposmLli (BANI-KOHTeKCT), 3a6e3neyyroyumn KinbKiCHy OUiHKY pu-
3WKIB Ha eTani yxBaseHHs pileHb (ex-ante), Wo € edbeKTUBHIWIMM 3a TpaauuilHi peTpocnekTUBHI nigxoan. EmnipuyHe
MOZAENOBAHHS NIATBEPAKYE, WO iHTerpauis po3yMHOI aHaniTMKK B yNpaeiHHSA BUPO6HMUTBOM 3abe3nevye MakcuMmisadito
EVA. MpakTnuHe BUNpobyBaHHS Ha METaNypritHOMy NiANPUEMCTBI NMPOAEMOHCTPYBAO 34aTHICTb MOAENi 3HWXKYBATH MNpo-
cToi 0bnagHaHHsa Ao 8,2%, piseHb aedekTie A0 3,6% i Buknam CO2 o 190 kr/T npy 0gHOYACHOMY NiABULLEHHI NPOAYK-
TMBHOCTI Npaui. BUCHOBKM niaTBEpaXYOTh edekTmBHICTb Moaeni SDAC sk iHCTpyMeHTa NiABULLEHHS SSIKOCTi YpaBiHCbKMX
piweHb i 3abe3neyeHHs CTanoro po3BuUTKY NiANPUEMCTB. lNepcnekTvBM Nodanblunx AOCiAXeHb nepeabayaloTb MacliTa-
6yBaHHsi MoAeNi Ha iHLWI CeKTopM Ta iHTerpadito il B niagxoam A0 OUiHIOBAHHS HEMiHIMHMX eKCTpeManbHUX nogin (noain Tuny
«4OpHUIA Nebigb»).

KnrouoBi cnoBa: cTpaTeriuHuii MeHedkMeHT, umdpoBa TpaHcdopMalisi, 6isHec-aHaniTuka, Industry 4.0, edekTUBHICTb
LinbHOCTI, [HHOBAUjMHI  TexHosnorii, CMapTEKOHOMiKa, YNpaBiHHA BUPOBHUUMMM cucTeMamu, ESG-nokasHWKM,

KOHKYPEHTOCMPOMOXHICTb
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