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Abstract

The conceptual foundation of this research is the idea of convergence between such devel-
opment directions of modern production systems as digital design tools and sustainable
development. The problem lies in searching for the most effective tools, sources of knowl-
edge, and solutions that contribute to improving ecological well-being, including through
the adoption of nature-like technologies. The research aim is to substantiate the role
of digital engineering in ensuring sustainable development and to identify priority di-
rections for the development of production systems in the context of Russian realities.
Research methods: systems analysis, formalization, comparison, statistical analysis, math-
ematical modeling were employed. Results: the influence of digital engineering on the
sustainable development of production systems and the role of nature-like technologies
are substantiated; the convergence of digitalization processes and the concept of sustain-
able development in the form of the «digital engineering—nature-like technologies» dyad
is revealed; patterns of development of Russian production systems in the «design and
engineering—environmental aspects of sustainable development» plane are identified; and
alternative models for managing the technological development of production systems with
a focus on ecological well-being are developed. Scientific novelty of the research: based on
multidimensional nonlinear analysis, the importance of the convergence of digital engi-
neering and nature-like technologies is proven, and priority directions for the development
of production systems that contribute to achieving sustainable development goals under
the policy of import substitution and technological leadership implemented in Russia are
identified. The formulated theoretical and methodological provisions advance the field of
knowledge in industrial economics and sustainable development and are applicable within
the planning and programming of activities for production systems at various levels.

Keywords: sustainable development; ecological well-being; production systems; digital
engineering; Russian economy; regression analysis; automated neural networks

1. Introduction

The evolution of modern production systems is driven by the demands of high-tech
markets and environmental safety requirements, influenced by shifting customer prefer-
ences, intense domestic and global competition, and economic efficiency considerations.
Addressing the challenge of enhancing enterprise flexibility and adaptability requires iden-
tifying effective tools for optimizing both production and business processes. As a rule,
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innovation-driven organizations demonstrate greater competitiveness through continuous
improvement of their systems. In the context of Industry 4.0 and Industry 5.0, priorities are
focused on digitalization and robotization of technical systems. The relevant tools enable
significant optimization of high-tech manufacturing by enhancing product design quality
and testing procedures. A notable outcome is the improvement in resource efficiency,
environmental sustainability, and system productivity.

Contemporary research on sustainable development places significant emphasis on
digital transformation and innovation. However, despite the extensive literature, a notable
research gap persists. Empirical analysis at a systems level, investigating the direct impact
of enterprises’ technological activity in digital design and engineering on macroeconomic
indicators of environmental efficiency, remains insufficiently developed. This study aims to
address this gap. Its objective is to examine the relationship between the development and
use of advanced production technologies in design and key parameters of environmental
sustainability within the context of the Russian economy.

The main goal of this work is to model and quantitatively assess the influence of digital
engineering tools on the sustainable development of production systems. To achieve this,
the study addresses three key tasks: analyzing the impact of digital engineering and nature-
inspired technologies on the sustainability of production systems, identifying patterns in the
development of Russian production systems along the “design/engineering—environmental
sustainability” dimension, and developing predictive models for managing the technological
advancement of production networks with a focus on environmental outcomes.

The scientific contribution of the research lies in conducting a systems analysis that
quantitatively evaluates the differential impact of in-house technology development com-
pared to its implementation on various environmental indicators, such as resource efficiency
and pollution levels. The findings form an evidence base for industrial enterprises and
government bodies, enabling more informed prioritization of technological investments to
achieve sustainable development goals.

A systematic approach to digital transformation of processes, aligned with techno-
logical leadership objectives, enables effective implementation of digital engineering. In a
narrow sense, it constitutes a comprehensive suite of services aimed at enhancing efficiency
across the entire product lifecycle—from design and simulation to testing, manufacturing,
operation, and disposal—all leveraging modern information technologies. In the broad
sense, digital engineering is a multidisciplinary, knowledge-intensive approach to produc-
tion organization, fundamentally grounded in integrated digital support throughout the
lifecycle of high-tech products [1]. Digital engineering is fundamentally based on computer
modeling. Consequently, digital engineering encompasses the entire production system of
an enterprise—all organizational units interconnected through the product lifecycle.

Within the framework of sustainable development and technology economics, the suite
of digital transformation initiatives for production system delivers the following effects:

e  economic—labor productivity growth, enhanced product/service quality, improved
resource efficiency, reduced resource/energy waste, cost optimization;

e  social—safer working conditions through automation of high-risk operations, work-
force upskilling via adoption of new IT systems;

e environmental—lower carbon footprint, reduced waste generation, decreased
wastewater discharge.

From a practical standpoint, the most challenging research domain concerns pro-
duction environmental metrics. This has necessitated a comprehensive literature re-
view encompassing environmental preservation theory and methodology amid intensive
anthropogenic pressures.
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This study primarily focuses on addressing resource and energy efficiency challenges
through the implementation of Best Available Techniques (BAT). Their implementation in
industry necessitates developing modernization infrastructure for Russian manufacturing
facilities and continuously improving the regulatory framework [2,3].

Substantial knowledge potential has accumulated around the interrelated themes of
innovation and sustainable development. Achieving energy and resource conservation
demands technological breakthroughs through open innovation [4,5]. The sustainable
development agenda prioritizes environmental and “green” innovations that enhance envi-
ronmental quality, product standards, and production technologies. Mega- and macroeco-
nomic systems exhibit distinct evolutionary patterns. While ecological innovations facilitate
transition to low-carbon economies, globalization conversely exacerbates environmental
degradation and stimulates pollutant emissions [6,7]. Beyond technological factors, CO,
emission levels correlate with governance efficiency [8,9]. At mesoeconomic levels, high-
tech industries gain greatest advantages and measurable environmental benefits through
participation in innovation networks [10]. Pilot green innovation implementations cat-
alyze spatial development, triggering eco-modernization in adjacent cities and regions [11].
Microeconomic analysis reveals technological innovations outperform environmental regu-
lations in delivering tangible sustainability impacts [12]. The recommended framework for
building resilient business innovation ecosystems combines triple helix models and digital
technology integration [13].

A distinct branch of research comprises studies dedicated to innovations based on
artificial intelligence (AI) and digital technologies, aimed at achieving sustainable develop-
ment goals. On one hand, the symbiosis of digital and “green” technologies determines the
effectiveness of investments in sustainable development [14]. On the other hand, scholars
debate the impact of digital technologies on environmental performance. Most researchers
argue that the intensification of digital technology innovations contributes to reduced
environmental pollution [15-17], while others conclude that the breadth and depth of
digital transformation significantly increase corporate carbon intensity [18,19]. This may be
attributed to rising electricity consumption by data centers.

Nevertheless, the digitalization and cognitive automation of production deliver a
positive environmental effect. This outcome is based on the analysis of big data from
product life cycles, streamed in real time from smart devices embedded in production
equipment [20]. Al-driven production monitoring systems enable timely detection of devi-
ations in environmental parameters from permissible levels [21]. The use of Al promotes
balanced improvement in both ecological conditions and economic growth [22]. However,
amid extensive evidence supporting the positive role of innovations and Al in sustainable
development, arguments exist regarding a paradoxical contradiction between their ben-
efits and drawbacks. This contradiction lies in the simultaneous creation and erosion of
sustainable value, as well as the differing objectives of stakeholders [23].

At the same time, a serious problem is the dehumanization of industry in the context
of building intelligent production systems and «smart» factories [24]. The response to
this challenge has been the concept of Industry 5.0, which places human-centricity at the
forefront and is aimed at ensuring sustainable development [25-27]. Consequently, the
toolkit of the Fourth Industrial Revolution must be complemented by the principles of
Industry 5.0 to achieve genuinely sustainable development of production systems.

Digital engineering as a modern product design and optimization tool remains under-
studied. However, the role of digital twins in digital engineering has been evaluated: they
enable optimization of high-tech product designs, reduction in design and manufacturing
errors, and improvement of production flexibility and fault tolerance [28,29]. Digital twins
help bridge the gap between product design and manufacturing [30] and facilitate a sys-
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temic approach to product design and operation at early design stages [31]. Accordingly,
systemic design implies an iterative cycle combining design, simulation, performance
evaluation, and redesign stages, resulting in a digital model [32]. Design variability is
achieved through generative design—a method employing artificial intelligence to generate
multiple alternative models considering specified resource constraints [33,34]. The objects
of digital design can include both products [35,36], and production lines [37]. However,
digital engineering as a knowledge-intensive production organization approach requires
creating a digital platform for process and risk management [38].

Less studied are aspects of product design (including digital design) under tightening
environmental regulations and quality requirements. Intelligent data analysis enables the
use of digital twins to enhance product sustainability transparency and environmental
preservation through early risk identification [39,40]. Digital design reduces time-to-market,
optimizes energy consumption, and promotes eco-friendly technologies [41,42]. Integrated
design approaches (Lean design, Eco-design, and Industry 4.0 principles) can improve
environmental metrics across the product lifecycle [43]. Systems combining design think-
ing with quality lifecycle assessment models facilitate customer-centric development of
sustainable products through iterative design [44], resulting in environmentally conscious
sustainable design [45].

Decision-making processes in design, digital transformation, and sustainable devel-
opment increasingly utilize high-fidelity predictive models. The proliferation of big data
has driven widespread adoption of machine learning techniques, including artificial neural
networks, with demonstrated applications in: Predictive modeling of fuel efficiency and
CO;, emissions in hybrid electric vehicle operations [46], Performance optimization of
adsorption desalination systems [47], Air quality monitoring and forecasting [48], Short-
term (hourly) electric load forecasting for sustainable energy grid management [49], Waste
generation prediction and management [50] and others.

Despite the extensive literature on the subject, a gap in research is evident concerning
the relationship between enterprises’ technological activity in the field of design and engi-
neering and the environmental indicators of sustainable development. However, within
the context of pursuing technological leadership, the focus shifts from individual enter-
prise development and their innovative activities to their cooperation. This cooperation
ultimately manifests as a synergistic effect at the macro-management level. In this process,
the contribution of enterprises can be considered system-forming. Consequently, it is
considered appropriate to investigate the connections between technological efforts and
results using the example of the Russian economy:.

This study is a continuation of the authors’” ongoing research into evaluating the
influence of digital transformation and organizational innovation on societal economic and
environmental dimensions. The preceding research phase concentrated on mesoeconomic
systems [51].

Considering the above, the research objective is defined as studying the influence
of digital engineering tools on the sustainable development of production systems and
identifying priority areas for development relevant to the Russian context.

Research objectives:

e analyze digital engineering’s impact on sustainable production systems and nature-
inspired technologies;

e identify development patterns of Russian production systems in the «design/
engineering—environmental aspects of sustainable development» dimension;

e develop models for managing the technological advancement of production networks
with a focus on environmental sustainability, suitable for forecasting and planning
economic activities.
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2. Materials and Methods

The study focuses on the development of production systems in the Russian context,
considering the requirements of sustainable development, intensive digital transformation
of the economy, and the pursuit of technological sovereignty. The theoretical framework is
based on materials related to sustainable development, digitalization, production design,
forecasting of sustainability indicators, and other topics published in international journals.

To identify development patterns, empirical analysis incorporates environmental and
technological indicators. Data were sourced from the official websites of the Federal State
Statistics Service (Rosstat) [52] and the World Bank [53], covering the observation period
from 2005 to 2022 (the starting point is determined by the stabilization of the macroeconomic
environment in Russia). The set of indicators is classified into two blocks: dependent (Y;)
and independent (X}) variables:

X1—digital activity in the development of advanced production technologies for
design and engineering (number of technologies);

Xp—digital activity in the application of advanced production technologies for design
and engineering (number of technologies);

X3—digital activity in the use of specialized software for design (% of organizations);

Xy—digital activity in the use of specialized software for automated production
management (% of organizations);

Y1—total electricity consumption (million kWh);

Y,—freshwater usage (billion m?);

Y3—discharge of polluted wastewater (billion m?);

Y,—emissions of air pollutants from stationary and mobile sources (thousand tons);

Ys—generation of hazardous production and consumption waste (Classes I-1V,
million tons);

Y¢—electricity loss rate (%).

The table with the source data is provided in Appendix A.

When conducting the analysis, it is crucial to note a key limitation of the variables
used (X7 and Xp). The Rosstat data captures the actual number of types of advanced
production technologies related to design and engineering at enterprises, categorized by
their development (X1) and use (X;). However, these quantitative indicators do not reflect:

the quality and technical level of each individual technology;

the scale (depth) of implementation (e.g., whether the technology is used on a single
experimental bench or covers core production);

the actual degree of integration and the ultimate impact on the productivity, cost, or
environmental performance of specific enterprises.

Thus, variables X; and X, serve in our study as aggregated proxy indicators of the level
of digitalization and technological activity in the industrial sector at the macro level. They
allow for identifying statistical relationships and trends, but their interpretation requires
caution. The identified dependencies should be considered as significant associations and
correlations underlying hypothetical cause-and-effect mechanisms. Direct testing of these
mechanisms requires further research at the enterprise level with more granular data.

All listed indicators represent aggregate values for Russia as a whole.

Data processing and analysis were implemented using correlation analysis, regression
analysis, and the construction of automated neural networks.

The regression analysis (performed in the Statistica software, version—STATISTICA
10) involved the search for predictive models with high forecasting power. A differentiated
approach was employed, utilizing both stepwise inclusion and stepwise exclusion of predic-
tors based on their impact on the dependent variable and the coefficient of determination
R?, which indicates the proportion of variance in Y explained by the model.
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The modeling approach employs fully connected neural networks (all neurons in one
layer are connected to neurons in adjacent layers); single-layer and multi-layer architectures;
supervised learning (with known input-output pairs based on statistical indicators) for
regression analysis.

Neural network modeling was conducted in Statistica and Deductor Studio software
(version—Deductor Academic 5.3). The use of alternative modeling environments allows
for selecting the best tool through comparative error analysis. A key advantage of Deductor
Studio is its capability to construct deep neural networks with multiple hidden layers.
Overall, this toolkit facilitates the discovery of new knowledge and patterns consistent
with the theoretical framework of this study.

Neural network quality was assessed using the mean absolute percentage error
(MAPE) metric (Equation (1)):

G-

1 n
APE=-Y|—2 | x1 1
M n}; 7 x 100, (1)

where Y]-—actual value; Yj*—predicted value; n—number of observation periods (n = 18);
j—time period index.

MAPE is calculated for each dependent variable Yj;. The mean MAPE across all
outputs is computed for each neural network model.

For interpreting MAPE (Mean Absolute Percentage Error) values, the authors refer
to Lewis’s scale [54], which classifies model accuracy as follows: high accuracy for MAPE
below 10%; good forecast for MAPE within 11-20%; acceptable forecast for MAPE within
21-50%.

When modeling the impact of technologies on production performance, a time lag is
likely to exist between technology implementation and the emergence of expected nonlinear
effects. Therefore, it appears methodologically sound to develop both lag-free and time-
lagged models. Accordingly, the time series data will be adjusted using the following
relationship (Equation (2)):

Yii=f Xi -n) )

where Yj;—the actual value of the i-th indicator in the j-th period; A—the time lag (measured
in years).

The study examines alternative models incorporating 1-year, 2-year, and 3-year lag
periods. Model variations will be compared using two key metrics: variable sensitivity
(importance) measures; MAPE.

In summary, the research methodology integrates: systems analysis, formalization
techniques, comparative assessment, statistical analysis (time-series examination) and
Mathematical modeling (including: correlation diagnostics, neural network modeling,
model error evaluation).

This study focuses on the Russian economy as a representative and informative case for
examining the relationship between technological activity and environmental sustainability
at the macro level. This choice is driven by several interrelated factors that make the
Russian experience a valuable “laboratory” for analyzing more general patterns.

First, contemporary Russian industry is undergoing a “triple transition”: simultane-
ously addressing the tasks of import substitution and technological sovereignty, digital
transformation within the framework of national projects, and integrating the principles of
a “green” economy. This concentrated agenda creates a unique environment in which differ-
ent types of technological activity not only coexist but are in explicit competitive dynamics
for resources and political support. Such a context allows for the clear identification and
quantitative assessment of the comparative effectiveness of these two strategic pathways
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for achieving sustainable development goals. Second, the specificity of Russian industry,
characterized by a significant share of basic sectors with a high degree of wear and tear on
fixed assets, provides analytical clarity. It allows for the isolation and demonstration of a
key hypothesis of our study: the impact of digitalization on pollution indicators is largely
mediated and constrained by structural factors (the physical condition of equipment, the
capacity of treatment infrastructure), while its effect on resource efficiency is more direct
and stronger. Thus, the Russian case serves as a vivid example relevant to many economies
with outdated production infrastructure. The study of Russia’s trajectory under the pres-
sure of sanctions and an explicit political focus on developing domestic technologies makes
an important contribution to the global discourse on the effectiveness of industrial policy.
The obtained empirical data allows for an assessment of the effectiveness of measures
aimed at stimulating precisely internal R&D and engineering.

Consequently, the analysis of the Russian context extends beyond a specific national
case. It provides an analytical framework and empirical evidence valuable for understand-
ing a more universal problem: how to reconcile the goals of technological development,
economic sovereignty, and environmental sustainability in the face of structural constraints
and global turbulence.

3. Results

The proposed results structure represents a sequential research chain from theoretical
justification to practical modeling and validation. Section 3.1. Impact of Digital Engineering
on Sustainable Development serves as the theoretical and conceptual foundation. The ob-
jective of this subsection is to synthesize existing knowledge and theoretically substantiate
the potential cause-and-effect relationships between digital engineering and environmental
indicators. Section 3.2. Assessing the Interconnections Between Technological and Sus-
tainable Development in Russia marks the transition to empirical analysis and context
specification. Its goal is to move from general theories to the analysis of actual observed
relationships based on Russian data. Section 3.3. Modeling the Impact of Technological So-
lutions on Sustainable Production Development is the core of research, where quantitative
tools are applied. The objective is to transform the interconnections identified in Section 3.2
into formal, mathematically verifiable models (regression, neural networks). Section 3.4.
Validation of Models for the Dependence of Sustainable Development on the Technological
Activity of Russian Organizations involves assessing the practical value and reliability of
the results obtained in Section 3.3. The aim is to test the constructed models on new data or
using alternative methods to verify their adequacy, accuracy, and suitability for forecasting.

3.1. Impact of Digital Engineering on Sustainable Development

The application of digital engineering technologies has multifaceted implications, as
evidenced by the following key aspects:

e Research and Innovation Activity. The adoption of digital innovations enhances orga-
nizational innovation capacity and corporate reputation while increasing production
investment attractiveness. This creates opportunities for financing environmental
initiatives and implementing nature-inspired technologies.

e  Process Optimization. Detailed product design minimizes risks of bottlenecks, waste
generation, and overproduction. It enables precise resource planning and environmen-
tal performance forecasting through predictive analytics technologies.

e Big Data Management. Digital platforms facilitate comprehensive data collection,
processing, and analysis, supporting the development of high-precision models (dig-
ital twins). Data sources include CAx systems (CAD, CAE, CAM), computer-aided
operations (CAO), and related technologies.
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e  Modeling and Scenario Forecasting. Mathematical and computational models gen-
erate new insights about high-tech products under development, informing optimal
decisions across design, production, operation, and disposal phases. This includes
forecasting probabilities and quantities of pollutant emissions, wastewater discharge,
waste generation, noise pollution, and other environmental impacts.

e  Automation. Replacing manual labor with mechanized processes reduces human error
risks, improves workplace safety, and enhances testing accuracy.

e Industry 5.0 Transition. Digital engineering facilitates the shift toward Industry 5.0 by
creating collaborative environments for human-machine interaction.

e  Cross-Disciplinary Collaboration. Specialists from diverse fields cooperate to achieve
a common objective: developing advanced eco-friendly products that outperform
foreign counterparts in technical characteristics.

o  Personnel development. The adoption of new design methodologies necessitates
continuous upskilling, which enhances employees’ professional competencies, boosts
their efficiency and motivation, improves adaptability and competitiveness, and fosters
creative potential.

The study particularly focuses on the convergence between digital engineering and
nature-inspired technologies. Within the framework of this systems analysis, nature-
inspired technologies are understood as digital engineering solutions and systems whose
operational principles are borrowed from natural ecosystems to achieve circularity, adapt-
ability, and resource efficiency in economic processes. In the context of the sustainable
development of the Russian economy, these include: digital twins of industrial clusters,
which model material and energy flows analogously to biogeochemical cycles; bio-inspired
optimization algorithms (genetic algorithms, neural networks) applied to reduce the re-
source intensity of logistics and production chains; and industrial symbiosis platforms
and smart energy management systems, which facilitate cooperation between enterprises
following the model of symbiotic relationships in nature.

The practical implementation of such technologies is assessed through a set of key
environmental indicators, including:

e reduction in the specific resource intensity (of water, energy, materials) per unit of
gross output;

e the dynamics of generation, utilization, and recycling rates of industrial waste;

e theintensity of greenhouse gas emissions (in CO; equivalent) per unit of industrial
production et al.

The priority development areas for modern Russian enterprises—including digital
transformation, import substitution, science and innovation, sustainable development,
low-carbon economy, diversification, and engineering—necessitate technological solutions
capable of integrating these multidimensional aspects. A systems approach to address-
ing environmental, economic, social, and technological challenges can generate synergis-
tic effects while reducing entropy in production networks. Consequently, the «digital
engineering—nature-inspired technologies» dyad exemplifies complementary development
tools that yield fundamentally innovative solutions across industrial sectors. In practical
terms, applying digital engineering in alignment with nature-inspired principles enables
the creation of globally competitive production systems capable of surpassing international
benchmarks (Figure 1). This means that the presented symbiosis of natural principles and
digital engineering tools forms a new ontology of industrial systems. Furthermore, in
the context of achieving technological leadership, the source of these tools must be the
country’s scientific research and innovation potential.
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Figure 1. The Synergistic Effect of the «Digital Engineering-Nature-Inspired Technologies» dyad.

1.  Knowledge-intensive production is characterized by intensive R&D activities focused
on developing economically viable domestic technological solutions. These solutions
integrate principles of sustainable development, lean manufacturing, quality man-
agement, and digitalization while surpassing foreign counterparts in functionality,
technical parameters, and cost-efficiency.

2. Resource-efficient production represents a core objective of modern production net-
works, aiming to reduce specific consumption of energy, water, and natural re-
sources per unit of output. This includes comprehensive monitoring throughout the
product lifecycle.

3. Eco-friendly production requires adherence to circular economy principles, green
economy practices, responsible production/consumption patterns, and establishing
sustainable (responsible) supply chains to minimize environmental risks.

4. Human-centric approach—the synergistic combination of human and machine capa-
bilities delivers greater value than full automation alone.

5. Data-driven production—leveraging data analytics across all product lifecycle stages
and management levels.

6.  Smart manufacturing—integrated production networks enabling rapid response to:
supply chain fluctuations, evolving customer preferences, quality management system
requirements, environmental management standards, occupational safety regulations.

Furthermore, by enhancing the production network’s adaptability to destabilizing
factors—whether external (geoeconomic conditions, supply chain transformations) or
internal (equipment depreciation, workforce turnover)—this combined approach can sig-
nificantly strengthen the network’s resilience. It provides the system with shock-absorption
capacity while maintaining structural stability of the production network.

3.2. Assessing the Interconnections Between Technological and Sustainable Development in Russia

The impact of technological modernization is not always transparent—especially at
the macroeconomic level—due to the complexity of technical systems. Hidden patterns and
relationships can be uncovered through data analysis techniques. Of particular scientific
and practical interest is the effect of technology adoption on environmental performance
indicators. On one hand, this relationship should be evident, given investments in low-
carbon, circular, energy- and resource-efficient solutions. On the other hand, the correlation
heatmap (Table 1) reveals the following characteristics of Russian industrial development:
e the development and implementation of production technologies for design and

engineering provides a positive effect in terms of reducing environmental pollution

and electricity losses (correlation of X; with resulting indicators Y; is predominantly
negative and strong);
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e the use of ready-made solutions for design and engineering does not contribute to
improving the environmental situation (correlation of X, with resulting indicators Y;
is predominantly positive and noticeable, i.e., demonstrates a direct relationship);

e  digitalization of design processes, including the implementation of digital engineering,
delivers the expected environmental effect (correlation of X3 with resulting indicators
Y; is negative and moderate);

e  digitalization of automated production management processes does not yield a definitive
response in terms of improving sustainable development indicators (correlation of X4
with resulting indicators Y; shows both positive and negative moderate relationships);

e  electricity consumption strongly correlates with the development of production tech-
nologies (direct relationship between Y; and X;) and digitalization of design (direct
relationship between Y7 and X3);

e water usage decreases with active development of production technologies in de-
sign (inverse relationship between Y, and Xj), but is directly proportional to their
application (direct relationship between Y, and Xj);

e environmental pollution decreases with active technological development and digital-
ization in design (inverse relationships between Y3-Y5 and Xj, X3);

e energy losses reduce with increased intensity of production technological moderniza-
tion (inverse relationships between Y¢ and Xj, X3).

Table 1. Correlation color map.

Y1 Y, Y3 Yy Ys Ys X1 X X3 X4

Y1 1 —0.8510 —0.9119 —0.7818 —0.4491 —0.9467 09082 —0.6653 0.5904 —0.1419
Y, —0.8510 1 0.9711 0.8782 0.5165 08616 —0.8323 0.6890 —0.4197 0.3841
Y3 —-09119 09711 1 0.8989 0.4727 09260 —0.8503 0.6490 —0.4825 0.3540
Y, —0.7818  0.8782 0.8989 1 0.4448 08754 —0.6517 0.5154 —0.4165 0.4395
Ys —0.4491 0.5165 0.4727 0.4448 1 0.3582 = —0.4890 0.5457 —0.3160 —0.0532
Ye —0.9467 0.8616 0.9260 0.8754 0.3582 1 —0.7974 05290 04854 0.2910
X1 09082 —0.8323 —0.8503 —0.6517 —0.4890 —0.7974 1 —0.7519  0.5823 0.0175
X> —0.6653  0.6890 0.6490 0.5154 0.5457 0.5290 = —0.7519 1 —0.2289  0.2401
X3 05904 04197 —-04825 04165 —0.3160 —0.4854 0.5823 —0.2289 1 0.4997
Xa —0.1419 0.3841 0.3540 04395 —0.0532 0.2910 0.0175 0.2401 0.4997 1

The colors identify the type and strength of the correlation: red indicates a strong negative correlation, orange
indicates a weak negative correlation, yellow indicates a weak positive correlation, and green indicates a strong
positive correlation.

Thus, during the study period, a weak correlation was generally observed between
design technologies and nature-inspired technologies. This finding highlights the “digital
engineering—nature-inspired technologies” dyad as a promising tool. Against the backdrop
of import substitution policies, in-house technological developments (X;) demonstrate
superiority over passive use of ready-made technological solutions (X3) in building sus-
tainable production systems.

Simulation results reveal a substantial difference in the strength of digitalization’s
influence across different groups of environmental indicators. The most significant and
statistically robust effect is observed concerning the reduction in specific electricity and
water consumption. This can be explained by the fact that these parameters are the
most directly amenable to optimization through real-time process control digital tools
(e.g., digital twins, predictive analytics systems, and intelligent dispatching). Digital
engineering enables fine-tuning of loads, equipment operating modes, and heat balances,
which directly reduces energy and water consumption per unit of output.
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At the same time, the influence on indicators of pollutant emissions, wastewater
discharge, and waste generation proved to be less pronounced and statistically weaker. This
observation is fully consistent with theoretical premises. These parameters are determined
to a much greater extent not only by the level of management digitalization but also by
several fundamental production-technological and infrastructural factors, on which digital
transformation has only an indirect and long-term impact:

e the qualitative and quantitative composition of the raw materials used, which is often
determined by external supplies and cannot be quickly changed;

e the physical wear, baseline efficiency, and environmental performance of the core
technological equipment making up the production fleet—digitalization can optimize
the operation of existing equipment but cannot always radically reduce its “inherent”
emissions without physical replacement;

e the availability, technical level, and capacity of end-of-pipe treatment systems
(gas cleaning, water treatment)—implementing digital monitoring and control sys-
tems for these complexes (which is partly reflected in the variables of our study)
can improve their efficiency but cannot compensate for their complete absence or
fundamental inadequacy.

Thus, the obtained results confirm the hypothesis that the effect of digital engineer-
ing manifests most quickly and directly in resource efficiency (reducing the “input”). In
contrast, the influence on emission and waste indicators (the system’s “output”) is more
complex, requires comprehensive production modernization, and depends on numer-
ous additional structural and infrastructural conditions. This underscores the necessity
for an integrated approach to greening, where digital transformation serves as a power-
ful tool but does not replace investments in renovating fixed assets and environmental
protection infrastructure.

3.3. Modeling the Impact of Technological Solutions on Sustainable Production Development
3.3.1. Stepwise Regression

A set of models for the dependence of Yi on a set of predictors has been constructed
(Table 2). The following parameters were applied to assess the quality of the equations:

e adjusted R-squared—the R-squared value adjusted for the number of independent
variables (provides a more accurate estimate compared to R-squared);

e  p-value—the probability of rejecting the hypothesis about the dependence of predictors
and the response;

e  Durbin-Watson d—a criterion for testing the autocorrelation of residuals.

Table 2. Regression equations.

Regression Quality Metrics

No. Regression Adjusted R-Squared p <0.05 Durbin-Watson d MAFE, %
1) Y1 =0.912 +0.0003X; — 0.0062X4 +0.0108X3 0.87324 0.000000404 1.994 143
(2) Y> =61.08 — 0.0274X; +0.94X4 — 0.898X3 0.86878 0.000000514 2.066 243
3) Y3 =17.93 — 0.0107X; +0.399X, — 0.48X3 0.91028 0.000000037 1.286 3.29
4) Y4 =36.671 —2.312X3 + 1.392X, 0.69669 0.000050867 1.458 6.26
(5) Y5 =—35.44+3.737X, 0.25394 0.019143585 2.176 14.68
6) Y6 =11.72 — 0.00565X; 0.61305 0.000073974 0.742 417

The Durbin-Watson d statistic takes values within the range of 0 to 4. Values close to
2 indicate the absence of autocorrelation; values less than 2 indicate positive autocorrelation
of residuals; values greater than 2 indicate negative autocorrelation.
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Based on the values of adjusted R-squared and p-value, the majority of all predictor-
response combinations are characterized by good predictive capability, with the exception
of dependency (5). Evaluating the Durbin—Watson d statistic and the magnitude of the
MAPE, it can be stated that dependencies (1) and (2) possess the highest accuracy. In other
words, digital engineering implemented domestically in Russia provides a pronounced
effect in terms of electricity and water resource consumption. This is explained by the fact
that resource consumption (Y1, Y») is continuously monitored and is a primary object of
management, conservation, and automation. Emissions, wastewater discharge, and waste
generation (Y3, Y4, Y5, Yy) are nonlinear consequences, dependent not only on technology
but also on the quality and composition of raw materials and the performance of treatment
systems. The latter depend primarily on capital investment.

The dependencies can be interpreted as follows:

e (1) Design and engineering processes (X1, X3) are energy-intensive, while automa-
tion processes (X4) are energy-saving. Collectively, these processes determine the
magnitude of electricity consumption.

e (2) Digital engineering (X1, X3) determines the rational use of water through measure-
ment accuracy and flow optimization, as well as design objectives that preclude losses.
Production automation (X4) contributes to increased productivity and production
scale, which may be accompanied by an increase in water consumption.

Such models allow for the construction of alternative development scenarios (pes-
simistic, optimistic, baseline) and can serve to alert regulatory authorities of potential
deterioration in environmental indicators against the backdrop of the overall moderniza-
tion of production systems.

The deterministic nature of regression models enables the determination of a specific
value of an environmental parameter upon a change in the level of digital activity.

3.3.2. Automated Neural Network with a Single Hidden Layer

The second set of models was constructed using the Statistica software. The analysis
included all dependent (Y;) and independent (Xj) variables. Based on the observation
scope, the following parameters were configured:

e task type: regression;

e the sample size demonstrating optimal performance was distributed as follows:
training—60%, test—20%, validation—20%;

subsampling method: random subsamples;

neural network type: Multilayer Perceptron (MLP);

number of hidden neurons: 3 to 10;

activation functions: identity, logistic, hyperbolic tangent (tanh), exponential.

The modeling process retained five neural networks demonstrating high performance
across all three sample subsets (training, test, and validation sets) (Table 3). Guided by the
principle of selecting the highest training set performance (both across networks and sample
subsets), the authors ultimately selected Network No. 5—MLP 4-7-6—which demonstrated
the lowest training error. The hidden layer contained 7 neurons. Analysis of weight
coefficients revealed stronger connections originating from the input layer, specifically
(X7 — hidden neuron 5; X4 — hidden neuron 6).
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Table 3. Preserved neural networks demonstrating high model quality.

Sampling Performance Activation Functions

No. Neural Network Name . .
Training Test Validation Hidden Layer Neurons = Output Neurons
1 MLP 4-3-6 0.926485 0.933181 0.936052 hyperbolic tan logistic
2 MLP 4-6-6 0.847084 0.954564 0.915862 identity identity
3 MLP 4-3-6 0.936035 0.943016 0.926855 hyperbolic tan exponential
4 MLP 4-3-6 0.924523 0.933121 0.942305 hyperbolic tan exponential
5 MLP 4-7-6 0.948792 0.920762 0.933224 hyperbolic tan identity

The sensitivity analysis highlights the predominant importance of parameter
X1 (13.175), confirming our earlier conclusion about the critical role of in-house engineering
and design solutions in achieving optimal system performance.

The subsequent parameters exhibited the following sensitivity rankings: X4 (5.8),
X3 (5.456), X, (2.383).

Evaluation of the model quality for assessing the dependence of sustainable de-
velopment on technological activity of Russian organizations revealed varying MAPE
magnitudes (Figure 2). A significant deviation was observed for indicator Y5 due to an
anomalously high value in 2007 (Figure 2e). To address this, additional modeling was
performed excluding this outlier (using the Irwin criterion), but both the model’s accuracy
and the neural network’s performance deteriorated. Consequently, it was decided to re-
tain the 2007 observation despite its substantial deviation. The average MAPE across the
six indicators (Y1-Y¢) was 3.7%.
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Figure 2. Comparison of actual and predicted values of environmental indicators using the automated
MLP 4-7-6 neural network (Statistica): (a) electricity consumption (million kWh); (b) freshwater usage
(billion m3); (c) Polluted wastewater discharge (billion m?); (d) air pollutant emissions (thousand tons)
from stationary and mobile sources; (e) hazardous waste generation (million tons) of environmental
hazard classes I-1V; (f) electricity transmission and distribution losses (%). (Y;*) calculated values Y;.
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To verify the accuracy of the judgments, models with time lags of 1 year (model MTLy),
2 years (model MTL;), and 3 years (model MTL3) were constructed. The calculations are
based on dependency (2). For model comparison (including the model without time lags,
MTLy), feature sensitivity metrics and MAPEs were evaluated (Table 4). In all four cases,
the sensitivity of X; is relatively higher than other features, once again confirming the
importance of scientific research and innovation activities of enterprises in the fields of
design and digital engineering.

Table 4. Comparative analysis of models without and with time lag consideration.

Sensitivity
Model Neural Network Name MAPE, %
X1 X, X3 Xy
MTL, MLP 4-7-6 3.72 13.175 2.383 5.456 5.809
MTL, MLP 4-4-6 6.52 2.86 0.994 1.055 1.001
MTL, MLP 4-3-6 7.07 32.367 5.091 4.851 3.204
MTL; MLP 4-9-6 4.74 9.092 4.094 1.575 1.345

Incorporating the time lag factor between technology implementation and the mani-
festation of pollution reduction effects yielded mixed results: on one hand, based on the
highest sensitivity, the MTL, model is preferred for application, but the magnitude of
prediction error increases; on the other hand, when evaluating error levels, the baseline
MTL( model and the time-lagged MTL3 model (j — 3) demonstrate better performance. The
final conclusion will be drawn based on the validation results of the constructed models.

3.3.3. Automated Neural Network with Multiple Hidden Layers of Neurons

An alternative modeling tool, Deductor Studio, allows for varying the num-
ber of hidden layers and neurons. To enhance variability, three architectures were
constructed—with one (Figure 3), two, and three hidden layers of neurons. Consider-
ing the specifics of the software product, the following settings were defined:

e data processing method—multilayer neural network;

e  raining algorithm—Resilient Propagation (RPROP)—learning with weight correction
after presenting all examples of the training set;

e sample size: training—60%, validation—40%;

e anexample is considered recognized if the error is below 0.05;

e activation function type—sigmoidal.

Figure 3 presents the calculation results of the neural network model with one hidden
layer containing 7 neurons (for comparability with the MLP 4-7-6 model).

A comparative analysis of neural networks with different architectures leads to the
conclusion that a neural network with two hidden layers of neurons (2 and 4 neurons in
each hidden layer) exhibits higher performance, as the average error value was only 3.05%
(Table 5).

Table 5. Comparative analysis of models with one, two, and three hidden layers.

MAPE, %
Neural Network Name MAPE, % (Mean)
Yl Yz Y3 Y4 YS YG
[4 X7 x 6] 1.13 2.02 2.22 3.77 19.96 1.32 5.07
[4 x2x4x6] 1.44 1.57 1.91 1.45 10.06 1.85 3.05
[4x2x6x6X6] 1.52 1.23 2.12 1.21 20.12 2.07 4.71
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Figure 3. Comparison of actual and calculated values of environmental indicators based on an
automated neural network [4 x 7 x 6] (Deductor Studio): (a) electricity consumption (million kWh);
(b) freshwater usage (billion m3); (c) polluted wastewater discharge (billion md); (d) air pollutant
emissions (thousand tons) from stationary and mobile sources; (e) hazardous waste generation
(million tons) of environmental hazard classes I-1V; (f) electricity transmission and distribution losses
(%). (Y;*) calculated values Y;.

Thus, verification of the obtained automated neural networks was performed using
the data incorporated in the model. At the current stage, it can be stated that the models
operate with a low error margin. The Statistica software provides relatively high modeling
accuracy when using both the MTL approach (without considering the time lag) and the
MTL3 model with a time lag (j — 3) are applied. The Deductor Studio software delivers higher
computational accuracy when using a two-layer neural network architecture [4 x 2 x 4 x 6].

3.4. Validation of Models for the Dependence of Sustainable Development on the Technological
Activity of Russian Organizations

If the model verification was conducted on data from 2005 to 2022, then validation
is proposed to be carried out on new data, for which actual feature values for 2023 were
used (Table 6). Among the complex models, the lowest mean absolute percentage error
(MAPE) was achieved by the single-layer neural networks MTL3 and [4 x 7 x 6], as well
as by the two-hidden-layer neural network [4 x 2 x 4 x 6]. This finding corroborates the
conclusions presented in the preceding section. Moreover, the MAPE values remained
below 10% in most cases, demonstrating the high predictive capability of the developed
neural network architectures.
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Table 6. The model validation results for the input values X; = 409 units, X, = 40 105 units, X3 =
15.5%, X4 = 13.6%.

MAPE, %
The Model Y, Y Ys Y, Ys Ye MAPE, % (Mean)
Y, = 0912 +0.0003X; — 0.0062X, + 0.0108X 342 - - - - - -
Y, =61.08 — 0.0274X; +0.94X4 — 0.898X3 - 0.00007 - - - - -
[4x7x6] 1.65 5.09 491 1.04 20.96 6.77 6.74
[4x2x4x6] 291 491 6.11 1.05 20.96 7.08 717
[4x2Xx6x6x6] 245 3.36 5.28 1.04 37.05 6.77 9.32
MTLy (MLP 4-7-6) 2.34 494 5.45 242 26.04 7.22 8.07
MTL; (MLP 4-4-6) 7.74 6.71 28.32 43.37 21.46 22.18 21.63
MTL, (MLP 4-3-6) 16.65 14.18 45.09 53.89 15.14 29.58 29.09
MTL3; (MLP 4-9-6) 3.38 14.80 13.00 4.73 0.58 1.07 6.26

The core premise of the constructed models is based on the following principles:

e the intensification of developing industrial and digital design and engineering tech-
nologies, while incorporating environmental impact monitoring and minimization,
contributes to improved ecological well-being, as evidenced by reductions in electricity
consumption, energy losses, water usage, discharge of contaminated wastewater, and
waste generation;

e throughout the analyzed period, the potential of digital engineering in the context of
sustainable development remained underutilized, representing a promising avenue
for producing high-quality, competitive, and knowledge-intensive products;

e innovations in design and engineering demonstrate significantly greater impact on
energy conservation, water efficiency, and production decarbonization compared to
waste processing optimization;

e the application of off-the-shelf design and engineering technologies proves less ef-
fective in driving sustainable development, underscoring the critical need for devel-
oping integrated solutions that combine digital engineering approaches with nature-
inspired technologies.

4. Discussion

The materials examined in this study indicate a predominance of microeconomic ap-
proaches in managing digital production design [39-45]. Our research focuses on analyzing
the macroeconomic impacts of digital design technologies on environmental conditions.
This approach provides a comprehensive understanding of the country’s technological
development patterns without delving into specific production modernization practices.

The study examining the relationship between digitalization rates and national elec-
tricity consumption partially aligns with the conclusions presented in studies [18,19]. The
findings point to an ambiguous relationship between digitalization and sustainable devel-
opment indicators. Our study demonstrated a unidirectional change in (1) organizations’
activity in digital design adoption and (2) electricity consumption volume; a unidirectional
change in (1) implemented design and engineering developments and (2) electricity con-
sumption volume, but a multidirectional change in (1) utilized design and engineering
technologies and (2) energy consumption. This suggests that the digitalization of design
may have a negative impact on environmental performance indicators within the industrial
macro-system. However, it should be noted that digital transformation is neither the sole
nor the primary factor driving increased energy consumption.
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The comprehensive analysis conducted using stepwise regression and neural networks
with various architectures not only enabled the construction of predictive models but also
revealed stable patterns of fundamental importance for sustainable development policy.

Despite methodological differences, all applied models unanimously indicated the
decisive role of two factors:

Development of Advanced Technologies (X;) demonstrated the highest relative im-
portance (greatest weight in neural networks and high sensitivity). This indicates that
in-house research and development (R&D) in the field of digital design and engineering is
the primary driver for improving environmental efficiency. This factor is directly linked to
the creation of adapted, breakthrough solutions.

Automation Level (X4) also showed a significant and stable positive influence, espe-
cially on resource efficiency. This confirms the hypothesis that implementing automated
control systems is a necessary condition for realizing the potential of digital models.

A crucial contrast: the parameter for using ready-made technologies (X;) showed
a statistically weak and unstable relationship with most target environmental indicators
(except for waste generation Y5, where the relationship was positive). This is a critically
important finding for import substitution and technological development policy: the
mass implementation of foreign or standard solutions without their deep adaptation and
accompanying R&D does not lead to significant improvement in environmental outcomes.

The modeling clearly differentiated the impact of digital engineering into two groups
of indicators:

Strong and Direct Impact on Resource Intensity (“Inputs”): electricity (Y1) and water
(Y3) consumption demonstrate the closest and most linear relationship with the level of
digitalization. The explanation lies in the fact that these parameters are optimally managed
in real-time using digital twins and predictive analytics systems.

Weak and Indirect Impact on Pollution (“Outputs”): volumes of emissions (Y3),
wastewater (Yy), and waste (Y5, Ys) depend to a much lesser degree on the analyzed
digital factors. This confirms the theoretical premise: these indicators are more strongly de-
termined by structural factors, such as raw material composition, the physical wear of core
equipment, and the capacity of end-of-pipe treatment infrastructure. Modernizing these
requires separate capital investments and cannot be reduced solely to the digitalization
of management.

The obtained results also correlate with the dynamic capabilities theory, as demon-
strated in study [18] through the lens of digitalization and green development in production
systems. The study reveals a clear dynamic (2005-2022): while the number of developed
design technologies increased by 250%, environmental pollution indicators decreased by
an average of 30%. In other words, the adaptation of the industrial macro-system to exter-
nal environmental conditions (economic, industrial, and environmental policies) occurs
through the restructuring of internal processes and technologies. This reveals the organiza-
tional inertia noted in [18]—specifically, the slow pace of design digitalization (as of 2023,
only 15.5% of Russian organizations utilized specialized design software tools). This phe-
nomenon can be explained by several key factors: high implementation costs, a shortage of
personnel with required digital competencies, cybersecurity risks (including data breaches,
cyberattacks, and digital platform failures), as well as challenges in integrating legacy CAD
systems with new digital tools.

The conducted analysis reveals patterns that align with global trends while reflecting
the specifics of the national context. The key finding that internal technology devel-
opment (Xj), rather than its passive adoption (Xj), is the main driver of resource effi-
ciency (Y1, Y») is consistent with the technological strategies of leading economies, such
as China and the EU, which emphasize domestic innovation. However, the identified
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weak link between digitalization and pollution emissions (Y3-Y;) underscores the deter-
mining role of structural factors. In countries with modern infrastructure (e.g., Germany),
digital solutions yield a comprehensive effect, reducing both resource consumption and
emissions. In economies with outdated fixed assets and treatment capacities digitaliza-
tion alone cannot overcome these bottlenecks. Thus, the study contributes to the global
discourse by offering an analytical framework for a differentiated assessment of the ef-
fects of digital transformation, depending on the level of development of industrial and
environmental infrastructure.

An important aspect is the question of nature-like technologies. As could be observed,
these technologies are not analyzed in explicit form within this study. However, it is a
known fact that the principles of the circular economy are being replicated (an increase in
recycled water use, secondary waste processing, and the utilization of captured pollutants
in production). Furthermore, against the backdrop of sustained growth in the volumes
of mineral extraction and manufacturing industries in Russia, a reduction in the use of
fresh water, emissions of pollutants, and generation of production and consumption waste
is observed. All of this allows one to infer the active implementation of nature-inspired
technology principles within Russia’s industrial system.

Furthermore, it is important to emphasize that the identified cause-and-effect rela-
tionships are, above all, indirect and statistical in nature. The influence of technological
factors (X7—X4) on the environmental indicators (YY) of a production macro-system
manifests through a complex set of technological, managerial, and institutional conditions.
Contributing factors include: market conditions and the investment climate within the
macroeconomic system, regulatory frameworks governing the environmental aspects of
production, and the use of other digital tools (beyond digital engineering).

The limitations of the conducted research are its scale, the content of the predictors,
and the presence of varying time lags.

e  The object of the study was the macroeconomic system. Patterns identified at the
macro level are also explained by network interactions and do not imply analogous
changes at the level of a specific production system. Consequently, the presented
models and conclusions are applicable not so much for an individual enterprise, but
rather at the level of state and industrial management.

e  The statistical data for X; and X, (the number of production technologies) do not
specify the quality and type of technologies, nor the scale of their implementation in
Russian production.

e Time lags manifest differently in the sphere of digital design and in the achievement
of environmental effects.

Summarizing the listed limitations, it should be emphasized that the identified patterns
can serve as a tool for detecting trends at the macro level and for adjusting programs and
strategies for the country’s scientific and technological development.

5. Conclusions

The global economic landscape is fundamentally shaped by the interconnectedness of
key development pathways for production networks: scientific research and innovation,
digital transformation, sustainable development goal attainment, and nature-inspired
technology adoption. This study incorporates these multidimensional considerations,
combining theoretical and methodological approaches to derive actionable insights relevant
for contemporary production networks.

First, the research substantiates the influence of digital engineering on the sustain-
able development of production systems, which manifests in exploring new directions
for research and innovation activities; optimizing production processes and operations;
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managing big data; modeling and scenario forecasting of production systems, networks,
and products; automating processes and operations; implementing Industry 5.0 principles;
enhancing cooperation; and developing personnel.

Secondly, the study demonstrates the convergence between digitalization processes
and sustainable development principles through the “digital engineering-nature-inspired
technologies” dyad, whose synergistic effect enables the creation of knowledge-intensive,
resource-efficient, environmentally clean, human-centric, data-driven, and intelligent pro-
duction systems. A systems approach can effectively reduce entropy while enhancing the
flexibility and resilience of production systems.

Third, correlation analysis revealed the following patterns in the development of
Russian production systems: (1) the development and implementation of custom produc-
tion technologies for design and engineering improves environmental indicators more
significantly than using off-the-shelf solutions; (2) digitalization of design processes (in-
cluding digital engineering implementation) delivers greater environmental benefits than
digitalizing automated production management processes. During the study period, only
a weak correlation was observed between design technologies and nature-inspired tech-
nologies, highlighting the untapped potential of the «digital engineering—nature-inspired
technologies» synergy.

Fourth, models were developed to quantify the relationship between sustainable
development outcomes and technological activity in design/engineering within Russian
manufacturing systems. Regression analysis made it possible to identify the most signifi-
cant combinations of predictors that determine environmental indicators. The obtained
results allow us to state that the digital engineering being implemented in Russia demon-
strates asymmetric effectiveness. Its potential is most fully realized in managing direct
and continuously monitored resource flows—electricity and water consumption (Y7, Y>).
Regarding emissions, discharges, and waste generation (Y3, Y4, Y5, Ys), the effect is less
evident. This is since these indicators are derivative results, dependent on a combination
of factors beyond the scope of operational digitalization: the composition of raw materi-
als, the degree of wear of core equipment, and the condition and technological level of
capital-intensive purification infrastructure systems.

Through rigorous verification and validation of alternative automated neural net-
works, the most efficient models were selected for predicting environmental aspects of
sustainable development, accounting for modernization of design and engineering ap-
proaches across all product lifecycle stages.

The study’s scientific novelty lies in demonstrating—through multidimensional nonlin-
ear analysis—the critical importance of converging digital engineering with nature-inspired
technologies, while identifying priority development pathways for production systems
that advance sustainable development goals amid Russia’s import substitution policies and
technological sovereignty initiatives.

Based on the modeling results, the following recommendations have been formulated
for various stakeholders:

For industrial companies:

e  priority should be given to investments in in-house development and adaptation of
digital engineering solutions (X1), rather than passive borrowing;

e implementing automation systems (Xy) is a necessary next step to realize the potential
of digital models;

e the greatest and quickest return on digitalization should be expected in the area of
reducing operational costs through savings in energy and water.

For government regulatory bodies and policy makers:
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e the system of support measures (subsidies, tax incentives) should be differentiated and
primarily stimulate the development of domestic advanced production technologies
(APT), not merely their presence at an enterprise;

e target environmental indicators must realistically account for varying response rates:
requirements for reducing resource intensity can be tightened more quickly than
emission standards, for which digitalization is a necessary but insufficient condition
for improvement;

e for forecasting the consequences of technological policy, models with a time lag and
the neural network architecture with two hidden layers, which demonstrated the
best-balanced accuracy in this study, can be recommended.

Thus, the constructed models serve not only as a forecasting tool but also as a basis for
identifying cause-and-effect relationships and formulating a targeted strategy for transi-
tioning to sustainable production, in which digital transformation plays a key, but not the
sole, role in systemic modernization.

The study’s findings contribute to advancing conceptual frameworks in industrial
economics and sustainable development while enriching dynamic capabilities theory and
enhancing forecasting methodologies for technological and sustainable development of
production systems, with applicable insights for innovation planning and digital transfor-
mation programming across macroeconomic, meso-economic, and microeconomic levels.

Future research could explore: (1) patterns in adopting nature-inspired technologies
at the meso-level (within spatial development contexts); (2) advanced methodologies for
digital lifecycle management of high-tech products; and (3) development of software solu-
tions for monitoring, diagnostics, planning, and forecasting of data-driven manufacturing
aligned with sustainable development principles.

Author Contributions: Conceptualization, N.V.B. and FF.G.; methodology, N.V.B.; software, A.LS.;
validation, FF.G. and N.V.B,; formal analysis, EF.G. and A.LS,; investigation, N.V.B.; resources, EEG.;
data curation, N.V.B.; writing—original draft preparation, N.V.B.; writing—review and editing, FF.G,;
visualization, EE.G.; supervision, A.LS.; project administration, N.V.B.; funding acquisition, A.LS. All
authors have read and agreed to the published version of the manuscript.

Funding: This research received no external funding.
Institutional Review Board Statement: Not applicable.
Informed Consent Statement: Not applicable.

Data Availability Statement: The original contributions presented in this study are included in the
article. Further inquiries can be directed to the corresponding author.

Acknowledgments: The work was carried out with the support of a grant provided in 2025 by the
Foundation for Science and Technology of the Republic of Tatarstan for conducting fundamental and
applied research in scientific and educational institutions, enterprises, and organizations of the real
sector of the economy of the Republic of Tatarstan, Agreement No. 21 dated 1 December 2025.

Conflicts of Interest: The authors declare no conflicts of interest.

Abbreviations

The following abbreviations are used in this manuscript:
Al Artificial intelligence

BAT Best Available Techniques

MAPE The mean absolute percentage error

MLP Multi-layer perceptron
MTL Model with time lag

https:/ /doi.org/10.3390/systems14020140


https://doi.org/10.3390/systems14020140

Systems 2026, 14, 140 21 of 23

Appendix A Input Data

Table Al. A system of indicators of an environmental and technological nature.

Year Y1 Yz Y3 Y4 Y5 Yﬁ X1 X2 X3 X4

2005 940,702.7 61.3 17.7 35,835.0 142.5 11.8 138 43,273 9.7 14.0
2006 979,982.6 62.2 17.5 35,510.0 140.0 10.8 148 50,653 9.6 13.1
2007 1,002,535.0 62.5 17.2 35,532.0 287.7 10.3 177 54,044 9.9 13.7
2008 1,022,746.0 62.9 17.1 33,952.0 122.9 10.5 173 47,116 10.7 14.4
2009 977,122.4 57.7 15.9 32,754.0 141.0 10.8 196 54,539 11.0 15.2
2010 1,020,632.5 59.5 16.5 32,353.0 114.4 10.1 216 56,130 11.8 18.1
2011 1,041,122.1 59.5 16.0 32,628.0 120.2 10.0 316 41,422 12.1 18.1
2012 1,063,319.5 56.9 15.7 32,469.0 113.7 10.0 305 39,664 11.7 16.7
2013 1,054,822.6 53.6 15.2 32,063.0 116.7 10.1 426 38,735 11.9 16.8
2014 1,064,956.1 55.7 14.7 31,228.0 124.3 10.0 445 38,598 11.9 15.5
2015 1,059,798.7 54.5 14.4 31,269.0 110.1 10.0 359 39,831 11.0 15.1
2016 1,077,948.4 54.6 14.7 31,617.0 98.3 9.8 402 40,658 10.8 14.9
2017 1,089,104.7 53.5 13.6 32,068.0 107.7 9.6 417 41,130 11.2 14.7
2018 1,108,134.0 53.0 13.1 32,327.0 127.6 9.2 458 41,097 13.0 16.7
2019 1,110,050.3 51.9 12.6 22,735.0 100.6 8.8 456 41,922 13.0 16.5
2020 1,085,045.1 47.0 11.8 22,228.0 98.1 8.8 349 37,556 9.9 7.7

2021 1,135,352.9 48.1 11.6 22,300.0 117.9 8.4 438 36,773 10.0 7.4

2022 1,153,595.0 47.9 11.3 22,204.9 104.7 8.6 483 39,953 17.0 15.7
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