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Highlights

Please indicate how your work links to systems science via your contributions to systems
practice, theory, and/or methodology.

• The implementation of self-preservation law in systems is considered through the ex-
ample of integrating industrial enterprises, which provides synergy between financial,
technological, resource, and digital effects.

• In the enterprise cooperation management system, the most important factor is the
influence of individual participants on the system-forming participant.

What are the main findings and/or the implications of the main findings?

• Effective interaction requires a platform-based approach, which allows for increasing
efficiency of resources for each participant in industrial cooperation.

• The success of cooperation between participants depends on their contribution to
specific factors that affect this potential.

Abstract

This article proposes a platform approach to the development and management of a sys-
tem for fostering industrial collaborations based on corporate technological potential and
presents a model for integrating metallurgical industries. A key issue identified in the
study is that cooperative interactions are often described in general terms and presumed to
generate a synergistic effect, while their actual contribution to the technological potential
of participating businesses remains difficult to quantify. The proposed approach evaluates
this contribution by identifying barriers to the development of technological potential,
determining supporting participants and their influence on its components, and adjusting
performance indicators through an assessment of added value. This approach enables a
shift from a descriptive understanding of collaborations to a structured computational
framework that quantifies the contribution of individual participants through changes
in specific components of technological potential. The methodology is illustrated using
the example of an industrial cooperation involving a focal participant, namely a company
producing flat stainless steel. The initial level of technological potential within the coop-
eration was estimated at 0.40, with the weakest areas identified as the supply of critical
resources and technologies, innovation, research and development, and digitalization. The
application of the platform approach resulted in measurable improvements in individual
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components of technological potential and achieved a 3% increase in its integrated assess-
ment. The significance of these findings lies in demonstrating that the proposed platform
approach enables the transition from a descriptive logic of cooperation to a computational
procedure for assessing changes in the technological potential of both the focal enterprise
and the industrial system.

Keywords: platform approach; industrial collaboration; technological potential assessment;
role–constraint–indicator nexus; cooperative chains

1. Introduction
Technological development in capital-intensive industries depends not only on the

selection of priority technologies but also on the capacity of businesses to finance their de-
velopment under conditions of limited investment resources. This challenge is particularly
acute in the metallurgy sector, where the adoption of advanced processes, modernization
of production facilities, localization of equipment, development of new materials, and
implementation of digital solutions require substantial capital expenditures [1–3]. At the
same time, the high cost of borrowed capital and the resulting revision of investment
programs by major companies further intensify budget constraints on the development of
technological potential [4,5].

In the second quarter of the 21st century, we remain heavily dependent on the indus-
tries of the primary and secondary sectors. Around the world, they are being transformed
into new, technologically innovative, environmentally sound, and socially responsible
industries. Along with minerals, metals form the basis of modern economies. In many
countries, the metallurgical sector drives growth by generating exports and government
revenues, creating jobs, and supporting local businesses and infrastructure development.
Steel is a highly innovative and indispensable material. The multipurpose properties of
steel (such as strength, ductility, conductivity, magnetism, etc.) explain its extensive use
in nearly all sectors of the economy and everyday life. Steel is the third most abundant
manmade bulk material on Earth, after cement and timber.

In 2025, total world crude steel production amounted 1849.4 million metric tons (Mt);
for 30 years, China has remained the dominant global producer. Figure 1 presents data on
major steel-producing countries (2023–2025).

Figure 1. Data on major steel-producing countries. Source: compiled by the authors based on [6].
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Steel is vital to modern economies, and in the coming decades, global demand for steel
is expected to grow to meet rising economic needs [1]. To remain competitive, modern steel
producers aim to (1) develop and implement innovative technologies at each stage of the
production process; (2) enhance operational efficiency and improve product quality (3) en-
hance energy and material efficiency (energy and raw materials account for 60–80% of steel
production costs), and (4) become more environmentally friendly (reducing environmental
impacts and carbon intensity) and socially responsible [2,3,7–10].

Achieving sustainability goals, in 2023, the steel industry invested 7.25% of its revenue
in new products and processes; 98.15% of steel industry raw materials were converted into
steel products or co-products, while 21.27 GJ of energy was consumed per tonne of crude
steel cast [7]. The sector demonstrates a reduction in energy intensity by 60% over the past
50 years [3,7].

To boost efficiency, lower costs, and cut emissions, integration in the steel sector
involves combining upstream ironmaking, steel processing, digital networks, and cross-
industry resource sharing. In writing of integration from this standpoint, we mean both
traditional physical plant setups, non-digital platform partnerships, as well as modern
digital collaborations [9,11,12].

Within this context, it is essential not only to assess the internal potential of businesses
but also to account for external conditions that may influence their parameters. This article
focuses on the collaborative environment, defined as a system of cooperative interaction
that enables participants to share infrastructure, services, research and testing facilities, as
well as engineering and organizational competencies in the implementation of technologi-
cal projects. In capital-intensive industries, the applied dimension of such cooperation is
particularly important: existing studies demonstrate that shared services, common infras-
tructure, and joint investments can serve as independent boosters of resource efficiency
and technological potential at both the business and system levels [11,13–19].

However, recognizing the benefits of cooperation alone does not resolve the problem
of business development. For each participant, a critical question remains: how can the
characteristics of the collaborative environment be translated into measurable parameters of
technological development and, ultimately, into the implementation of joint technological
projects? Without this link, synergy remains largely descriptive and cannot be audited at
the level of a focal participant. Addressing this question constitutes the central objective of
the present study.

Contemporary research provides several important, but incomplete foundations for
addressing this issue. Studies on technological sovereignty and strategic autonomy in
different countries define the constraints within which companies make decisions regarding
technological upgrading [20,21]. Research on dynamic capabilities and absorptive capacity
explains how access to external knowledge and competencies can influence technological
development outcomes [22–24]. In addition, studies on industrial integration models, such
as industrial ecosystems and clusters, identify key channels of influence, including the
shared use of infrastructure, services, and research facilities [11,13–16,25,26]. What remains
unresolved is the integration of these functions at the focal-firm measurement level. As
the comparison later in Table 1 shows, the reviewed approaches treat renewal, diagnosis,
dependency, and actor coordination separately; we did not identify a single focal-firm
procedure that links (i) a diagnosed constraint, (ii) a supporting participant’s defined role,
(iii) an admissible-evidence rule for accepting a change in a specified indicator, and (iv) the
decomposable contribution of that change to an integrated score. The proposed framework
addresses this limitation through the role–constraint–indicator nexus, whose novelty is
this integrative and calculation-level traceable measurement architecture which we have
examined in a case.
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Table 1. Methodological approaches to the development of technological potential.

Approach Elements Advantages Limitations

Technological and
dynamic
capabilities

Conceptual models of resources,
competencies, organizational
routines, and capacity for
renewal

Explaining why
technological development
represents an
organizational capability
rather than an
accumulation of assets

The transition from identified
constraints to measurable
changes in specific indicators
is not always formalized

Index-based and
maturity model

Composite indicators, maturity
levels, readiness assessments,
and digital transformation
readiness models

These approaches identify
current areas of weakness
and enable comparison of
business profiles

They primarily assess current
conditions and readiness
levels rather than the
contribution of external actors
or projects to technological
potential

Roadmaps and
Technology
Readiness Levels
(TRL)

Technology roadmapping,
Technology Readiness Level,
solution maturity stages,
co-creation readiness

Enabling comparison of
technological objectives,
solution maturity, and
implementation timelines

Assessing the maturity of
individual technologies or
development initiatives rather
than the comprehensive
technological potential

Project portfolio
methods

NPV/IRR, multicriteria
selection, portfolio decision
analysis, consideration of risks,
interdependencies, and
constraints

These methods support the
selection and combination
of initiatives under limited
resource conditions

They often rely on external
evaluation criteria and do not
establish a link to a
technological potential
indicator

Supply chain
resilience

Vulnerability assessment,
single-source dependency
analysis, flexibility, recovery
capacity, digital traceability

Demonstrating how
external supplies, data, and
services can constrain
technological development

Identified dependencies are
rarely translated into
measurable contributions to
the integrated technological
potential profile

Ecosystems and
platforms

Actor roles, platform
architecture, resource
complementarity, interaction
rules, coordination mechanisms

Explaining why external
participants may be
required to overcome
constraints

Risk of declarative synergy:
participant roles are identified,
but measurable effects on
technological potential
indicators are not
demonstrated

A distinct and important dimension of this study is the platform approach, which is
understood here as the integration of supporting participants into the industrial system
through the “role–constraint–indicator” nexus. In this framework, the platform is not
merely a form of cooperation but a tool for evaluating how the participation of individual
actors affects changes in the components of technological potential. The platform then
specifies governance roles, admissible evidence, and the rules by which a supporting
participant’s contribution is translated into a change in the focal participant’s technological-
potential profile.

The aim of this study is to develop and demonstrate a platform-based decision-
support framework that links constraints, supporting-participant roles, and changes in
technological-potential indicators for a focal participant within an industrial collaboration.

The study makes three contributions. Firstly, it distinguishes an organizational plat-
form configuration from a digital-platform technology; secondly, it formalizes a seven-stage
constraint-role-indicator procedure with a decomposable composite index; and thirdly,
it shows how the procedure can be used for a transparent prospective scenario while
explicitly separating methodological illustration from empirical validation.
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The study addresses the following research questions:
RQ1. How is the system for assessing and managing the potential of a central (focus)

participant implemented through a platform approach?
RQ2. What are the limitations that arise at various stages of the production and coop-

eration chain related to indicators of the technological potential of the focus participant?
RQ3. How does the contribution of individual participants to overcoming constraints

affect the technological potential of the focus participant?
We answer these questions as follows: (1) the literature review on platform approaches,

integration of participants in production chains, and technological potentials to identify
research gaps and justify research questions; (2) identify constraints arising at different
stages of production and cooperation chains, as well as indicators for assessing technologi-
cal potentials depending on these constraints; (3) the author’s method for evaluating the
technological potential of an industrial system. This method allows for determining not
only the effectiveness of interactions between participants, but also their contributions to
changing specific aspects of the system’s technological potential.

The rest of this paper is structured as follows: Section 2 reviews and summarizes
previous research results on the platform approach and cooperative interaction, specify-
ing the methodological gap. Section 3 systematizes methodological approaches to the
development of technological potential and presents a new methodology for its assess-
ment, centered on a focus participant within the industrial system. Section 4 provides an
empirical application of the proposed methodology to an industrial system to produce
flat-rolled stainless steel in Russia. Section 5 discusses directions for further development
of platform-configured industrial systems and outlines potential improvements to the
proposed methodological approach for assessing the technological potential of industrial
actors, and Section 6 concludes.

2. Theoretical Framework
2.1. Literature Review on the Platform Approach

The capabilities of digital platforms to generate, process, and disseminate information
and knowledge constitute a key foundation of contemporary socio-technological devel-
opment. Digital platforms shape business communications and enable the emergence of
efficient business models that integrate industrial and digital technologies. They transform
the division and coordination of labour and influence goals, priorities, and choices. Among
the core characteristics of digital platforms are flexibility and adaptability, which are dy-
namic capabilities that support organizational resilience and long-term growth [22,27].
In general terms, a digital platform can be understood as a technology-enabled business
model that creates value by facilitating interactions between two or more interdependent
groups of participants [12,28]. Chen, Sun, and Wang argue that industrial integration,
understood as a systemic form of business cooperation, aims at optimizing resource flows
and strengthening industry competitiveness. Unlike traditional hierarchical management
structures, platform-based models create multi-sided markets in which companies and
other participants can engage in real-time, thereby reducing transaction costs [29]. The
platform functions as an environment for networked interaction among participants, such
as businesses, research organizations, and start-ups, facilitating the exchange of knowl-
edge, resources, and competencies, and thus directly contributing to the development of
technological potential [30].

The value of a platform-based business ecosystem lies in its capacity to integrate
multiple actors of different types and scales, thereby enabling the formation and scaling
of markets beyond the capabilities of individual companies. The digital platform is the
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critical foundation for managing industrial integration, acting as the bridge between all
other elements and systems [12,27,31–34].

In this article, the authors consider the platform to be a decision-support methodology
(non-digital platform). A non-digital platform approach for industrial enterprises relies on
physical, organizational, and structural hubs—such as centralized shop-floor control rooms,
co-location spaces, standardized physical modules, and cross-functional committees—to
coordinate resources, streamline workflows, and drive collaboration without relying on
cloud software or industrial internet platforms [35]. A non-digital platform approach to
integrating industrial enterprises relies on shared physical, organizational, spatial, and
logistical structures rather than software or cloud networks. This model centers on physical
co-location, standardized mechanical interfaces, shared rail or port infrastructure, and
centralized administrative frameworks to align production flows [18,19].

The platform approach enables real-time analysis of data on equipment utilization,
workforce efficiency, and R&D expenditures. This information supports informed decision-
making regarding the reallocation of resources across projects, allowing organizations to
concentrate on the most promising areas and boost the efficiency of technological develop-
ment [12,35–37]. Platforms facilitate a closed-loop strategic management cycle encompass-
ing planning, implementation, monitoring, and adjustment. When actual technological
potential indicators deviate from planned targets, the system can trigger corrective actions,
such as reallocating resources, reprioritizing projects, or revising development strategies.
This capability ensures the continuous and adaptive development of technological potential
in a dynamic environment.

These insights explain why platform arrangements can support industrial collabora-
tion. For industrial systems, the relevant platform function may instead be governance:
defining system boundaries, assigning roles, coordinating evidence, and linking participant
actions to shared objectives, though digital infrastructure can facilitate this function, but the
governance logic remains analytically distinct from the software through which data are
exchanged. Accordingly, this paper uses “platform configuration” to mean a coordinated
arrangement of focal and supporting participants governed by explicit role, constraint,
indicator, and evidence rules. This definition is narrower than the broad digital-platform
concept and is chosen because the question concerns attribution of contributions within an
industrial cooperation system rather than platform-mediated market exchange.

This governance interpretation retains the adaptive logic associated with platforms:
indicators can be monitored, constraints can be updated, and participant roles can be revised
as projects, contracts, or technologies change. Its methodological value lies in making
those revisions traceable rather than assuming that network participation automatically
creates synergy.

2.2. Technological Potential and the Chain of Cooperative Interaction: A Short Review

The technological potential of businesses can be developed through investments in ad-
vanced production assets, the establishment of production and technological chains based
on industrial cooperation, and the implementation of joint innovation activities [16,38–40].
According to Peña and prior research, the economic efficiency of forming and developing
sustainable production and technological chains in industry is reflected in cost reduction,
lower transaction costs, and decreased risks [11,16]. Research on the technological poten-
tial of industrial businesses and systems is closely connected with studies of cooperative
(network-based) interaction. Cooperation represents one of the most widespread and
effective forms of integration among economic actors. It can be defined as a specific form of
voluntary collaboration in which participants jointly engage in one or more interconnected
economic processes, generating extra benefits [16,19].
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From a strategic perspective, participation in the system of cooperative interaction
enables businesses to boost their technological potential through the joint implementation
of investment programs, including infrastructure development initiatives, co-financing of
sector-specific research and development activities, and the realization of synergistic effects
arising from collaboration. The intensity of connections among elements of an industrial
system and its participants represents a key factor influencing the development of techno-
logical potential [39,40]. A cooperative interaction chain can be understood as a system of
sustainable production, organizational, economic, and managerial relationships among eco-
nomic entities involved in the creation of products through interconnected processes [11,16].
More broadly, the formation of manageable and sustainable cooperative chains contributes
towards the development of industrial systems, while industrial cooperation supported
by strong institutional frameworks can generate positive effects for regional and urban
economies [11,15,16].

Technological potential can be developed through the activation of cooperative inter-
actions, both as a result of economies of scale and through improved access to lower-cost
resources [11,13,16,18]. It reflects a system’s capacity to generate, adopt, and effectively
utilize new technologies. When businesses form cooperative chains, they create complex
systems of interaction that involve knowledge exchange, resource sharing, and the coor-
dination of component supplies. Manageability ensures the alignment and coordination
of actions among all participants in the chain. This requires a clear allocation of roles,
standardized processes, effective quality control, adherence to delivery schedules, and
integrated planning mechanisms [19]. Without effective coordination, even technolog-
ically advanced participants may operate in isolation, thereby reducing overall system
performance. Sustainability implies the ability of the cooperative chain to maintain its
functionality and structural integrity in the face of both internal disruptions and external
challenges [41–44]. This is essential for ensuring the continuity of production processes
and for realizing the synergistic benefits of participant interaction.

These streams provide the conceptual basis for the constraint and participant-role
map used here. Governance quality, supply-chain continuity, and participant linkages are
therefore treated as contextual propositions that motivate the operational architecture, not
as causal determinants tested in this study, as they do not supply causal coefficients for the
construction of the integrated score.

Thus, manageability and sustainability together constitute the foundation for the
effective development of technological potential. The level of technological potential in in-
dustrial systems is determined by the quality of governance within cooperative interaction
chains and the strength of linkages among their participants.

2.3. Theoretical Synthesis and Methodological Gap

Taken together, dynamic-capability theory explains what the focal participant must be
able to renew; ecosystem and platform research explains who can provide complementary
resources and how interaction can be coordinated; and resilience research identifies where
external dependencies constrain the system. The proposed role–constraint–indicator nexus
connects these streams by specifying how the removal of a constraint by a supporting
participant is represented as a change in a particular indicator.

The framework is therefore an operational measurement architecture rather than a
causal theory that platform participation necessarily raises technological potential. This
distinction determines the research design: the paper demonstrates the calculation and
attribution logic, while questions of causal effect, nonlinear interaction, and external validity
are reserved for subsequent empirical studies.

https://doi.org/10.3390/systems14091087

https://doi.org/10.3390/systems14091087


Systems 2026, 14, 1087 8 of 29

3. Materials and Methods
Developing technological potential from a systems perspective requires the coordi-

nated management of production capabilities, data resources, supply chains, engineering
competencies, design solutions, and stakeholder interactions. Based on the analysis con-
ducted in this study, four groups of methodological approaches to assessing the develop-
ment of technological potential in industrial businesses were identified.

The first group includes approaches that conceptually describe the resource base, tech-
nological capabilities, and the ability of businesses to design and implement production,
digital, and organizational processes under changing environmental conditions [23,24].
Pigola and Fitz-Oliveira analysed the relationship between technological potential and
business performance indicators using meta-analytical modelling and fuzzy-set qualita-
tive comparative analysis. Their findings demonstrate a positive relationship between
technological potential and organizational performance [45–47].

The second group of approaches focuses on assessing the current state of a business
using indices, maturity models, and assessments of readiness for change. These approaches
consider not only technological factors but also organizational, human, and external factors
affecting digital transformation [48–51]. Their main limitation is that they primarily describe
the existing state of a company.

The third group of approaches focuses on transition pathways from the current state to
a desired future state through planned actions. Technology road-mapping methods estab-
lish relationships among markets, products, technologies, and resources over time, while
Technology Readiness Levels (TRLs) are used to evaluate the maturity of technological
solutions before implementation [52]. Yfanti and Sakkas emphasize that the development
of technological potential requires coordinated efforts among participants and argue that
technological maturity alone is insufficient. It is also necessary to consider the distribution
of roles, the willingness of partners to cooperate, and the existence of a shared development
strategy [53]. Project portfolio management methods enable the prioritization and combina-
tion of initiatives under resource constraints while accounting for risks, interdependencies
among projects, life-cycle characteristics, and implementation constraints [54–58]. However,
the impact of project implementation on technological potential is often evaluated using
only individual performance indicators.

The fourth group of approaches is based on assessing the resilience of supply chains
within digital business environments. Supply chain resilience is associated with the iden-
tification of vulnerabilities, flexibility, and recovery capabilities [41–43]. Wu and Zhang
emphasize the importance of systems thinking when evaluating supply chain digitalization
and distinguish between resource-oriented and action-oriented technologies that influence
resilience in different ways [44]. Other studies examine mechanisms of innovation and
technological upgrading within systems of interdependent actors, highlighting the impor-
tance of ecosystem architecture, participation rules, asset complementarity, coordination
mechanisms, and joint value creation [27,31–34]. Research on the development of industrial
ecosystems also identifies the integration, resource, technological, and project capabilities
of participating actors [25,26].

The systematization of existing approaches to assessing the technological potential of
industrial businesses demonstrates the absence of a unified methodological framework,
with separate methodological elements being used (Table 1).

The proposed methodology is based on assessing the technological potential (TP) of a
focal participant within an industrial system. The implementation stages of the proposed
approach are presented in Figure 2.
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https://doi.org/10.3390/systems14091087


Systems 2026, 14, 1087 9 of 29

 

Figure 2. Stages of assessing the level of technological potential development.

The stages form a sequential analytical chain. Stage 1 defines the product-system
boundary and classifies focal and supporting participants. Stage 2 collects raw enterprise
data and fixes the case-specific reference and performance anchors. Stage 3 normalizes
the indicators and calculates the baseline technological-potential profile. Stage 4 identifies
weak indicators and the constraints that prevent their improvement. Stage 5 assigns a
supporting-participant role to each selected constraint. Stage 6 evaluates proposed changes
using documentary evidence and competence-matched expert judgments; where more than
one qualified judgment is available for an indicator, the median is used. Stage 7 recalculates
only the accepted indicators with the original anchors and weights and decomposes ∆TP
by role and indicator. The documented output of each stage is the input to the next stage.

Industrial cooperation is considered as a value chain consisting of a finite number
of stages. Accordingly, only participants directly associated with the selected product
line within the industrial system are included in the assessment. Two main groups of
participants can be distinguished:

1. Core (focal) participants: the production and technological actors for which techno-
logical potential is assessed.

2. Supporting participants: actors within the cooperative interaction chain that influence
the technological potential of core participants. These include organizations capable of
providing products or services that enable the core to improve specific technological
potential indicators (e.g., financial, digital, environmental, resource, engineering, or
infrastructure). Their contribution is reflected through the removal of constraints that
limit the improvement of the core’s specific technological potential indicators. In the
present method, a candidate contribution is represented only through an accepted
indicator change linked to a diagnosed constraint and a defined supporting role.

Thus, an industrial system can be represented as a functional dependency S = ⟨C, H, L⟩,
where S is the industrial system, C is core participants, and H is supporting participants,
and L constraints limiting the development of technological potential.
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The technological potential of the industrial system can be assessed at two levels.
When the assessment focuses on a single focal enterprise, the indicator is calculated as TPF

t .
When several core participants are included, it is calculated as TPS

t .
For the numerical illustration, technological potential is represented by 18 indicators

grouped into five blocks: production facilities; innovation and engineering; digitalization
and data management; human resources and management; and supply-chain resilience
(Table 2). This is a case-specific demonstration set rather than a universal, unique, or
exhaustive scale. The indicators were retained under four stated operational criteria:
relevance to industrial technological development; availability of verifiable enterprise data;
an unambiguous direction of improvement; and assignment to one primary block to limit
double counting. Other applications may substitute construct-valid indicators, anchors, or
data sources, provided that these choices are documented and fixed before baseline and
scenario values are compared.

Table 2. Indicators for calculating technological potential.

Block No Indicator Direction 1 Weight (wk)

Production sites
(installations)

X1 share of key equipment less than 10 years old, % increase 0.050

X2
share of production capacity meeting or
outperforming BAT requirements, % increase 0.050

X3 specific energy consumption, GJ/t decrease 0.050
X4 unplanned downtime, % of operating time decrease 0.050

Innovation and
engineering

X5 R&D intensity, % of revenue increase 0.050
X6 share of engineering and R&D personnel, % increase 0.050
X7 patents per 1000 employees, units increase 0.050
X8 share of revenue generated from new products, % increase 0.050

Digitalization and
data management

X9 production coverage by MES/APS systems increase 0.067

X10
share of key equipment with online monitoring
and data collection, % increase 0.067

X11
share of internal logistics operations managed
through digital systems, % increase 0.067

Human resources
and management

X12
share of employees with higher technical
education, % increase 0.067

X13
share of employees retrained in tech, digital, or
innovation fields over the last three years, % increase 0.067

X14
organizational maturity of technology
management structures, 0–1 increase 0.067

Supply chain
resilience

X15
share of critical equipment supplied by domestic
manufacturers, % increase 0.050

X16
share of critical consumables supplied by domestic
suppliers, % increase 0.050

X17 dependence on a single supplier, % decrease 0.050

X18

share of products manufactured within integrated
internal production chains (at least two production
stages within one corporate group and
jurisdiction), %

increase 0.050

1 Note: The direction of an indicator reflects the change considered favourable for technological
potential assessment. “Increase” indicates that a higher indicator value improves technological
potential, while “decrease” indicates that a lower value improves technological potential.

The indicator architecture follows the construct logic synthesized in Section 2. Produc-
tion assets and innovation/engineering represent the resource base and renewal capabilities
described in technological-capability and dynamic-capability research [22–24,45–47]. Digi-
talization and organizational indicators translate manufacturing maturity and readiness
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concepts into observable enterprise measures [48–51]. Supply-chain indicators opera-
tionalize dependency, flexibility, and recovery concerns from resilience research [41–44].
Platform and ecosystem literature provides the basis for assigning complementary partic-
ipant roles [25–27,31–34], while BAT references provide sector-specific technical ground-
ing for resource-efficiency indicators [59–62]. The 18 indicators are the case-level opera-
tionalization of these constructs under the four criteria above. Appendix C provides an
indicator-by-indicator mapping of construct relevance, reason for inclusion, and primary
calibration basis.

We shall note the use of the Best Available Techniques (BAT) indicator, which re-
flects technological, resource-efficiency, and environmental characteristics of production
processes and, to some extent, aspects related to carbon intensity [59]. The inclusion
of this indicator enables an integrated assessment of factors that are important both for
technological potential development and for corporate environmental and social responsi-
bility. It is calculated as the share of processes whose indicators either meet or outperform
BAT requirements.

The BAT concept is widely applied internationally as a mechanism for improving
resource efficiency and environmental performance in resource-intensive industries, in-
cluding iron and steel production and ferrous metals processing [59–62].

Normalization and aggregation follow established composite-indicator practice [63,64].
Min–max normalization places indicators with different physical units on a common
bounded scale while retaining their direction of improvement. Each of the five blocks
receives 0.20 because no validated stakeholder preference ordering or empirical basis for
differential block importance was available for this case. The exact within-block weights
are 0.20/4 = 0.05 and 0.20/3 = 0.067. This prevents a block from receiving greater total
weight merely because it contains more measures. The convention is transparent but not
assumption-free as the coefficients are design weights, not estimated effects or objective
importance coefficients. The application uses the normalization and aggregation framework
elements discussed in [63,64].

The method separates construct selection from case calibration. Direction specifies
whether a higher or lower value is preferable; the reference anchor is mapped to 0 and the
case-specific performance anchor to 1. For this calculation, the anchors were fixed before the
prospective scenario recalculation and then held constant. Technical operating limits and
BAT requirements informed production and resource-efficiency indicators; historical ranges
and approved strategic targets informed innovation, digitalization, and human-resource
indicators; and procurement, localization, and risk-management records informed supply-
chain indicators. Appendix B reports the baseline values, anchors, normalized scores,
and exact weighting rule; Appendix C reports the construct rationale and primary source
category. These steps provide construct rationale, case-specific calibration provenance, and
computational reproducibility, but we must state that they are not empirical validation of a
universal scale or evidence of robustness across alternative specifications.

For indicators with a positive direction, normalization is performed as follows:

si,k,t = clip[0,1]

(
xi,k,t − xk,b

xk,target − xk,b

)
(1)

where si,k,t is the normalized indicator value; i is the core participant; k is the technological
potential indicator; t is the year; xi,k,t is the observed indicator value; xk,b is the lower
normalization boundary; xk,target is the case-specific performance anchor; clip[0,1] limits the
resulting value to the interval from 0 to 1.
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For indicators with a negative direction, normalization is performed as follows:

si,k,t = clip[0,1]

(
xk,b − xi,k,t

xk,b − xk,target

)
(2)

where si,k,t is the normalized indicator value; i is the core participant; k is the technological
potential indicator; t is the year; xi,k,t is the observed indicator value; xk,b is the upper
unfavourable normalization boundary; xk,target is the case-specific performance anchor.

The technological potential of the focal participant is calculated as a weighted aggre-
gate indicator:

TPi,t =
18

∑
k=1

wksi,k,t,
18

∑
k=1

wk = 1 (3)

where TPi,t the technological potential of participant i in year t; wk is the weight of indicator
k; si,k,t is the normalized indicator value.

For industrial systems containing multiple core participants, an aggregated assessment
can be calculated using weighted aggregation:

TTPS
t =

N

∑
i=1

ωiTPi,t,
N

∑
i=1

ωi = 1 (4)

where TPS
t is the technological potential of the industrial system core; N is the number

of core participants; ωi is the weight assigned to participant i; TPi,t is the technological
potential of participant i. If all participants have equal significance, then ωi = 1/N.

The assessment begins by identifying constraints that can prevent improvement in the
focal participant’s indicators. Four recurrent categories are used in the illustration:

– economic constraints: insufficient funding; high investment requirements; limited
availability of long-term capital;

– technological constraints: insufficient equipment; technological gaps; limited research
infrastructure and opportunities for production efficiency improvement;

– supply chain constraints: dependence on single suppliers; unstable access to critical
materials, components, and equipment;

– organizational constraints: absence of metric owners; incomplete data for
indicator calculation.

After a constraint is identified, the expert group assesses the expected change in the
relevant observed indicator and records the evidence supporting that assessment. Experts
do not assign the integrated technological-potential increase (TP) as it follows mechanically
from the disclosed normalization boundaries and weights.

The platform approach enables the identification of which supporting participants
contribute to overcoming specific constraints and how these contributions are verified. A
supporting participant is included in the assessment only when an explicit relationship
can be established: constraint—Xk value—constraint-overcoming mechanism—role of
supporting participant—data source. Table 3 presents examples of constraints that may
limit the development of technological potential and demonstrates their relationship with
specific indicators.

Once it is confirmed a constraint has been removed, only the corresponding indicator
is recalculated, while all other indicators retain their baseline values. The same role is not
counted more than once for the same constraint.
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Table 3. Relationship between potential constraints, participant roles, and technological potential indicators.

Constraint Indicators Constraint-Overcoming
Mechanism

Role of Supporting
Participant Data Source

High investment
burden X1, X2, X15

Confirmed equipment
acquisition, modernization,
financing arrangements

Financial partner,
leasing company

Budget documentation,
contracts, financial
model, financing
schedule

Limited access to
technologies or
engineering
competencies

X2, X5–X8, X15

Contract for technology
development, testing, design,
implementation, engineering
support

R&D partner,
engineering or design
organization

contract, technical
specifications, R&D
programme, testing
report

Insufficient
digital control X9–X11

Implementation of MES/APS
systems, online monitoring,
digital logistics solutions

Digital integrator, data
service provider

IT architecture, system
integration certificate,
data exchange records

Dependence on
critical supplies X16–X18

Confirmed supply
arrangements, reduction in
single-source dependency,
integrated production
solutions

Raw materials partner
(supplier), alternative
supplier, platform
coordinator

Supply contracts,
supplier registry,
production plan

Environmental or
resource
efficiency
constraints

X3, X4

Reduction in energy
consumption and downtime,
achievement of environmental
performance requirements

Environmental service
provider, energy
service company, waste
management or
recycling partner

Environmental
requirements, resource
efficiency targets
(national or corporate),
capacity calculations,
service contracts

Lack of assigned
responsibility for
data management

X9–X14, X18

Assignment of indicator
ownership, confirmation of
data sources, approval of
updating procedures

Platform coordinator,
core participants

internal regulations,
working group protocols,
responsibility matrix

The platform coordinator, together with the focal enterprise, establishes an expert
group responsible for assessing whether identified constraints have been overcome. Nor-
mally, the expert group may include specialists in production, technology development,
research and development, finance, critical materials procurement, digital systems, envi-
ronmental management, and industrial safety. It should also include external experts from
scientific organizations, engineering companies, or design institutions. Representatives of
government authorities are involved when indicators are related to public support mea-
sures, regulatory requirements, permits, restrictions, or sectoral development programs.
Selection criteria include relevant senior experience, access to the evidence required for the
assigned indicator, functional coverage of the active constraints, disclosure of conflicts of
interest, and at least one independent external specialist where feasible. Table 4 presents
the possible expert group’s composition.

In Russia, expert assessment of investment projects developed by the industrial en-
terprises, associations and other stakeholders aiming to enhance resource efficiency and
environmental performance as well as to reduce production carbon intensity is conducted
in accordance with the Industrial Policy Act of 31 December 2014, No 488. The industrial
policy used to shape the economy consists of the vertical and horizontal instruments. Hor-
izontal instruments help all businesses by improving the general business environment,
while vertical ones target specific sectors. The expert assessment system was worked out
back in 2019 to evaluate technological modernization projects related to the implementation
of so-called Best Available Techniques (BAT). The BAT is a horizontal instrument of both the
environmental and industrial policies. In most countries implementation of BAT is compul-
sory for key resource intensive sectors of industry (including iron and steel sector) [59,62].
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BAT for the steel industry comprise economically and technically viable operational prac-
tices and technologies that minimize energy consumption, reduce GHG emissions, and
prevent air and water pollution across processes from cokemaking to rolling [59,62].

Table 4. Competence domains by constraint.

Type of Constraint Experts Involved Assessment Focus

Finance
Financial department of the focal
enterprise, financial partner, independent
investment expert

Available funding, reduction in
investment burden, financing schedule

Technology and R&D
Chief technology officer, engineering
department, R&D partner, BAT experts,
design organization

Changes in technological parameters,
R&D activities, engineering support

Raw materials and supplies Procurement department, raw materials
partner, critical materials specialist

Share of controlled materials, dependence
on single suppliers, supply reliability

Digitalization IT department, production digitalization
specialists, digital integrator

MES/APS coverage, online monitoring,
data availability

Environmental and
resource efficiency

BAT experts, environmental service,
energy service providers,
partner organizations

Resource efficiency, energy efficiency,
environmental performance, access to
shared treatment facilities

Organizational factors Platform coordinator, indicator owner,
focal enterprise representative

Data source, indicator ownership,
monitoring and updating procedures

Nowadays, in Russia, there are over 150 Chartered BAT experts who participate in
the development and review of the Reference Documents on BAT (BREFs) and national
standards, evaluate sectoral strategies and programmes, assess investment projects, etc.
Since 2022, Chartered BAT experts have been taking part in the assessment of co-operation
projects developed jointly by companies located in the Eurasian Economic Union embracing
Armenia, Belorussia, Kazakhstan, Kyrgyzstan, and Russia. All experts are independent, act
in accordance with the Charter, and regularly confirm their qualifications. To evaluate the
technological potential, we invited 10 experts. Chartered BAT experts specialized in (1) iron
and steel production, (2) ferrous metals processing industry, (3) finance (4) management
systems (quality, environmental, and energy). Additionally, Appendix A illustrates the
anonymized expert panel.

The applied assessment used a 10-member cross-functional panel covering production,
process technology, project management, investment analysis, procurement and import
substitution, industrial automation, R&D and engineering, ESG/BAT, human resources,
and risk/legal support. All panel members had higher education, and two held PhDs in
engineering. Professional experience ranged from 10 to 25 years (mean 14.7 years, median
13.5 years, sample SD 4.42 years). The anonymized profile of each participant is reported in
Appendix A.

The expert procedure adapts general structured-elicitation principles of problem
definition, evidence review, competence matching, documented judgment, aggregation
where applicable, and documentation [55]. It is indicator-specific and the expert assessment
procedure consists of five stages.

1. The coordinator prepares a constraint map, a list of relevant indicators Xk, baseline indica-
tor values x0

i,k,t, normalization boundaries xk,b and xk,target, and supporting documentation.

2. The specialized working group evaluates only those indicators within its area of expertise.
3. Each expert provides an individual assessment of the change in the baseline indicator

value vP
i,k,t and specifies the supporting justification.
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4. The coordinator aggregates expert assessments. The final estimated value is deter-
mined as the median of individual assessments.

5. If the relationship between the constraint, supporting participant role, Xk, and data
source cannot be confirmed, the change is estimated as dP

i,k,t = 0 and excluded from
the calculation.

The expert assessment is conducted before the initial calculation and subsequently at
least once per year. In repeated applications, an extraordinary assessment is performed
whenever changes occur in the platform configuration, including the conclusion of new
contracts, modification of investment schedules, replacement of critical suppliers, or im-
plementation of new digital systems. Experts representing platform participants provide
information within their areas of responsibility but do not approve the assessment re-
sults independently. In cases of conflict of interest, the final decision is approved without
the participation of the interested expert, and the disagreement is documented in the
meeting minutes.

Experts modify only those baseline indicators xk directly related to a confirmed con-
straint and the role of a supporting participant. TP is then calculated using normalization
formulas and weights.

For each indicator affected by the platform configuration, the following parameters
are defined: baseline observed value x0

i,k,t; direction; estimated change vP
i,k,t; allowable

change dP
i,k,t.

For indicators with a positive direction:

xP
i,k,t = x0

i,k,t + dP
i,k,tv

P
i,k,t (5)

where xP
i,k,t is the indicator value after factoring in the platform configuration; x0

i,k,t the
observed indicator value in the baseline configuration; dP

i,k,t is the change acceptability
indicator; vP

i,k,t is the estimated growth; i is the core participant; k is the indicator; t is
the year.

For indicators with a negative direction:

xP
i,k,t = x0

i,k,t − dP
i,k,tv

P
i,k,t (6)

where xP
i,k,t is the indicator value after factoring in the platform configuration; x0

i,k,t the
observed indicator value in the baseline configuration; dP

i,k,t is the change acceptability
indicator; vP

i,k,t is the estimated growth; i is the core participant; k is the indicator; t is
the year.

The indicator dP
i,k,t takes the value of 1 only when three conditions are satisfied: the

indicator is specified in the table demonstrating the connection between the constraint
and TP; the change is associated with the role of a specific supporting participant; the
magnitude of change is confirmed by an expert protocol or supporting documentation. If
any of these conditions are not satisfied, dP

i,k,t = 0, and the indicator remains unchanged.
The additive form is deliberate as it preserves decomposability and allows each

modeled change to be traced to one indicator and participant role. Its local response
is explicit within an unclipped normalization range, a one-unit favorable change alters
the integrated score by the indicator weight divided by its normalization range; after a
bound is reached, the marginal effect is zero. The model is not intended to estimate causal
effects, nonlinear complementarities, or configurational interactions. Alternative weights,
boundaries, interaction terms, and empirical robustness tests require additional research
design. No alternative-specification analysis is reported, so no claim of robustness to
alternative weights, anchors, aggregation rules, or nonlinear configurations is made.
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The baseline technological potential is calculated using the initial indicator values.
Subsequently, only indicators with non-zero values of dP

i,k,tv
P
i,k,t are modified. The updated

values xP
i,k,t are normalized using the same rules and boundaries as the baseline assessment.

The technological potential is then recalculated using the initial weights:

TPP
i,t =

18

∑
k=1

wksP
i,k,t (7)

where TPP
i,t is the technological potential of participant i in the platform configuration;

wk is the weight of indicator k; sP
i,k,t is the normalized indicator value after overcoming

the constraint.
The increase in the technological potential of the focal participant is determined only

by those indicators that have changed:

∆TPF
t = ∑

k∈KP

wk

(
sP

F,k,t − s0
F,k,t

)
(8)

where ∆TPF
t is the change in the technological potential of the focal participant; KP is the

set of indicators modified within the platform configuration; wk is the weight of indicator k;
sP

F,k,t is the normalized indicator value after factoring in the platform configuration; s0
F,k,t is

the normalized indicator value in the baseline configuration.
For a system containing multiple core participants:

∆TPS
t = TPP,S

t − TP0,S
t (9)

where ∆TPS
t is the change in the technological potential of the core; TPP,S

t is the technologi-
cal potential of the core after factoring in the platform configuration; TP0,S

t is the baseline
technological potential of the core.

A platform configuration is considered effective if ∆TPF
t > 0 for a single focal partic-

ipant or ∆TPS
t > 0 for a system with multiple core participants. The improvement must

be attributable exclusively to indicators associated with confirmed constraint-overcoming
mechanisms. Any increase in an indicator without documented evidence of constraint
removal is not attributed to the platform configuration.

In the present application, Stage 6 indicates only documented changes in the
favourable direction. Accordingly, ∆TP is non-negative by construction for the accepted
scenario set. It is an accounting and decomposition output under the stated assumptions,
not an econometric test of platform effectiveness. An expanded application could also
record adverse or offsetting changes where the evidence supports them.

Any indicator change without evidence supporting the corresponding constraint-
addressing mechanism remains outside the platform-attributed scenario calculation.

4. Results
Ferrous metallurgy is a key industrial sector and a complex industrial system, which is

understood as a value chain with a finite number of interconnected stages. Its products are
used in construction, energy, transport infrastructure, mechanical engineering, equipment
manufacturing, and numerous other industries. Therefore, the technological condition
of metallurgical industries, including those involved in the processing of ferrous metals,
influences not only sectoral efficiency but also the broader resilience and sustainability of
industrial systems and society. At the same time, the sector is undergoing several long-term
transformations and facing major challenges, including decarbonization, digitalization,
restructuring of supply chains, and increasing limitations on investment resources and
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access to capital. Steel production remains highly carbon-intensive: according to the World
Steel Association, global steel production in 2024 was associated with average direct emis-
sions of approximately 2.18 tons of CO2-equivalent per ton of crude steel, while total
sector emissions reached approximately 4.1 billion tons of CO2-equivalent. Furthermore,
according to the International Energy Agency, the currently announced capacity for near-
zero-emission iron production by 2030 remains substantially below the level required for a
deep decarbonization pathway. Regulatory pressure is also increasing, particularly due to
the implementation of the European Union Carbon Border Adjustment Mechanism (CBAM)
as a permanent regulatory instrument from 2026 [1,6,8,65]. For example, China has made
substantial progress in decarbonizing ferrous and non-ferrous metallurgy through a combi-
nation of sectoral and regional environmental regulatory mechanisms [60,66,67]. Despite
its withdrawal from the Paris Agreement, the USA continues to pursue decarbonization
measures in the ferrous metals sector, with several states implementing carbon reduction
targets that exceed national averages [68,69].

Research demonstrates that technological transformation in steel production cannot
be achieved through the simple replacement of individual production units. It requires the
simultaneous implementation of low-carbon production technologies, decommissioning
or modernization of obsolete capacities, and the selection of site-specific technological
pathways that account for asset age, raw material availability, energy conditions, and
technology costs [4,5,68]. These characteristics make the sector analytically useful for
demonstrating a constraint-role-indicator procedure.

The methodology was illustrated for an industrial system producing flat stainless
steel in Russia. The broader system included three related businesses, while the numerical
calculation was deliberately limited to one focal participant, K1.

The focal participant (K1) is a producer of flat-rolled stainless-steel products with
additional production capabilities in long and calibrated rolled products, cold-rolled strip,
shaped sections, and specialty steel grades. This company was selected as one of the
leaders in national carbon-intensity benchmarking conducted while reviewing national
Best Available Techniques Reference Documents (BREFs). Such benchmarking follows
internationally recognized methodologies and involves sector-specific BAT experts in
both the review process and the assessment of carbon intensity indicators [59,62,70]. The
company produces a wide range of stainless-steel products and cooperates with research
institutes, higher education organizations, and engineering companies located within the
Eurasian Economic Union.

Two additional companies (K2 and K3) operate in related segments of specialty and
stainless-steel production. However, their technological potential is significantly lower than
that of K1 in terms of production technologies, equipment condition, productivity, digitaliza-
tion level, and organizational adaptability to external changes. Participation in a platform
configuration centred around K1 provides these enterprises with opportunities to expand
their technological capabilities, which are limited by more constraints than those of K1.

The initial technological potential of the focal participant K1 is TPF
0 = 0.404470. The

structure of the technological potential sub-indices is presented in Table 5. The block
sub-index represents the average normalized value of indicators within each block, while
the contribution reflects the block’s share in the integrated technological potential indica-
tor TPF

0 .
The initial assessment reveals two major areas of weakness. The lowest contribution is

associated with the supply chain resilience block. The second weakest area is innovation
and engineering. In contrast, the largest contribution is provided by the human resources
and management block.
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Table 5. Initial assessment of the technological potential of the focal participant.

Block Sub-Index Contribution to TPF
0 Gap to 1

Production sites 0.4674 0.093481 0.5326
Innovation and engineering 0.2916 0.058328 0.7084

Digitalization and data management 0.4508 0.090159 0.5492
Human resources and management 0.6001 0.120025 0.3999

Supply chain resilience 0.2124 0.042478 0.7876
TPF

0 0.404470 0.595530

At the indicator level, the lowest initial values were identified for X18, X15, X5, X7,
X17, X4, and X16 (Table 6). These indicators define the initial constraint map used for the
subsequent assessment.

Table 6. The weakest initial indicator values for the technological potential of the system core.

Indicator Definition s0
k

X18

share of products manufactured within integrated internal
production chains (at least two production stages within one

corporate group and jurisdiction), %
0.0866

X15 share of critical equipment supplied by domestic manufacturers, % 0.1187
X5 R&D intensity, % of revenue 0.2020
X7 patents per 1000 employees, units 0.2213
X17 dependence on a single supplier, % 0.3052
X4 unplanned downtime, % of operating time 0.3090
X16 share of critical consumables supplied by domestic suppliers, % 0.3390

The platform configuration is defined through participant roles that address the focal
participant’s constraints (Table 7). The calculation included relationships that specify the
constraint, role, Xk, and measurable change in the initial value xk.

Table 7. Relationship between constraints, platform participants and TPF.

Constraint Role and Candidate Influence on TP Indicator

Low R&D intensity R&D partner: TsNIIchermet growth in R&D expenses as a share
of revenue X5

Lack of digital
production control digital integrator: T1 Integration growth in MES/APS

production coverage X9

Lack of online
equipment monitoring digital integrator: T1 Integration growth in the share of key equipment

under online control X10

Dependence on critical
materials raw materials partner: Nornickel growth in the share of controlled

local critical materials X16

Single-source
dependencies

raw materials/strategic partner:
Nornickel

reduction in the share of
dependencies on one source X17

Low production chain
integration

platform coordinator: Russian
Stainless Company (RNK)

together with a strategic partner
and an expert group

growth in integrated chains output X18

The change in the initial indicator vP
k in its natural unit of measurement was assessed

by experts. The transition from vP
k to the contribution to TPF is shown in Table 8. First,
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the change is divided by the normalization range. Then, the resulting increase in the
normalized estimate ∆sk is multiplied by the indicator weight wk.

Table 8. Transition from expert assessments to the contribution to TPF.

Indicator Parameter Improved vP
k Xk Boundaries Increase in Normalized

Assessment wk Contribution to TPF

X5 growth in R&D 0.0300 1.5 − 0.5 = 1.0 0.0300/1.0 = 0.030000 0.0500 0.030000 × 0.0500 = 0.001500
X9 growth in MES/APS 2.0000 80.0 − 17.5 = 62.5 2.0000/62.5 = 0.032000 0.0667 0.032000 × 0.0667 = 0.002133
X10 growth in online control 2.0000 85.0 − 22.5 = 62.5 2.0000/62.5 = 0.032000 0.0667 0.032000 × 0.0667 = 0.002133

X16
growth in the share of

local materials 2.0000 80.0 − 5.0 = 75.0 2.0000/75.0 = 0.026667 0.0500 0.026667 × 0.0500 = 0.001333

X17 reduction in dependencies 1.5000 30.0 − 5.0 = 25.0 1.5000/25.0 = 0.060000 0.0500 0.060000 × 0.0500 = 0.003000
X18 growth in integrated chains output 1.7208 90.0 − 50.0 = 40.0 1.7208/40.0 = 0.043020 0.0500 0.043020 × 0.0500 = 0.002151

After normalization, the same changes are translated into new values xP
k and the

contribution ∆TPk (Table 9).

Table 9. Recalculation of indicators after factoring in the platform configuration.

Indicator Role Initial
Value x0

k

Change
vP

k

New
Value xP

k

Increase in
Normalized

Assessment ∆sk

Contribution
to TPF ∆TPk

X5 R&D partner 0.7020 0.0300 0.7320 0.030000 0.001500
X9 digital integrator 55.9580 2.0000 57.9580 0.032000 0.002133
X10 digital integrator 44.8674 2.0000 46.8674 0.032000 0.002133
X16 raw materials partner 30.4221 2.0000 32.4221 0.026667 0.001333
X17 raw materials/strategic partner 22.3688 1.5000 20.8688 0.060000 0.003000
X18 platform coordinator 53.4658 1.7208 55.1866 0.043020 0.002151

Total 0.012251

The greatest contribution to growth comes from reducing single-source dependen-
cies X17: ∆TP17 = 0.003000. X9 and X10 together yield 0.004266. Chain integration X18

yields 0.002151, R&D intensity X5 yields 0.001500, and the share of local materials X16

yields 0.001333.
The total change in technological potential is the sum of six modified indicators.

Considering the values from Table 9, it equals:

∆∆TPF = ∑
k∈{5,9,10,16,17,18}

∆TPk = 0.012251 (10)

After factoring in the platform configuration, the technological potential of the focal
participant is calculated as follows:

∆PF
P = TPF

0 + ∆TPF = 0.404470 + 0.012251 = 0.416721 (11)

The relative increase is:

∆TPF

TPF
0

=
0.012251
0.404470

= 3.03% (12)

This value is the result of recalculating X5, X9, X10, X16, X17, and X18. The remaining
indicators retain their initial values.

The calculations confirm that the platform approach generates a positive effect on
technological potential. However, the main contribution of the approach lies not only in
the magnitude of the increase but also in the mechanism through which this improvement
is achieved. The platform configuration increases the technological potential from 0.40
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to 0.42, representing an approximately 3% improvement relative to the baseline level.
Although this increase may appear moderate, the result demonstrates that the improvement
is neither uniform across all components of technological potential nor an automatic
consequence of platform implementation. Instead, the increase occurs in those areas
where the initial assessment identifies the most significant constraints and where specific
supporting participants are able to provide targeted interventions.

The weakest component identified in the assessment is supply chain resilience, with
a sub-index value of 0.21 and a substantial gap relative to the target level. This indicates
that the primary constraints are associated with the enterprise’s ability to manage critical
dependencies and establish a more resilient technological configuration. Accordingly, the
largest contribution to technological potential growth is generated by indicators related to
the availability of critical materials, reduction in single-source dependencies, and expansion
of integrated production chains. Together, these indicators account for approximately 53%
of the total increase in technological potential.

A second major contribution is associated with digitalization and process control. Digi-
tal indicators account for approximately 35% of the total increase. This effect does not imply
complete digital transformation of the enterprise; rather, it reflects improvements in process
transparency, traceability, and operational controllability. Increased production coverage by
MES/APS systems and expanded online monitoring capabilities transform digitalization
from a general strategic objective into a factor influencing technological potential.

The contribution of R&D indicators accounts for approximately 12% of the total
increase. It should be noted that R&D intensity typically changes earlier than patent
activity, revenue from new products, or the share of highly qualified R&D personnel.
Therefore, although its direct contribution to short-term technological potential growth is
limited, R&D intensity serves as an early indicator of future technological development and
creates the foundation for improvements in other components of technological potential.
In addition, R&D activities are frequently aimed at improving resource efficiency both at
the corporate level and across the wider industrial system.

5. Discussion
5.1. Relation to Existing Knowledge and Methodological Advance

The application is consistent with two established propositions. First, technological
development depends on the focal firm’s capacity to renew resources and combine internal
capabilities with external knowledge and assets [22–24,45–47]. Second, critical dependen-
cies in supply chains can constrain that renewal [41–44]. In the application, supply-chain
resilience is the weakest block and accounts for 53% of the modeled increment, while digital
control and R&D account for the remaining 35% and 12%. While the case is consistent with
existing knowledge about complementary resources and resilience, we must state that it
does not test a new causal relationship.

The study extends maturity, roadmap, portfolio, resilience, and ecosystem approaches
by connecting functions that the literature usually treats separately. Maturity and index
models diagnose the current state [48–51]; roadmaps and portfolio methods organize
development initiatives [52–58]; resilience studies identify dependencies [41–44]; and
platform and ecosystem research identifies complementary actors and coordination mecha-
nisms [25–27,31–34]. Taken separately, these functions do not provide the calculation-level
link used here between a supporting role, an admissible-evidence rule, an accepted indica-
tor change, and a decomposable score increment.

The methodological advance is the role–constraint–indicator rule: a candidate contri-
bution enters the calculation only when a diagnosed constraint, a defined role, admissible
evidence, an affected indicator, and an accepted change are connected. The weighted incre-
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ment can then be decomposed by participant and indicator. The contribution is therefore
procedural and integrative: industrial cooperation can be represented as a calculation-level
traceable change in a focal participant’s state profile without treating network membership
or general synergy as evidence of performance.

5.2. Systems and Theoretical Implications

From a systems-science perspective, the focal enterprise is modeled as an open sub-
system embedded in a wider production and cooperation network. The procedure makes
five systems elements explicit: the boundary of the analyzed product system, the focal
and supporting components, constraints on system state, measurable state variables, and a
feedback rule for recalculation after interactions change. This adds a measurement layer to
dynamic-capability and ecosystem theories, which explain renewal and complementarity.
The present framework specifies how a prospective, evidence-supported indicator change
is entered into a common state measure, though the important limitation here is that it
remains a measurement architecture without establishing the formal causation link.

5.3. Managerial and Policy Implications

For the focus participant, the primary management priority is to address those con-
straints that have the greatest influence on technological potential development. In the
analysed industrial system for flat-rolled stainless-steel production, these priorities relate
to critical supply dependencies and supply chain resilience.

The practical significance of assessing technological potential within an industrial
system lies in enabling the design of targeted government support measures [71] where
outcomes can be quantitatively evaluated, linked to specific indicators, and associated with
measurable improvements. For example, a financial partner becomes important when
their involvement may directly impact weak points in integration. A digital integrator
becomes important when limitations are associated with traceability and controllability.
A raw materials partner is essential when the main constraints concern access to critical
resources and supply chain resilience.

International experience demonstrates that policy measures supporting energy effi-
ciency improvements and greenhouse gas emission reductions are widely used to stimulate
technological development in resource-intensive industries. This is particularly important
for ferrous metallurgy because technological modernization, digital transformation, and
platform-based cooperation are ultimately aimed at improving resource efficiency in a
broad sense [10,72]. Voluntary agreements between enterprises and governments, under
which companies receive tax and non-tax incentives in exchange for achieving leading
positions in the environmental domain, have demonstrated effectiveness in several Euro-
pean countries [72]. Research by Xia et al. [73] indicates that industrial decarbonization
subsidies play an important role in supporting environmental modernization, technological
development, and the diffusion of green technologies both in the metals sector and industry.
Studies also suggest that industrial subsidies may achieve deeper decarbonization effects
than policies focused on stimulating product users [74].

For managers as a broad category, the method provides a traceable screening rule:
it identifies weak indicators, matches a selected constraint to a supporting role, requires
admissible evidence, and reports the modeled score contribution. In this application, the
largest modeled contributions concern single-source dependencies and integrated supply
chains, followed by MES/APS coverage and online monitoring and then R&D intensity.
These are diagnostic outputs under the stated specification, not stand-alone investment
priorities, and the implementation decisions would also require cost, feasibility, timing,
and risk analysis. The decomposition assigns modeled credit only within documented
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role–indicator links. For policymakers, support measures can be linked to a specified
constraint, participant role, indicator, and monitoring source [4,5,58,70,71].

5.4. Limitations and Transferability

The proposed procedural architecture is intended to be transferable, but transferability
has not been established beyond this case; the numerical specification is case-specific,
and application elsewhere requires a new product-system boundary, a construct-valid
indicator set, anchors fixed before comparison, and experts with matching competencies.
The current evidence is limited to one cross-sectional focal case and cannot establish
statistical generalization, causal effect, or robustness across alternative specifications. Equal
block weights are a design convention, and additive aggregation assumes compensability
rather than complementarities, thresholds, or feedback loops. The achieved 3.03% result is
therefore conditional on the disclosed case inputs and accepted judgments.

5.5. Future Research

Future research should apply the procedure to multiple sectors and focal firms; replace
expert-assessed changes with longitudinal post-implementation observations; compare
alternative expert-aggregation and weighting structures only where those alternatives can
be justified by stakeholder preferences, theory, or empirical data; and test nonlinear or
interaction-sensitive aggregation where the data support it. Multi-case work could also
establish sector-specific calibration ranges and evaluate transferability. Another promising
research direction involves the development of more complex multi-stakeholder platforms,
where synergy is based on partnerships, resource sharing, and openness among diverse
participants. At present, the development of such platforms is constrained by insufficient
systems thinking and limited maturity of partnership-based approaches [12,36]. In this
context, systems thinking shapes how managers and employees view value creation,
resources, and core competencies. Unlike traditional product-focused mindsets, it looks
beyond the company’s walls to embrace the concept of sharing assets with platform
participants [37,75]. A key aspect of platform-based systems thinking is a willingness to
collaborate with partners and competitors.

6. Conclusions
This study addresses a persistent methodological problem in industrial cooperation

when the benefits of collaboration are frequently described in terms of synergy, while the
contribution of individual participants to the technological potential of a focal enterprise
remains difficult to measure. The approaches reviewed do not combine these functions
in one focal-firm procedure for representing a prospective, evidence-supported candidate
contribution in an integrated technological-potential score. To address this problem, the
study develops a platform-based decision-support framework that treats the platform
as an organizational governance configuration rather than solely as a digital infrastruc-
ture. Its seven-stage procedure links the boundaries of the industrial system, the baseline
technological-potential profile, identified constraints, the roles of supporting participants,
expert assessment of indicator changes, and recalculation of the integrated score.

The framework answers the three research questions by showing, first, how a plat-
form approach can structure the assessment and management of technological potential;
second, how constraints arising along the cooperative production chain can be linked to
specific indicators of the focal participant; and third, how the contributions of supporting
participants can be translated into changes in individual indicators and the integrated
technological-potential score. In the application to the flat stainless-steel industrial system,
the baseline score of the focal participant increased from 0.404470 to 0.416721 after incor-
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porating expert-assessed changes in six indicators, corresponding to a relative increase of
3.03%. Supply-chain resilience accounted for approximately 53% of the total increment,
digitalization and process control for 35%, and R&D intensity for 12%. Its principal sig-
nificance lies in the transparent decomposition of the increase by constraint, participant
role, indicator, and contribution. Reframing, the original contribution relative to the ap-
proaches reviewed is a calculation-level traceable entry rule: a candidate contribution from
a supporting participant enters the modeled score only when a diagnosed constraint, a
defined role, admissible evidence, a specified indicator, and an accepted change are linked;
the increment is then decomposed by participant and indicator. Readers can trace which
accepted interaction is associated with what modeled score change and through which
component, which is a contribution to the reviewed approaches.

The theoretical contribution of the study is the integration of dynamic capabilities,
platform and ecosystem coordination, industrial cooperation, and supply-chain resilience
within a common operational measurement architecture. The methodological and practical
contribution is the role–constraint–indicator nexus, which makes each contribution traceable
and prevents the effects of cooperation from being treated as an undifferentiated outcome.
As an example, for managers, the framework supports partner selection, prioritization of
interventions, assignment of responsibilities, and monitoring of technological-development
measures, and as for policymakers, it provides a basis for linking support instruments to
identified constraints and measurable changes in technological-potential indicators.

The findings are bounded by a single cross-sectional case, case-specific calibration an-
chors, equal block weights, additive aggregation, and indicator-specific expert judgments
rather than longitudinal observed changes. The result is conditional on that specifica-
tion and does not establish causality or invariance under alternative weights or anchors.
Future research should test the procedure across sectors and multiple focal firms, use post-
implementation time-series data, derive sector-specific calibration ranges, and compare
alternative aggregation structures where a theoretical, empirical, or stakeholder basis exists.
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Appendix A. Anonymized Expert-Panel Competence Profile

Table A1. Cross-functional competence profile for an expert panel.

No. Functional Area and Role Qualifications
and Experience Relevant Competence

1
Production division; head of a production unit
and member of a capacity-modernization
working group

Higher technical
education; 18 years

Technological feasibility, production
constraints, maintenance windows,
and implementation risks in
operating facilities

2
Technology service; lead technologist and
member of the enterprise scientific and
technical council

Higher technical
education; PhD in
engineering; 25 years

Technology readiness, compatibility
with existing equipment, and effects
on product quality

3 Project office; project manager and coordinator
of a portfolio of technological initiatives

Economics/management
education; 12 years

Portfolio prioritization,
implementation schedules, resource
feasibility, and cross-functional
coordination

4
Finance and economics; head of investment
analysis and member of the investment
committee

Economics education;
14 years

CAPEX/OPEX, NPV, IRR, budget
constraints, and effects of
public-support measures

5
Procurement, supply, and import substitution;
head of strategic procurement and member of
a supply-localization working group

Economics and/or
technical education;
15 years

Supplier dependence, localization of
critical materials and equipment, and
supply-chain resilience

6
Digital office, IT, and industrial automation;
head of industrial automation and member of
a digital transformation working group

Higher technical
education; 11 years

Dependence on industrial software,
digital-architecture compatibility,
MES/APS/automation data, and
digital effects

7
R&D and engineering center; principal
specialist and member of a pilot-testing
working group

Higher technical
education; PhD in
engineering; 17 years

R&D, technological novelty, TRL,
pilot testing, and development of
engineering competencies

8
ESG, industrial ecology, and occupational
safety; head of environmental project support
and member of an ESG committee

Technical/environmental
education; 10 years

Environmental and social effects,
BAT compliance, industrial safety,
and regulatory compliance

9
HR, organizational development, and training;
head of personnel development and member
of a project-staffing working group

Management/psychology
education; 13 years

Staffing, training requirements, and
personnel readiness for technological
and digital implementation

10 Risk, legal support, and compliance; head of
corporate risk or project legal counsel

Legal/economics
education; 12 years

Project, regulatory, contractual, and
integration risks and their mitigation

 

Figure A1. The sectoral affiliation of the expert community. Metallurgy and metalworking—up
to 25%; Coal and ore mining—up to 15%; Hydrocarbon exploration and processing—up to 25%;
Chemical industry, pulp and paper production—up to 20%; Petrochemical industry, polymer
production—up to 25%; Power generation—about 10%.
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Appendix B. Case-Specific Calibration Anchors and Baseline Values

Table A2. Case-specific reference and performance anchors, baseline values, normalized scores, and
weights used in the numerical application.

Code Indicator Direction Baseline x0
Reference Anchor to
Performance Anchor

Normalized
s0

Weight

X1 Share of key equipment less
than 10 years old, % Increase 52.6094 20.0 → 70.0 0.6522 0.0500

X2
Share of production capacity
meeting or outperforming BAT
requirements, %

Increase 40.8800 5.0 → 80.0 0.4784 0.0500

X3 Specific energy consumption,
GJ/t Decrease 22.7002 27.0 → 17.0 0.4300 0.0500

X4 Unplanned downtime, % of
operating time Decrease 7.1822 9.5 → 2.0 0.3090 0.0500

X5 R&D intensity, % of revenue Increase 0.7020 0.5 → 1.5 0.2020 0.0500

X6 Share of engineering and R&D
personnel, % Increase 6.9489 2.5 → 15.0 0.3559 0.0500

X7 Patents per 1000 employees,
units Increase 0.1119 0.03 → 0.40 0.2214 0.0500

X8 Share of revenue generated
from new products, % Increase 17.3419 12.5 → 25.0 0.3874 0.0500

X9 Production coverage by
MES/APS systems, % Increase 55.9580 17.5 → 80.0 0.6153 0.067

X10
Share of key equipment with
online monitoring and data
collection, %

Increase 44.8674 22.5 → 85.0 0.3579 0.067

X11
Share of internal logistics
operations managed through
digital systems, %

Increase 31.1985 7.5 → 70.0 0.3792 0.067

X12 Share of employees with
higher technical education, % Increase 35.0111 12.5 → 45.0 0.6926 0.067

X13

Share of employees retrained
in technical, digital, or
innovation fields over
three years, %

Increase 71.1321 45.0 → 95.0 0.5226 0.067

X14
Organizational maturity of
technology management
structures, 0–1

Increase 0.5925 0.3 → 0.8 0.5850 0.067

X15
Share of critical equipment
supplied by domestic
manufacturers, %

Increase 30.9350 25.0 → 75.0 0.1187 0.0500

X16
Share of critical consumables
supplied by domestic
suppliers, %

Increase 30.4221 5.0 → 80.0 0.3390 0.0500

X17 Dependence on a single
supplier, % Decrease 22.3688 30.0 → 5.0 0.3052 0.0500

X18

Share of products
manufactured within
integrated internal production
chains, %

Increase 53.4658 50.0 → 90.0 0.0866 0.0500
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Appendix C. Indicator-Level Construct and Calibration Rationale

Table A3. Indicator-level construct mapping and primary calibration basis for the numerical application.

Code Indicator Construct and Reason
for Inclusion Primary Calibration Basis

X1 Share of key equipment less than
10 years old, %

Asset modernity and renewal
capacity; represents the age
profile of productive assets and
the need for modernization

Equipment register, historical
fleet-age range, and approved
modernization program.

X2 Share of capacity meeting or
outperforming BAT requirements, %

Process technological level and
resource/environmental
performance

BAT requirements and enterprise
capacity mapping.

X3 Specific energy consumption, GJ/t Process and resource efficiency of
the production technology

Technical operating range, energy
records, and
BAT/resource-efficiency reference.

X4 Unplanned downtime, % of
operating time

Case operational measure of asset
availability; included as a
maintenance-record indicator in
the production-readiness block.

Maintenance records, historical
operating range, and approved
reliability objective.

X5 R&D intensity, % of revenue
Resource commitment to
technological renewal and
innovation capability

Historical R&D expenditure and
approved R&D plan.

X6 Share of engineering and R&D
personnel, %

Engineering knowledge base and
absorptive capacity

HR records and approved
technical-staffing range.

X7 Patents per 1000 employees Codified technological and
inventive output

Patent records and
innovation-program objective.

X8 Share of revenue generated from new
products, %

Commercialization of
technological development and
innovation output

Product-portfolio history and
approved strategic range.

X9 Production coverage by MES/APS
systems, %

Digital production-planning and
control maturity

System-coverage map and
enterprise digital roadmap.

X10 Share of key equipment with online
monitoring and data collection, %

Real-time data capture, condition
monitoring, and operational
transparency

Equipment/data architecture and
digitalization plan.

X11 Share of internal logistics operations
managed through digital systems, %

Digital traceability and
coordination of internal
material flows

Logistics process map and
digital-logistics roadmap.

X12 Share of employees with higher
technical education, %

Technical human capital
supporting technology adoption
and operation

HR records and
workforce-structure plan.

X13
Share of employees retrained in
technical, digital, or innovation fields
over three years, %

Renewal of employee capabilities
and readiness for technological
and digital change

Training records and approved
development program.

X14
Organizational maturity of
technology-management
structures, 0–1

Governance routines for
technology management,
coordination, and change

Standardized internal maturity
assessment and approved
target state.

X15 Share of critical equipment supplied
by domestic manufacturers, %

Exposure to external equipment
and
technology-supply constraints

Procurement register and
equipment-localization/risk plan.

X16 Share of critical consumables
supplied by domestic suppliers, %

Continuity and controllability of
critical-input supply

Supplier registry and
consumables-localization plan.

X17 Dependence on a single supplier, % Supplier-concentration
vulnerability and substitutability

Supplier-concentration data and
approved risk threshold.

X18
Share of products manufactured
within integrated internal production
chains, %

Control and coordination across
production stages within the
industrial system

Production-routing data and
corporate integration plan.
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