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Abstract

This study addresses the growing need for structured, measurable organizational develop-
ment (OD) models amid digital transformation, geopolitical uncertainty, and increasing
managerial complexity. Contemporary middle- and top-level managers are expected to
ensure productivity, strategic clarity, resilience, and data-driven decision-making; how-
ever, existing leadership methodologies are often examined separately and lack integrated
evaluation frameworks. The research analyses two prominent approaches: the American
Action Science methodology and the Scandinavian (particularly Finnish) consensus-based
leadership concept. While Action Science emphasizes explicit reasoning, double-loop learn-
ing, accountability, and measurable performance outcomes, the Finnish consensus model
prioritizes trust, participation, and relational cohesion. The aim of the study is to develop
and empirically test the original digital model LeadWinO (LEADership for WINning Orga-
nizations) for evaluating the organizational development activities of middle- and top-level
managers. The model was empirically tested on managers in Lithuania. The novelty of
the research lies in combining management and informatics perspectives by embedding
organizational development evaluation into a digital, indicator-based, and potentially
predictive framework. The type of study is quantitative research integrating questionnaire
analysis in the case of multi-profile sections. Analytical tool used for data simulation is
Feedforward Neural Network for constructing sufficient gapless sets of digitalized data.
Research results showed that the American Action Science methodology is most effec-
tively used by managers working in very small and small enterprises in the service and
maintenance sectors. The findings are expected to contribute to the operationalization of
leadership effectiveness under uncertainty and provide organizations with an auditable
structure linking managerial behaviour, decision-making processes, and organizational
performance outcomes.

Keywords: top; middle-level managers; organizational development; LeadWinO model;
productivity; efficiency; AI

1. Introduction
Organizational development methodologies are essential for improving management

processes within companies, as they enhance employee productivity and contribute to
overall organizational profitability (Appelbaum et al., 1998). In this context, middle- and
top-level managers play a critical role, as they are responsible for leading teams and
ensuring the effective implementation of organizational strategies and decisions. Their
ability to apply appropriate management approaches directly influences organizational
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performance and long-term outcomes. Therefore, understanding how managerial practices
can be improved through effective methodologies is increasingly important in today’s
business environment.

The contemporary world is undergoing a profound transformation. The contem-
porary environment is shaped by the rapid advancement of digitalization and artificial
intelligence (AI). It is also influenced by generational differences among employees and
evolving attitudes toward work. Workforce expectations are changing, while Lithuania’s
working-age population is declining. At the same time, there is a growing need to enhance
productivity, and organizations continue to face multiple market crises. Together, these fac-
tors underscore the need to identify and implement effective organizational development
methodologies.

The problem of the research.
Modern organizations operate in increasingly complex, uncertain, and rapidly chang-

ing environments shaped by digital transformation, artificial intelligence, and global eco-
nomic instability. These conditions require managers to demonstrate advanced leadership
capabilities, including strategic decision-making, adaptability, and effective management of
organizational change. Recent studies emphasize that digital leadership is becoming critical
for ensuring organizational resilience, innovation, and long-term performance (Bevilacqua
et al., 2026; Tagscherer & Carbon, 2023; Ye, 2025). At the same time, macroeconomic trends
highlight growing fragility despite overall economic growth, further increasing the pres-
sure on organizations to improve productivity and efficiency (Organisation for Economic
Co-Operation and Development [OECD], 2025).

However, a significant gap persists between the required managerial competencies
and the skills managers demonstrate in practice. Research on skill gap management
shows that organizations globally struggle to align workforce capabilities with rapidly
evolving demands, particularly in leadership and decision-making competencies (Braun
et al., 2025). Managerial effectiveness is strongly linked to individual competencies such as
communication, problem-solving, and role breadth self-efficacy, which directly influence
employee performance and organizational outcomes (Branch, 2025; Mohamad et al., 2025).
Despite this, many organizations lack structured mechanisms to systematically assess and
develop these competencies, leading to inconsistencies in leadership quality and reduced
organizational effectiveness.

Existing organizational development methodologies are often fragmented and insuf-
ficiently integrated. Traditional approaches such as Action Science emphasize reflection,
double-loop learning, and evidence-based decision-making (Argyris, 2000; Friedman &
Rogers, 2009), while Scandinavian consensus-based models focus on trust, dialogue, and
participatory decision-making (Haavisto & Linge, 2022; Koskinen & Lämsä, 2017). Al-
though both approaches provide valuable insights, they are typically applied separately
and lack a unified, measurable framework for evaluating managerial performance in real
organizational conditions. Moreover, recent research highlights the growing importance
of data-driven and AI-supported approaches in management, which are often used as
analytical tools rather than integrated into comprehensive organizational development
models (Raina et al., 2026; Santos et al., 2025).

The key problem addressed in this study is the lack of an integrated, empirically tested,
and digitally supported model to systematically evaluate managerial activities and their
impact on organizational development outcomes. Existing approaches do not sufficiently
integrate the behavioural, relational, and analytical dimensions of leadership into a unified,
measurable system. This creates a need for innovative solutions that bridge theoretical
methodologies and practical application, allowing organizations to assess managerial
effectiveness in a structured, data-driven, and context-sensitive manner.
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Lithuania was chosen for the empirical study. In Lithuania and across Europe, man-
agers face multiple challenges, including geopolitical instability, economic uncertainty,
labour shortages, and growing competition (Čižiūnienė et al., 2025; Eurofound, 2023;
Wojnarowska-Szpucha, 2022). These conditions require strong leadership capabilities,
innovation, and the ability to manage change effectively (Čižiūnienė et al., 2025).

Research papers highlights significant gaps in leadership competencies across orga-
nizations (Myszak & Filina-Dawidowicz, 2025; Braun et al., 2025; Pihlainen et al., 2019a),
which negatively affect productivity, innovation, and organizational performance (Appel-
baum et al., 1998; Riivari & Lämsä, 2014; Han et al., 2025). Managers increasingly need skills
in communication, decision-making, collaboration (Argyris, 1994; Haavisto & Linge, 2022;
Sørensen et al., 2018), and operating in AI-driven environments (Bevilacqua et al., 2026;
Hossain et al., 2025). At the same time, organizations require practical and measurable
models (Kraujalienė & Gruodis, 2025; Törmänen et al., 2022a) that support managerial
development and improve decision quality, coordination, and long-term effectiveness (Poot
et al., 2018; Volz-Peacock et al., 2016).

The Lithuanian context is shaped by a transition from hierarchical to more collab-
orative management practices. While elements of hierarchy still exist, organizations in-
creasingly adopt participatory approaches (Kangas & Lämsä, 2021; Pulkkinen et al., 2015;
Törmänen et al., 2022a; Lietuvos Respublikos Vyriausybė [Government of the Republic of
Lithuania], 2022).

Lithuania has been shaped by several historical stages. As a post-Soviet country,
Lithuania has transitioned relatively quickly and successfully from a centralized, hierarchi-
cal system of governance to more decentralized and less hierarchical forms, particularly
through its integration into European institutional and policy frameworks (Krupavičius,
2025). While hierarchical elements still persist, reflecting broader structural differences
within Europe, collaborative and network-based practices are increasingly emphasized
(Hladchenko, 2026). Policy directions of Lithuania further highlight the shift towards
more inclusive, participatory, and adaptive governance models (Seimas of the Republic
of Lithuania, 2024). As a result, elements of hierarchical decision-making still exist in
Lithuania, as in many other European countries, but various collaborative practices are
also increasingly applied.

In this context, the application of Action Science (AM) and the Finnish consensus-
based management concept (FIN) may face certain cultural and structural challenges. For
example, consensus-based approaches such as FIN require a high level of trust, open
communication, and shared decision-making (Sørensen et al., 2018; Haavisto & Linge, 2022;
Törmänen et al., 2022a), which may be less developed in organizations where hierarchical
leadership styles prevail. Similarly, Action Science, which emphasizes reflection, learning,
and interpersonal feedback, may be constrained in organizational cultures where open
dialogue and constructive criticism are not yet fully established (Argyris, 1994; Coghlan &
Rigg, 2021; Witherspoon, 2014).

However, these factors do not necessarily preclude the application of these method-
ologies; rather, they shape how they are implemented. The results of this study suggest
that while both approaches are applied, their effectiveness may depend on leadership
experience, organizational maturity, and the gradual development of participatory and
reflective practices within the Baltic cultural context.

Contemporary managers can no longer rely on simple, single-narrative solutions. This
study introduces the LeadWinO (LEADership for WINning Organizations) model, which
integrates elements of Action Science and Finnish consensus-based management into a
digital evaluation framework. This model is designed to equip managers with the knowl-
edge and competencies necessary to evaluate their own performance and organizational
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functioning in complex, multi-layered business environments where strategy, culture, and
data intersect. There is a need for models that support managers in strategic thinking
and in preparing for and leading change, enabling them to operate effectively in a grow-
ing yet unstable economy and to understand its broader dynamics. Such models would
contribute to increased organizational productivity, foster innovation, and strengthen the
country’s long-term economic resilience and institutional stability. Consequently, their
development and implementation are both economically and strategically essential. The
LeadWinO model enables managers to lead with confidence during periods of uncertainty
and transformation, while fostering organizational development by transforming strategic
constraints into opportunities for growth and competitive advantage.

Within the European Union and OECD policy context, there is a strong emphasis on
strengthening managerial competencies, digital skills, and decision-making capabilities
(European Commission, 2019; Organisation for Economic Co-Operation and Development
[OECD], 2025; Hossain et al., 2025; Myszak & Filina-Dawidowicz, 2025; Bevilacqua et al.,
2026). The proposed model contributes to these goals by providing a structured approach
to organizational development.

In Lithuania, most companies are micro, small, and medium-sized enterprises (Statis-
tics Lithuania, 2023). Therefore, it is important to analyze organizational development
practices specifically at this level (Kianto et al., 2018; Kraujalienė & Gruodis, 2025).

The novelty of this research lies in the development of an original digital model to
evaluate the organizational development activities of middle- and top-level managers. The
model is created at the intersection of the management and informatics fields.

2. Literature Review
The most prominent organizational development (OD) methodology in America and in

the world is Action Science methodology, called meta-theory and developed by C. Argyris and
D. Schön. The mentioned theory was developed during a 50-year research period analyzing
leadership development and organizational learning dilemmas (Bolman, 2021).

Scandinavia is widely recognized for its collaboration-based approaches to organi-
zational development. The facilitation and moderation of relationships play a crucial
role in multi-professional collaboration aimed at enhancing service effectiveness. The
foundation of collaboration lies in developing of a governance culture and the capacity to
accommodate diverse interests. A collaboration-oriented approach is particularly effective
in managing complex processes. The Finnish management style is based on principles of
consensus, characterized by deliberative discussions and negotiation aimed at achieving
agreement. Uljens and Ylimaki (2017) emphasized the concept of educational leadership,
which is generally focused on the organizational conditions and expectations associated
with performance management and leadership (Gavrilescu & Vizireanu, 2019; M. Q. Li
et al., 2022; Sørensen et al., 2018).

2.1. The Added Value of the Action Science Methodology

Action Science, based on Argyris’ theory-of-action concept, is prominent and well-
suited to organizational development (OD) needs. It provides the foundations of effective-
ness and offers a detailed explanation of how managers and teams reason, communicate,
and make decisions in real time, particularly under conditions of ambiguity and within
complex interpersonal dynamics when addressing conflicts and disagreements. Rather than
treating “better leadership” as a collection of abstract traits, the Action Science methodology
conceptualizes effectiveness in terms of action-oriented behaviour (e.g., explicit reasoning,
testing assumptions, and jointly designing subsequent actions) and evaluates whether such
behaviour reliably produces intended consequences within a specific context. It is precisely
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this criterion that Argyris employs to distinguish advice that can be implemented and
learned in practice. This focus on actionability makes the methodology inherently relevant
to organizational development, as it directly links learning to performance and change
outcomes (Argyris, 2000).

The Action Science methodology is effective in advancing organizational development
because it addresses organizational defensive routines—implicit norms that encourage indi-
viduals to behave politely, ambiguously, and self-protectively, while relying on ineffective
communication patterns that prevent the surfacing of errors, conflicts, or weak assump-
tions. Although the short-term benefit of such routines may be reduced tension, the long-term
consequences include impaired problem-solving and low-quality decision-making. Action
Science promotes productive norms, including transparency regarding goals, public testing of
inferences, and accountability for the consequences of one’s claims. From an organizational
development perspective, this is critical, as sustainable change depends less on slogans and
formal declarations and more on the everyday conversational infrastructure through which
strategies, priorities, and resources are negotiated and transformed (Argyris, 1994, 2000).

The Action Science methodology provides added value for managers by cultivating
skilled leadership and enabling them to apply mentoring, coaching, and facilitation compe-
tencies effectively. This supports managers in developing capable, self-correcting teams
that continuously improve their performance. Double-loop learning is fundamental in
this context: leaders learn not only to correct errors (“Are we executing properly?”), but
also to examine and revise governing variables (“Are our assumptions, goals, and norms
appropriate?”). This is particularly relevant for middle- and top-level managers, whose
challenges are often non-routine and politically complex, and where performance outcomes
depend on the leader’s ability to help teams think more effectively together rather than
merely working harder. Double-loop coaching extends this logic by explicitly linking
the systems and theories-in-use that leaders apply to the results they produce, thereby
transforming leadership development into a performance-oriented practice rather than a
generic training exercise (Argyris, 2000; Witherspoon, 2014).

Action Science supports effective teamwork by providing practical tools for conduct-
ing meaningful discussions and coordinating teams effectively. Productive group work
depends on the ability to explore a situation while also confidently expressing and defend-
ing one’s viewpoint. This means clearly presenting one’s perspective, inviting others to
examine and question it, and treating disagreement as a source of greater accuracy rather
than as a threat to status. Research on dialogic feedback and structured peer dialogue
reinforces this idea: when discussions are designed to encourage reasoning, respectfully
challenge assumptions, and jointly develop improved actions, teams build shared under-
standing and make more reliable decisions. Action Science contributes by offering concrete
conversational techniques and norms that make dialogic teamwork possible even under
real organizational pressures such as time constraints, hierarchical structures, and concerns
about reputation (Argyris, 1994; Er et al., 2021).

Moreover, Action Science is particularly effective in the domain of “difficult conver-
sations” and feedback because it treats feedback as a shared learning process rather than
as an evaluation or a source of blame. In action-based development practice, the primary
obstacle is often not the lack of data, but the inability to discuss sensitive performance is-
sues without triggering defensiveness, withdrawal, or counterattack. The methods applied
within Action Science enable leaders to provide and receive feedback characterized by high
validity—based on observable examples, explicit reasoning, and testable claims—as well
as high psychological safety, which encourages correction, acknowledges uncertainty, and
focuses on joint problem solving. Feedback must be systematic, usable, and embedded
within routine practice—precisely the conditions that Action Science seeks to establish

https://doi.org/10.3390/admsci16050197

https://doi.org/10.3390/admsci16050197


Adm. Sci. 2026, 16, 197 6 of 43

through clearly defined norms and repeatable interaction patterns (Argyris, 1994; Hepburn
et al., 2022).

Methodologically, Action Science integrates theory and practice into a coherent frame-
work. Learning is demonstrated not as abstract knowledge, but through improved capa-
bilities and measurable results within a specific organizational context. This represents
a key strength of action-oriented research, as leaders require approaches that are both
theoretically rigorous and practically effective in real-world conditions. By grounding
intervention in explicit theory-of-action principles (such as behaviour, governing norms,
reasoning, and argumentation), Action Science enables leaders to examine how their ac-
tions produce particular outcomes. It therefore offers a structured learning system that can
be audited, refined, and continuously improved. Rather than functioning as a one-time
training method, Action Science establishes an ongoing learning process embedded in
everyday managerial practice (Dick & Greenwood, 2015; Friedman & Rogers, 2009).

Regarding decision-making and empowerment, Action Science enhances productivity
by improving the quality and speed of evidence-informed decisions while simultaneously
reducing hidden conflicts. Evidence-informed decision-making frameworks emphasize
systematic processes (from identifying decision needs to translating evidence into practice)
because organizations often fail not due to a lack of competence, but because of ineffective
processes for transforming information into coordinated action. Action Science comple-
ments these frameworks by strengthening the micro-skills required for evidence-based
work in group settings, including clarifying claims, distinguishing data from interpretation,
testing causal assumptions, and reaching agreement on next steps with clearly defined
accountability. This combination increases individual empowerment, as employees can par-
ticipate meaningfully in decision-making rather than merely comply with opaque directives
(Argyris, 2000; Poot et al., 2018).

Action Science is well-suited for change management, as it conceptualizes change
as iterative learning under real constraints rather than as the linear implementation of a
top-down plan. The outcomes of strategic change depend on leadership, learning, and
motivation—particularly on an organization’s capacity to learn from implementation
feedback and to adapt accordingly. Action Science equips leaders with the capability to
diagnose weaknesses without assigning blame, to experiment with new practices, and to
revise governing assumptions when reality contradicts planned strategies. Furthermore,
Action Science positions real organizational problems as opportunities for leadership
development, recognizing that leaders learn most effectively when reflection and action
are closely integrated around authentic challenges (Appelbaum et al., 1998; Horan, 2007;
Volz-Peacock et al., 2016).

The aforementioned methodology enhances the quality of managerial work, thereby
driving performance outcomes such as improved coordination, fewer unproductive con-
flicts, faster learning cycles, and more robust strategy implementation in uncertain envi-
ronments. As work becomes increasingly interdependent, including in virtual and hybrid
teams, leadership effectiveness depends heavily on communication that motivates, aligns,
and sustains engagement. These mechanisms have been empirically linked to effective
e-leadership and the strategic use of motivating language. Action Science provides clear
tools for transforming collaborative capabilities into measurable results, including higher
productivity, greater reliability, and ultimately sustainable profitability (Appelbaum et al.,
1998; Argyris, 2000; Fan et al., 2014).

Contemporary research across action research, organizational learning, and human
action theories consistently emphasizes that effective organizational development depends
on integrating reflective inquiry, structured dialogue, evidence-informed decision-making,
and adaptive learning processes. Transformational theory and action research traditions
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demonstrate that theory and practice must be interconnected to generate meaningful
change and strengthen professional capability (Coghlan & Rigg, 2021; Moreno-Poyato
et al., 2023; Redman-MacLaren & Mills, 2015). Studies on argument-based inquiry and
recursive learning highlight that disciplined discussion, structured reasoning, and iterative
feedback loops enhance collective understanding and the robustness of decisions in complex
environments (Hammond, 2013; Weiss et al., 2022). Evidence-informed decision-making
frameworks further stress the importance of systematic processes that translate knowledge
into coordinated action, thereby strengthening accountability and empowerment (Poot
et al., 2018). Research on interactive and feedback-driven learning systems shows that
timely corrective input and adaptive adjustment mechanisms improve performance and
behavioural alignment (Celemin & Ruiz-del-Solar, 2015; Kim et al., 2017). Action-oriented
professional development has been found to enhance leadership effectiveness and practical
competence over time (Feldman et al., 2022; Young et al., 2021). Theoretical analyses of action
and motivation underline that human behaviour is guided by internalized norms, goals, and
reasoning processes, and that productive performance emerges when cognition, identity, and
context are aligned (Asma, 2021; Eyster et al., 2022; Frese & Gielnik, 2023; Marshall et al., 2021;
Urhahne & Wijnia, 2023). From a change management perspective, effective transformation
requires revisiting underlying assumptions and systemic behaviours rather than merely
correcting surface-level errors (Luechtefeld, 2005), mobilizing creative and knowledge-based
capacities (Choain & Malzy, 2019), and critically examining implicit organizational norms and
power dynamics that shape learning processes (Raaijmakers et al., 2018).

The studies presented provide a coherent foundation for leadership models grounded
in theory-of-action principles, dialogic competence, feedback-driven adaptation, and struc-
tured problem-solving as key drivers of organizational effectiveness and sustainable per-
formance. The analysis demonstrates that Action Science aligns closely with contemporary
organizational and policy-level demands. In an environment characterized by digital
transformation, geopolitical uncertainty, AI integration, and increasing interdependence of
work, managers are required to think strategically, make evidence-informed decisions, lead
change, and foster collaborative problem solving. Action Science addresses these demands
by strengthening core managerial competencies such as explicit reasoning, double-loop
learning, constructive dialogue, feedback capability, and disciplined decision-making. By
reducing defensive routines and promoting transparent, accountable communication, it
enhances the quality of managerial work and supports sustainable organizational devel-
opment. The broader research and strategic policy context emphasize the need for digital
competence, innovation capability, resilience, and data-driven leadership.

The proposed LeadWinO model extends Action Science principles by integrating them
with Scandinavian collaborative traditions and embedding them within a digital evaluation
framework. This integration responds to the growing need for measurable, systematic,
and practice-oriented organizational development models. Overall, management-oriented
organizational development models are essential for increasing employee productivity,
improving coordination and decision quality, and ensuring long-term organizational effec-
tiveness and profitability. In complex and uncertain environments, such models provide
managers with structured frameworks that transform leadership capabilities into sustain-
able performance outcomes.

The proposed LeadWinO model should not be interpreted as fully aligned with either
Action Science (AM) or the Finnish consensus-based management concept (FIN). Instead,
it integrates selected principles from both approaches in a complementary manner. While
AM provides a strong foundation for reflection, learning, and evidence-based improvement,
and FIN emphasizes collaboration and shared understanding, the model recognizes the
practical limitations of each approach. Consensus-based decision-making, as promoted in
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the Finnish model, may be less suitable in situations requiring rapid responses, as it can
slow down the decision-making process. Therefore, the LeadWinO model adopts a balanced
perspective, combining reflective and collaborative elements with the need for timely and
effective managerial action in dynamic organizational environments.

2.2. Scandinavian Methodology Concept

The Scandinavian, particularly Finnish, leadership concept is based on the principles
of consensus, trust, transparency, and participatory engagement. However, empirical
research suggests that such a system may be less effective under certain organizational
conditions. In crisis situations, Nordic leadership theory emphasizes the importance of
open and participative communication (Haavisto & Linge, 2022). Nevertheless, in practice,
the inclusion of all stakeholders and the pursuit of unanimous agreement can slow decision-
making, as not all parties may be willing or able to reach consensus, thereby constraining
rapid, decisive action when it is most needed. Participatory decision-making processes
within a consensus-oriented framework require advanced argumentation skills, careful
preparation, and structured deliberation. Without clear methodological frameworks and
explicit criteria for evaluating competing viewpoints, consensus may result in negotiated
compromise rather than the most analytically robust or strategically optimal solution.
Consequently, while consensus-based leadership can enhance legitimacy and relational
cohesion, it may simultaneously reduce decision speed and strategic clarity in time-sensitive
or high-uncertainty contexts (Larison, 2022; Morente-Molinera et al., 2021).

Some important insights are from the research in public policy and community
boundary-making, which demonstrates that the question of who is included in a consensus-
building process is an inherently political question, and that negotiation processes may
obscure underlying power structures rather than neutralize them (Puumala & Maïche,
2021; Salomaa et al., 2018). Furthermore, consensus-oriented systems can be vulnerable to
rhetorical strategies in which scientific or expert agreement becomes politicized, shifting
the debate toward symbolic positioning rather than outcome-oriented problem-solving
(Kukkonen & Malkamäki, 2024; Säntti et al., 2021). These findings suggest that consensus it-
self does not guarantee decision quality or an effective implementation process, particularly
in contexts characterized by competing interests and contested knowledge claims.

Within the context of leadership competencies, the Finnish coaching and mentoring
model emphasizes the importance of dialogue and sustained time investment in people
development (Geeraerts et al., 2015; Pulkkinen et al., 2015). However, from a performance-
oriented perspective, prolonged reflection and process-centred interaction may be difficult
to reconcile with increasing demands for efficiency, measurable outcomes, and rapid
execution. Expert assessments regarding the future of hospital leadership in Finland,
for example, indicate that stronger strategic and managerial capabilities will be required
beyond the cultivation of a collaborative culture alone (Pihlainen et al., 2019a, 2019b). This
suggests that the principle of consensus, while valuable for fostering relational quality and
inclusive people management, is insufficient on its own for achieving defined organizational
objectives, and that additional structured methodologies are necessary to ensure effective
leadership and goal attainment.

Research on the trust aspect of CEO–board relationships provide important insights,
demonstrating that trust is a dynamic, inherently fragile construct that evolves over time
and is sensitive to strategic alignment and interpersonal expectations (Koskinen & Lämsä,
2016, 2017). Consequently, an excessive emphasis on harmony and relational cohesion
may inadvertently suppress open confrontation on critical strategic issues, thereby limiting
constructive challenge and robust decision-making. Studies on organizational ethics and
innovativeness further indicate that while an ethical organizational culture can create
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favourable conditions for innovation, the relationship is not automatic or self-sustaining.
Effective managerial tools are required to translate normative values into concrete action
and measurable outcomes (Riivari & Lämsä, 2014, 2019). In the absence of structured,
performance-oriented methods, collaboration risks remaining a normative aspiration rather
than an operational driver of organizational effectiveness.

Research on collective work and organizational learning in Finland indicates that the
development of teamwork and systems intelligence can enhance reflective capacity and
improve the quality of interpersonal interaction (Antinluoma et al., 2021; Törmänen et al.,
2022a, 2022b). However, these improvements do not automatically translate into increased
productivity unless they are accompanied by clearly defined performance indicators and
well-established accountability structures. In other words, enhanced reflection and interac-
tion quality alone are insufficient to ensure measurable organizational outcomes without
corresponding performance management mechanisms. Even neuropsychological research
on collaboration demonstrates that interpersonal synchronization can occur without physi-
cal co-presence (Wikström et al., 2022). Nevertheless, effective coordination and sustained
performance remain dependent on structured task organization, clearly defined roles,
and systematic operational processes. Thus, while relational alignment is important, it
must be complemented by formal organizational structures to achieve consistent efficiency
and results.

Research on argumentation and interaction modes demonstrates that inquiry-oriented
communication (focused on exploration and questioning) and advocacy-oriented commu-
nication (focused on defending a position) produce distinct emotional and physiological
responses (Leppänen et al., 2018). In a consensus-driven culture, there may therefore be a
tendency to privilege inquiry while avoiding more explicit forms of confrontation, even
when constructive advocacy is necessary to achieve clarity, resolve disagreements, and reach
decisive conclusions. Such avoidance may preserve relational harmony but can reduce
analytical sharpness and strategic decisiveness. In complex innovation–efficiency ten-
sions, managers frequently face the challenge of organizational ambidexterity—balancing
exploration and exploitation simultaneously. Under these conditions, excessively broad
participation and prolonged consensus-seeking may complicate timely and directionally
coherent strategic choices (Papachroni et al., 2016). While inclusion enhances legitimacy, it
may also diffuse responsibility and delay commitment, particularly when organizations
must reconcile competing priorities under performance pressure.

Research on knowledge management in Finnish companies shows that even in or-
ganizations characterized by a strong culture of trust, structured processes and clearly
defined management tools are necessary to ensure that knowledge is effectively translated
into tangible results (Kianto et al., 2018). In other words, trust alone does not automati-
cally lead to improved performance without systematic management practices. Similarly,
studies on corporate social responsibility and work–family practices reveal a gap between
organizational discourse and actual implementation (Heikkinen et al., 2021; Heikkinen &
Lämsä, 2017; Kangas & Lämsä, 2021). This suggests that normative values and declared
principles do not automatically transform into effective action. Without concrete struc-
tures, accountability systems, and operational methods, organizational ideals may remain
rhetorical commitments rather than drivers of measurable outcomes.

The analyzed studies indicate that collaboration- and consensus-based processes can
strengthen personal efficiency and organizational performance; however, their effective-
ness depends on the presence of structure and clearly defined methodological principles.
Research on contentious projects demonstrates that early stakeholder involvement, fa-
cilitated negotiations, and transparent communication enhance trust and support the
implementation of change, although decision quality ultimately depends on the strength of
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argumentation and the balance of power relations (Laukka et al., 2021). The Delphi method
further illustrates that structured expert dialogue combined with iterative feedback can lead
to well-founded agreement and the development of professional competencies, provided
that decision logic and evaluation criteria are explicitly defined (Kielo-Viljamaa et al., 2022).
From a values-based leadership perspective, empathy, care, and universalism are associated
with higher-quality mentoring and coaching practices, as well as transparent behaviour
that fosters organizational trust (Miralles-Armenteros & Guinot, 2023). In addition, the
systems intelligence perspective emphasizes the importance of reflection, conscious com-
munication, and holistic system awareness for effective teamwork and problem solving
(Jumisko-Pyykkö et al., 2021). Research on consensus and measurement approaches shows
that the chosen evaluation logic itself can shape how results are interpreted, indicating
that effectiveness depends not only on dialogue but also on clearly defined performance
indicators and accountability mechanisms (Ilmakunnas & Mäkinen, 2021).

Although Scandinavian, particularly Finnish, consensus-based leadership strengthens
trust, openness, and collaboration, empirical research indicates that in the absence of
a clear approach for structured argumentation, decision escalation, accountability, and
performance measurement, it may be less effective in contexts characterized by high
uncertainty, innovation-related tensions, and crisis situations (Polterovich, 2022; Sutherland
et al., 2022). Therefore, the principle of consensus should not be regarded as inherently
effective in and of itself. Rather, it functions as a cultural orientation that promotes inclusion
and dialogue, but its practical effectiveness depends on the presence of clearly defined
decision-making ways, explicit accountability approaches, measurable performance criteria,
and formal processes for resolving disagreements and escalating unresolved issues. Without
such complementary frameworks, consensus may remain a relational ideal rather than a
reliable mechanism for ensuring timely, high-quality, and strategically coherent decisions.

2.3. Other Alternative Methodologies for Organizational Development

An analysis of commonly discussed methodologies for organizational development
and effective workplace relationships reveals a lack of empirically proven alternatives.
Instead, the literature often refers to individual management approaches or, in some cases,
methods insufficiently supported by scientific evidence and may be considered pseudo-
methods. In recent years, there has been a growing tendency to refer to management
models associated with the Basque region. However, no evidence-based method, such
as the “Basque method” or “Basque methodology,” has been identified in the scientific
literature. Rather, existing studies refer to research conducted within the Basque Country
as a geographical and institutional context, not as a distinct methodological framework.

Estensoro et al. (2025) examine the application of action research to the transformation
of public-sector organizations and territorial governance. Their empirical study is based on
the Basque Country, particularly the Bilbao Next Lab case. The authors employ a systemic
action research approach, emphasizing the importance of collaboration between policy-
makers and researchers. This approach is based on joint problem framing, experimentation,
and iterative reflection, involving multiple stakeholders, including public organizations,
experts, and institutional actors. The study highlights that transformation processes ex-
tend beyond individual organizations to encompass inter-organizational relationships and
broader governance structures, all of which are shaped by collaborative practices.

Furthermore, in another research, the Basque Country is selected in the literature as
an example of a highly developed innovation ecosystem, where relationships between
corporations and startups are actively initiated, developed, and sustained within a sup-
portive institutional environment. The region is characterized by a strong industrial base
and an active role of public institutions in fostering innovation. The Basque Government has
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implemented targeted initiatives, such as accelerator programmes (e.g., BIND 4.0), to promote
partnerships between large corporations and startups. In addition, the Basque innovation
system demonstrates a high level of coordination among key actors, including corporations,
startups, research institutions, and government organizations. This creates favourable conditions
for the development of open innovation practices (Pillado-Arbide, 2024).

An overview of training topics for managers nowadays shows that Neuro-Linguistic
Programming (NLP) training is still being offered. However, an analysis of this topic in
the scientific literature reveals that NLP is primarily examined in the context of mental
health and psychotherapy, rather than as a methodology for management or organizational
development. For example, Kattimani and Abhijita (2024) review existing empirical studies
and conclude that NLP is sometimes used as a supportive psychological technique, yet
there is insufficient scientific evidence to justify its practical application. NLP has not
been validated as a methodological system and cannot be considered a reliable tool for
organizational or managerial use. Similarly, the study by Wang et al. (2025) provides
a critical bibliometric and theoretical analysis of NLP. The authors identify significant
theoretical weaknesses, emphasizing the absence of a consistent scientific foundation and
the misalignment of its core assumptions with established research paradigms. Their
findings indicate that NLP is not recognized as a scientifically based model and is not
supported by robust empirical evidence. Due NLP theoretical and empirical limitations, it
is critically evaluated and excluded from this study as a scientifically unsupported approach
to organizational development.

Recent studies emphasize AI-driven management and Natural Language Processing
(NLP) tools as emerging approaches for organizational development. These approaches
primarily focus on using data analytics and intelligent systems as tools to support timely
decision-making, process management, knowledge creation, and communication (Raina
et al., 2026). NLP is used as a tool to analyze and generate insights from textual and
communication data. Such approaches can be useful for studying organizational devel-
opment, as they enable data-driven decision-making; however, they are not suitable as
standalone methodologies for developing organizations themselves. Despite the relevance
of AI-driven management and NLP tools, they are not applied in this study because, first,
they function as analytical tools rather than comprehensive methodologies, and second,
this research is grounded in Action Science methodology and the Finnish consensus-based
management approach, which prioritize human interaction, reflective learning, and shared
understanding over technologically mediated analysis.

An analysis of recent scientific studies shows that digital transformation methodolo-
gies and AI-driven systems are increasingly used to implement organizational change.
These approaches emphasize integrating digital technologies into organizational processes
and contribute to improved decision-making, innovation, and operational efficiency (W.
Li et al., 2026; X. Li et al., 2026). Digital transformation is often understood as a systemic
change process in which organizations adopt new technologies alongside structural and
cultural transformations. AI-driven digital transformation systems encompass not only
the implementation of technologies within an organization but also broader changes in
how the organization operates. This includes transforming work processes, strengthening
employee capabilities, and improving decision-making. Thus, technologies are integrated
with organizational capabilities and management practices to achieve better performance
outcomes (W. Li et al., 2026; X. Li et al., 2026). Digital transformation methodologies are
relevant to the study of organizational development, as they demonstrate how organiza-
tions adapt to changing environments and adopt technological innovations. However, they
are not included in this study, as the research focuses on behaviour- and interaction-based
methodologies, rather than technology-driven transformation models.
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The literature also identifies organizational capability frameworks and models that
emphasize organizations’ ability to develop, integrate, and reconfigure internal and external
competencies to achieve sustainable performance and innovation growth (Han et al., 2025;
Santos et al., 2025). Some authors argue that an organization’s learning capability helps
transform the adoption of artificial intelligence into improved innovation outcomes (Han
et al., 2025). Similarly, capability-based frameworks show how technological innovation
enables organizations to adapt to change and achieve sustainability (Santos et al., 2025).
Although these approaches are important for analyzing organizational development and
performance, they are not applied in this study, as they focus on capability assessment
and measurement. Instead, this research is based in Action Science and consensus-based
management, emphasizing human interpersonal interaction.

The reviewed methods and methodologies are excluded from this study because they
are either not empirically validated as comprehensive management methodologies or focus
on technological and capability-based approaches, while this research is specifically based
on Action Science and consensus-based management, emphasizing human interaction,
reflection, and collaborative decision-making.

2.4. Advantages and Disadvantages of Action Science (US) and Finnish Methodologies

The key advantage of Action Science methodology lies in its explicit focus on effec-
tiveness, testable reasoning, and the observable consequences of managerial behaviour.
Argyris’ theory-of-action framework, a meta-theory, emphasizes structured argumentation,
double-loop learning, and the public testing of assumptions (Argyris, 1994, 2000). Rather
than prioritizing agreement, Action Science prioritizes decision quality, quick decision-
making, and learning validity. It directly addresses defensive routines that inhibit honest
feedback and problem-solving, thereby strengthening leaders’ mentoring, coaching, and
facilitation competencies in performance-oriented contexts. Another strength is its inte-
gration of theory and practice into an auditable learning architecture (Dick & Greenwood,
2015; Friedman & Rogers, 2009). Action Science transforms dialogue into a disciplined
problem-solving mechanism, linking communication processes to measurable outcomes
such as coordination quality, productivity, and strategic execution. It is particularly effec-
tive under conditions of ambiguity, crisis, or rapid change, where assumptions must be
questioned and governing variables revised.

Its potential limitation, however, is that it requires high cognitive discipline, emotional
maturity, and advanced argumentation skills from participants. Without sufficient training
and cultural readiness, structured confrontation and assumption testing may be perceived
as overly analytical or challenging. Therefore, while Action Science offers stronger perfor-
mance alignment and decision rigour, it demands greater behavioural competence and
organizational commitment to reflective practice.

Meanwhile, one of the primary advantages of the Scandinavian (Finnish) consensus-
based leadership concept lies in its strong emphasis on trust, transparency, participation,
and relational cohesion. This approach, which has not been scientifically validated in
any scientific paper as a methodology (as was performed in the Action Science case),
promotes inclusive dialogue, psychological safety, and stakeholder legitimacy, which
can strengthen long-term cooperation and institutional stability (Haavisto & Linge, 2022;
Koskinen & Lämsä, 2017). The concept supports mentoring-oriented leadership, open
communication, and collective sensemaking, which are valuable in knowledge-intensive
and socially complex environments. It also aligns well with ethical culture and participatory
governance traditions (Polterovich, 2022; Riivari & Lämsä, 2014).

However, its limitations become evident in contexts requiring rapid decision-making,
high strategic clarity, or achieving strong performance results. A consensus-seeking ap-
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proach can slow decision cycles, diffuse accountability, and lead to compromise solutions
rather than analytically optimal ones (Larison, 2022; Morente-Molinera et al., 2021). In crisis
situations or innovation–efficiency tensions, extensive participation may complicate the
timely making of strategic choices (Papachroni et al., 2016). Furthermore, research indicates
that trust and ethical culture alone do not automatically translate into measurable perfor-
mance outcomes without structured processes and accountability mechanisms (Kianto
et al., 2018; Heikkinen et al., 2021). Thus, while consensus leadership strengthens relational
capital, it may lack sufficient operational rigour in high-uncertainty or high-performance
environments.

In Table 1, a literature analysis on the advantages and disadvantages of Action Science
and Finnish methodologies is presented.

Table 1. Literature analysis on the advantages and disadvantages of Action Science and Finnish
methodologies (prepared by the author’s 2026).

Methodology Advantages Disadvantages Authors

Action Science (US)

Focus on observable
managerial behaviour and
explicit reasoning

Requires high cognitive
discipline Argyris (1994, 2000)

Promotes double-loop
learning and questioning
assumptions

May be perceived as
confrontational Argyris (2000); Witherspoon (2014)

Improves decision quality and
speed under uncertainty

Requires advanced
argumentation skills Argyris (2000); Poot et al. (2018)

Reduces defensive routines
and improves transparency

Needs cultural readiness for
openness Argyris (1994)

Integrates theory and practice
into a learning system

Time-intensive during early
adoption

Dick and Greenwood (2015);
Friedman and Rogers (2009)

Supports change management
through reflection Risk of over-formalization Appelbaum et al. (1998)

Improves communication and
productivity

May underemphasize
relational cohesion Fan et al. (2014)

Effective in crisis and complex
environments Requires continuous training Bolman (2021)

Scandinavian (Finnish)
Concept

Strong focus on trust and
transparency Decision-making may be slow Haavisto and Linge (2022)

Enhances psychological safety
and collaboration Risk of compromise solutions Morente-Molinera et al. (2021)

Supports inclusive leadership Diffused accountability Larison (2022)

Promotes a mentoring culture May suppress confrontation Koskinen and Lämsä (2016, 2017)

Aligns with ethical culture Ethics does not ensure
performance Riivari and Lämsä (2014, 2019)

Supports collaboration Needs structured processes Kianto et al. (2018)

Encourages systems thinking Slower strategic decisions Papachroni et al. (2016)

Improves learning and
interaction No guarantee of productivity Törmänen et al. (2022a, 2022b)

Based on scientific literature, several interconnected research gaps can be identified.
There is a lack of integrated organizational development (OD) models that systematically
combine two distinct leadership methodologies, such as the American Action Science
approach and the Finnish consensus-based culture, into a single, conceptually coherent
evaluation framework, as most studies examine these paradigms separately rather than in
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combination. Furthermore, existing research rarely focuses specifically on the OD practices
of middle- and top-level managers, instead addressing leadership in general terms, and
there is a shortage of metrics-based evaluation systems tailored to roles characterized
by politically complex, multi-layered decision-making that directly impact productivity,
coordination, and strategy implementation. A significant gap also persists between orga-
nizational learning processes and the measurement of decision quality and performance
outcomes, since dialogic feedback and structured discussion literature often demonstrates
improvements in shared understanding but does not sufficiently link these two decision
speed, quality, escalation mechanisms, or organizational KPIs. Finally, although strate-
gic policy frameworks at the EU and OECD levels emphasize the importance of digital,
strategic, and resilience-oriented managerial competencies, they do not provide opera-
tionalized mechanisms for measuring and developing these capabilities in daily managerial
practice, leaving organizations without practical, evidence-based models to evaluate the
effectiveness of OD initiatives and their impact on productivity and competitiveness.

The novelty of the research is the development of an integrated model that combines
organizational development (OD) evaluation with digital indicators and predictive an-
alytics. Although interpretable neural networks have already been applied in scientific
literature to assessment and forecasting tasks, such methodological integration remains
largely unexplored in the field of organizational development—particularly in the evalua-
tion of middle- and top-level managerial performance. Therefore, this study addresses a
research gap by bridging management and informatics and proposing a novel, empirically
testable solution for evaluating OD.

The study’s research question (RQ) is how the LeadWinO model can be used to
evaluate managerial effectiveness in organizational development under conditions of
uncertainty.

Based on the literature analysis and the identified academic gaps, the following
hypotheses are formulated in this study.

H1. The application of the Action Science methodology by middle-level managers is positively and
statistically significantly associated with higher operational leadership effectiveness compared to the
application of the Finnish consensus-based management concept.

H2. The application of the Action Science methodology by top-level managers is positively and
statistically significantly associated with higher strategic leadership effectiveness compared to the
Finnish consensus-based management concept.

H3. The application of the Finnish consensus-based management concept by middle-level managers
is positively and statistically significantly associated with lower operational leadership effectiveness.

H4. The application of the Finnish consensus-based management concept by top-level managers is
positively and statistically significantly associated with lower strategic leadership effectiveness.

The goal of the research is to create a digital model to evaluate organizational de-
velopment (OD) for middle- and top-level managers by integrating two methodologies
(American and Scandinavian) and using quantitative parameters. The research is chosen to
be conducted on the case of Lithuania.

This research has the following objectives:

1. To analyze the prominent American and Scandinavian methodologies for effective
management of companies and organizational development for discretization possi-
bilities under conditions of uncertainty.
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2. To integrate digital indicators into designing and developing the LeadWinO digital
model for valuation of the organizational development for middle- and top-level
managers using American and Scandinavian methodologies.

3. To empirically test the LeadWinO model through a study conducted among middle-
and top-level managers in Lithuania, collect, aggregate, and simulate (predict) the
survey data with an artificial neural network.

4. To train artificial neural networks and implement predictive simulation (prediction)
models for different categories of middle- and top-level managers, with the aim of
assessing managerial effectiveness and its influence on employee productivity and
overall organizational profitability in real-world conditions.

Figure 1 represents the diagram of the hypothesized relationship. Four hypotheses are
related by a common idea: increasing the effectiveness of organizational management.

                     
 

 

                       

                   

 

                         

                   

                           

                     

                     

               

           

                    

               

         

                      

                     

           

                        

                     

             

                    

                         

                   

           

                     

                       

 

             

                       

                     

                     

                         

                     

               

                 

Figure 1. Diagram of the hypothesized relationship.

Based on the strategic documents of the European Union (EU) and Lithuania, managers
in Lithuania and across Europe are currently facing complex, interrelated challenges. In an
environment characterized by high uncertainty (driven by geopolitical tensions, security risks,
energy instability, and supply chain disruptions), there is a growing demand for managers to
make sound strategic decisions under limited information. Productivity growth remains mod-
est, while intensifying international competition requires advanced managerial capabilities,
the implementation of innovation, and organizational transformation, particularly during the
transition toward a knowledge- and technology-based economy.

As digital transformation accelerates, managers are expected to lead change effec-
tively and ensure organizational resilience. Demographic shifts, labour shortages, and
generational change increase the importance of inclusive leadership and effective talent
management. Consequently, there is a growing emphasis on strengthening managers’
analytical skills, critical thinking, collaboration competencies, and data-driven decision-
making capabilities to ensure successful organizational governance and development, high
employee productivity, sustained organizational profitability, and, ultimately, long-term
economic growth and national competitiveness.

The challenges have also been identified in scholarly research. An article examining
skills gaps and leadership challenges found that organizations worldwide are facing a
growing skills shortage, particularly in leadership and organizational capabilities. The
study emphasizes that managers acknowledge deficiencies in leadership competencies as a
significant barrier to organizational competitiveness and adaptability to change, ultimately
affecting productivity (Braun et al., 2025). Similarly, Branch (2025), in an analysis of the
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impact of leadership capabilities on productivity and motivation, demonstrated that man-
agers lacking essential leadership skills (such as trust-building, effective communication,
empathy, and motivation) struggle to sustain employee productivity and engagement.
The findings indicate that insufficient leadership competencies are associated with lower
job performance. In another study on leadership and behaviour, research showed that
leadership capabilities have a statistically significant effect on employee behaviour and
organizational performance outcomes. The authors conclude that organizations must
systematically strengthen managerial competencies to enhance overall organizational ef-
fectiveness (Mohamad et al., 2025). Tagscherer and Carbon (2023) argue that successful
digitalization requires specific leadership competencies, including strategic vision, change
management, and the ability to embed technologies into organizational processes and
culture. A lack of such competencies frequently constrains digital transformation. Next
research empirically links digital leadership to organizational resilience under turbulent
conditions (Ye, 2025), while another highlights leadership deficiencies in transformation pro-
cesses and stresses that leadership is critical for integrating technologies into organizational
processes, culture, and decision-making systems. Traditional managerial competencies are
no longer sufficient (Sacavém et al., 2025). AI-driven environments require new, dynamic
leadership capabilities, particularly in human–AI collaboration and process management
(Hossain et al., 2025). Other authors identify managerial skills gaps as a barrier to AI
implementation and propose a competency framework necessary in the AI context, includ-
ing technological literacy, ethics and risk management, and data-driven decision-making
(Myszak & Filina-Dawidowicz, 2025). Artificial intelligence is also reshaping leadership
competencies, generating a need for AI-oriented mindsets, strategic AI partnership ca-
pabilities, and ethical risk governance, thereby transforming the overall configuration of
managerial skill sets (Bevilacqua et al., 2026). The ability to manage uncertainty is a critical
leadership competence (Jain & Kondayya, 2023), and communication about uncertainty and
decision-making under ambiguity are essential components of contemporary leadership
behaviour (Løhre & Halvor Teigen, 2024).

The Organisation for Economic Co-Operation and Development (OECD, 2025) empha-
sizes that although Lithuania’s economy continues to grow, it operates amid heightened
uncertainty, marked by increasing geopolitical, trade, regulatory, and financial risks. Such
an environment requires managers who can make decisions under uncertainty, manage
risks effectively, and ensure organizational resilience.

The geopolitical situation and the threat of war in the region have fundamentally
altered organizations’ operating conditions, increasing uncertainty, elevating risk, and
intensifying the need for rapid adaptation to a changing environment. Under such circum-
stances, middle- and top-level managers must be able to think strategically, make complex
decisions in uncertain and transitional contexts, maintain organizational continuity, and
safeguard employees’ psychological safety. Strengthening these competencies requires sys-
tematic, targeted academic preparation. National strategic documents and labour market
analyses indicate a growing need to enhance managerial competencies in both the private
and public sectors.

Within the European Union’s long-term development agenda, “A Europe Fit for the
Digital Age” (2019), there is a clear need to strengthen digital, managerial, and strategic
decision-making competencies at all organizational levels. This study contributes to these
objectives by providing managers with a model for effectively leading and managing
organizational transformation in the digital era.

The original LeadWinO model introduced in this study aligns with both OECD and
European Union recommendations (Organisation for Economic Co-Operation and De-
velopment [OECD], 2025) aimed at strengthening economic resilience and enhancing
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productivity. These policy frameworks emphasize that organizational competitiveness in-
creasingly depends on managers’ ability to implement innovation, manage risks effectively,
and execute strategic decisions efficiently.

Lithuania’s National Progress Plan 2021–2030 highlights the importance of strength-
ening human capital, promoting data-driven decision-making, fostering innovation, and
enhancing the capacity to adapt to evolving economic and geopolitical conditions (Vidaus
Reikalų Ministerija [Ministry of Internal Affairs], 2022). The LeadWinO model contributes
to these objectives by developing managers capable of addressing complex organizational
challenges and ensuring the long-term sustainability of organizations.

Furthermore, the LeadWinO model is consistent with the Public Governance De-
velopment Programme 2022–2030, which underscores the need to enhance managerial com-
petencies, modernize human resource management practices, and improve the operational
efficiency of public sector organizations (Lietuvos Respublikos Vyriausybė [Government
of the Republic of Lithuania], 2022). By applying the LeadWinO model, managers gain the
necessary framework to develop their competencies and effectively contribute to achieving
these strategic objectives in both the public and private sectors.

In Lithuania, based on all active enterprises (excluding agriculture, finance, and
insurance), 95.2% are micro-enterprises (0–9 employees), 3.9% are small enterprises (10–
49 employees), and 0.8% are medium-sized enterprises (50–249 employees) (Statistics
Lithuania, 2023). Therefore, it is important to examine organizational development practices
among these types of enterprises in Lithuania.

The study by Kraujalienė and Gruodis (2025) is directly related to the present re-
search, as it conceptually lays the foundation for integrating American (Action Science) and
Finnish consensus-based methodologies into a digital indicator system for evaluating orga-
nizational development. The article introduces the idea that organizational development
processes can be operationalized through measurable digital indicators, thereby linking
leadership behaviour, decision-making quality, and organizational outcomes.

The current research extends this contribution by moving from a conceptual indicator
framework to the development of a more comprehensive, empirically testable digital model,
LeadWinO, designed specifically to evaluate middle- and top-level managerial effectiveness
under conditions of uncertainty.

3. Research Methodology
3.1. Data Collection

This work is devoted to the initial analysis of the survey presented for top- and middle-
level managers (Kraujalienė, 2025). The initial number of respondents for the survey was
set at around 300 (middle- and top-level managers and owners) in Lithuania. The data
for the analysis were collected between July and December 2024. The selection criteria for
the research sample included middle- and top-level managers of Lithuanian companies
employing more than 50 employees.

Traditional evaluation of questionnaire responses is performed by selecting one or
more causal arguments that are leading according to the formed hypothesis. If one or a
few causal arguments can be conveyed in several two-dimensional or three-dimensional
diagrams and distributions, then the dependencies of several dozen arguments are simply
represented in this way. First, it is necessary to assess and to estimate the importance of
causal arguments and the relations between them. Second, to collect a complete set of all
possible distributions, which is usually impossible. Thirdly, as in all other cases, most often
the interviewees lack goodwill, and the answers are received fragmentarily and cut (what I
want—I answer, what I don’t want—I don’t). There are psychological moments here, when
the surveys are conducted anonymously through an agency, the people interviewed do
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not feel responsible for precise accuracy. Ultimately, a large proportion of fragmentary
responses had to be rejected for these reasons, and only 27 respondents (11 men, 16 women)
met the criterion for a coherent response and were included in the final model.

After evaluating the survey data, it became clear that uniform data alone is insufficient
to assess the activities of this specific group of people (managers!) across multiple parame-
ters. Linear interpolation methods could be used to create virtual data and supplement
it with real survey data. This method is sometimes used, but it has been criticized for
losing the sense of reality. It is much more correct to create a virtual data set as a first
approximation based on the real data set. Given these circumstances, survey data were
organized for simulations using a Feed-Forward Neural Network (FNN) as follows. The
main idea of LeadWinO is to use digitized data extracted from surveys using a previously
constructed template. Table 2 represents the main parameters of respondents.

Table 2. Main parameters of respondents of the research (prepared by the authors, 2026).

Abbr. Parameter Interval Digitalized Values

P01 Sex 0–1 0—man, 1—woman

P02 Age 0–3 0—(<35), 1—(36–40), 2—(41–50), 3—(>50)

P03 Organization size 0–3 0—(<10), 1—(10–250), 2—(50–250),
3—(>250)

P04 Leadership level 0–2 0—middle level, 1—top level, 2—owner

P05 Leadership period 0–5 0—(0–5), 1—(6–10), 2—(11–15), 3—(16–20),
4—(21–25), 5—(26–30)

P06 Region 0–4 0—Lithuania, 1—Vilnius, 2—Kaunas,
3—Marijampolė, 4—EMEA

P07 Field of activity 0–7
0—services, 1—real estate rental, 2—trade,
3—investment projects, 4—medicine/IT,
5—consulting, 6—education, 7—production

P08
Do you have a responsible department
or employee responsible for
organizational development?

0–1 0—absend, 1—present

P09
How do you assess your ability to
improve your own and your
organization’s performance?

1–10 From 1 to 10 ascending

P10 Does your organization have
established rules for working in teams? 1–10 From 1 to 10 ascending

P11 Do you follow the established rules of
effective groups? 1–10 From 1 to 10 ascending

P12

As a leader, do you review completed
projects/work, learn from mistakes,
and anticipate how you can improve
your actions next time?

1–10 From 1 to 10 ascending

P13 Do you know the main elements of
effective organizational work? 1–10 From 1 to 10 ascending

According to the idea of this questionnaire, a manager is related to his company
(characterized by size, parameter P03) and to the duration of his management (the range of
this position, parameter P05). Figures 2 and 3 show the amount of data on P03 and P05
parameters, respectively.
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Figure 2. Data amount on parameter P03, organization size.

                     
 

 

     

 

 

           

           

   

           

 

       

         

   

           

 
         

         
           

 

           

       

       

         

     

           

 
           

         
           

                           

                           

                                   

   

                             

 

 

                 

 

                                 

                               

                     

       

Figure 3. Data amount on parameter P05, leadership period. Blue zone: up to 35 years old (youth);
red zone: 36–40 years old; orange zone: 41–50 years old; green zone: over 50 years old.

Table 3 presents the digitalized parameters of managers’ responses within the frame-
work of American/Finnish technologies.

Table 3. Responses of the respondents within the framework of USA/Finnish (AM/FIN) methodolo-
gies (prepared by the author’s 2026).

Abbr. Parameter Interval Weight
Coefficient

AM FIN

E01 Do you know how to remove obstacles that prevent you from
improving personal and organizational performance? 1–10 1

E02 Manager-leader mentoring skills. Do you use mentoring methods to
help employees achieve higher results? 1–10 1

E03 Manager-leader coaching skills. Do you use coaching methods to help
employees achieve higher results? 1–10 0.5 0.5

E04 Manager-leader facilitation skills. How do you assess your ability to
conduct group discussions and meetings to achieve effective solutions? 1–10 0.5 0.5

E05 Effective teamwork. How do you rate your team’s ability to work
effectively and achieve goals through collaboration? 1–10 0.5 0.5

E061

How do you rate your ability to promote mature thinking and
productive behaviour in your team, to develop effective and unified
norms of behaviour in solving problems, making decisions,
communicating, collaborating, and fulfilling obligations?

1–10 1
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Table 3. Cont.

Abbr. Parameter Interval Weight
Coefficient

AM FIN

E062 Do you talk in the team about what you can do better, and how you
could implement it differently? 1–10 1

E063 Do you analyse existing challenges and effectively plan actions to
overcome them? 1–10 1

E064 Do you resolve conflicts productively to reduce employee
defensiveness? 1–10 1

E07
Do you try to understand the flow of the conversation and intervene in
it to make it more productive, avoiding defensive behaviour of group
members, aiming to avoid

1–10 1

E081
Decision-making and personal empowerment. How do you assess your
ability as a manager to empower employees to make decisions and
strengthen their professional field responsibility?

1–10 1

E082

Decision-making and personal empowerment. Does the organization
use a unified decision-making tool that helps to solve problem
situations by reducing conflicts and ensuring consensus and the best
solution?

1–10 1

E091

Difficult conversations and effective feedback. Do you use a form/tool
for discussing difficult conversations/problem situations, including
positive and corrective feedback, that helps you analyse the complex
situation and plan actions

1–10 0.5 0.5

E092 Difficult conversations and effective feedback. Do you know what the
main steps are for providing feedback? 1–10 1

E10

Learning from mistakes (double-loop learning). How do you assess the
organization’s ability to learn from experience and adjust its actions
based on new knowledge (double-loop learning, for example, through
sharing information after project activities, which helps to solve
problems more effectively in the future, as well as to evaluate and
improve existing regulations, processes, goals, etc.)?

1–10 0.5 0.5

E111 Problem-solving and change management. Does your organization
encourage and manage changes? 1–10 0.5 0.5

E112 Problem-solving and change management. Do you have tools/rules in
your organization for solving problems? 1–10 0.5 0.5

E113 Problem-solving and change management. Do you solve with or
without the people involved? 1–10 1

E141 Principles of the theory of action science. Does the organization adhere
to uniform values and behavioural norms? 1–10 0.5 0.5

E142 Principles of action science theory. Are reasoned thinking and
continuous learning from actions encouraged? 1–10 0.5 0.5

E143 Principles of action science theory. How do you assess the culture of
cooperation in your organization? 1–10 1

E12

Application of the consensus principle. Do you follow the consensus
principle in your work? (achieving consensus (unanimity) of all
interested parties without exception, avoiding conflicts,
decision-making is not based on data, but more on opinion/emotional
basis, sometimes

1–10 1

E151 Communication. How do you assess your communication as a manager
with subordinates and colleagues? 1–10 0.5 0.5

E152 Communication. How do you assess communication between
colleagues and subordinates? 1–10 0.5 0.5
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Table 3. Cont.

Abbr. Parameter Interval Weight
Coefficient

AM FIN

E153 Communication. How do you assess the organization’s overall
communication? 1–10 0.5 0.5

E161
Transparent behaviour (trust building, openness). How do you assess
the organization’s transparency in terms of trust-building and
openness?

1–10 1

E162
Transparent behaviour (trust building, openness). How do you assess
the ability of managers to strengthen the principles of trust building
and openness?

1–10 1

E163 Transparency as a value. Is all necessary, correct, and understandable
information shared in the organization in a timely manner? 1–10 1

E164
Information as a value. Are decisions in the organization made based
on all the information necessary for the decision, and do you feel
personal responsibility for the decisions made?

1–10 0.5 0.5

E165
Accountability (the obligation to be transparent and responsible for
one’s actions and decisions). How do you assess accountability among
members of the organization, regardless of their power and position?

1–10 0.5 0.5

To avoid truncation of survey data, simple filtering was applied. Finally, thirteen
parameters (P01. . .P13) were titled as the input parameters for ANN—see Table 2. This
set includes seven parameters (P01. . .P07) related to the manager person, organization size,
region, field of activity, and six parameters related to the self-assessment of the manager’s
abilities (P08–P13). Thirty parameters (E1. . .E165) were titled as the output parameters for
ANN—see Table 3. This set includes fifteen parameters of pure AM (weight coefficient
βAM = 1), one parameter of pure FIN (βFIN = 1), and fourteen parameters of both (βAM =
βFIN = 0.5).

Survey data presented for simulations using FNN were presented in the following
form. A set of survey data, AAA(27), containing 27 observations, was confirmed as valid
due to the absence of value gaps. P1. . .P13 parameters were used as ANN input parameters.
Two output parameters were generated for each observation as the accumulated parameters
SAM and SFIN:

SAM =
N

∑
i = 1

Eiβ
AM. (1)

SFIN =
N

∑
i = 1

Eiβ
FIN . (2)

where N represents the number of answer positions (0–29, different for AM and FIN), Ei

represents the value of the respondent’s answer in the interval (1, 10), and βAM and βFIN

represent the weight coefficients for the corresponding subset presented in Table 3 (AM
and FIN, respectively).

For prediction, two large data sets, BBB(46,080)(10), BBB(46,080)(5), consisting of 46,080
observations (events) were constructed for the input layer: the first consists of idealized
parameters (P09 = P10 = P11 = P12 = P13 = 10), and the second consists of parameters close to
reality (P09 = P10 = P11 = P12 = P13 = 5). Other parameters were presented in all possible
forms, as specified by the survey. The final number of observations is 46,080 = 2 × 4 × 4 × 3 ×
6 × 5 × 8 × 2 (all possible states according to Table 2 for parameters P01. . .P08, respectively).
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For ANN simulation, all data must be converted from presented input values Xi

(i = 0; P) and output values Yj (j = 0; R) to their respective fuzzy logic values XXi, YYj in
either forward or backward direction, in accordance with the specified formulas:

XXi =
Xi − XMIN

XMAX − XMIN
(3)

Xi = XMIN + XXi(XMAX − XMIN). (4)

Here, XMIN and XMAX denote the minimum and maximum values of the data set Xi

(i= 0; P), respectively. After calibration, XXi values will be presented in the interval (0, 1).

3.2. Artificial Neural Network Simulation Technique for Training, Validation, and Prediction

A desktop computer with an Intel(R) Core(TM) i5-6400 CPU @ 2.70 GHz, 8 GB RAM,
running Windows 10 Pro, version 22H2, was used for simulations. The central part
of the LeadWinO model represents the advanced tool VALLUM01 (Gruodis, 2025) as an
implementation of an Artificial Neural Network (ANN) (containing two classes: Neural
Network and Matrix (Sonawane, 2025), which was described, tested, and previously used
(Matijošius et al., 2024a, 2024b). Table 4 presents the ANN simulation parameters.

Table 4. Parameters of Artificial Neural Network simulations.

Behaviour or Parameter Name or Value

Realization of ANN Feedforward Neural Network (FNN)
Package name VALLUM01 (Gruodis, 2025)
Architecture of ANN FNN containing a single hidden layer
Nonlinear function sigmoid
Input layer number of units P = 13
Hidden layer number of perceptrons Q = 30
Output layer number of units R = 30
Learning rate 0.01
Optimization algorithm Gradient descent
Training interval number of epochs until 200,000,000
Training until escape number of epochs 115,269,243
Escape parameter for the end of training TNE2 < 9.87 × 10−10

Training amount number of observations (events) N = 27
Prediction amount number of observations (events) N = 46,080

The schema of the Feedforward Neural Network (FNN) is presented in Figure 4.
The VALLUM01 package, which features a graphical, user-friendly interface for input,
output, and control, was developed using the Eclipse Java IDE. Two distinct plugins were
employed to convert data from any real interval to a fuzzy logic interval (0; 1), facilitating
both forward and backward transformations for input and output. The main behaviour of
VALLUM01 is the implementation of an FNN with an input layer (P = 13 units), a single
hidden layer, and an output layer (R = 30 units). The hidden layer consists of the requested
number of perceptrons Q = 30. Quantities of input/output layers are presented in Figure 4.
As a result of the adjustments made, bias was incorporated into the hidden layer. The
nonlinear sigmoidal function, characterized by its S-shaped curve, was employed:

σ(x) =
1

1 + e−x (5)
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Figure 4. Artificial Neural Network (ANN) architecture illustrating the interactions among the input
layer, a single hidden layer, and the output layer. The block schema of an ANN in the realization
of a Feed-Forward Neural Network (FNN) is shown: the input layer, P = 13 units (yellow); a single
hidden layer, Q = 30 perceptrons (blue); and the output layer, R = 30 units (green). Routine operations
are executed sequentially from left to right. Biases are included in each perceptron unit in the hidden
layer for adjustment purposes. Units in the input and output layers operate over the fuzzified
interval (0, 1).

4. Results
4.1. Training of Feedforward Neural Network Using Data of Organizational Development Practices
of Middle-, Top-, and Owner-Level Managers

The first stage of using an ANN is to define the training procedure. The successful
configuration of ANN is presented in Table 4 (input layer, P = 13, single hidden layer
Q = 30, output layer R = 30). A set of survey data (27 observations) was used. The quality
of training can be characterized by the evolutionary dependence of several parameters,
such as Total Network Error (TNE), Root Mean Square Error (RMSE), and Mean Absolute
Percentage Error (MAPE). In program VALUE01, the key parameter for management of the
training interruption process is TNE:

TNE2 =
1
N ∑N

i = 1

(
Xcurrent

i − Target f ix
i

)2
(6)

The target value is obtained from the survey as Ei, and the current value is obtained in
simulations at each epoch. N represents the number of observations (events). Training had
escaped by distinguishing the number of epochs, 115,269,243, upon receiving TNE2 < 9.87
× 10−10. Figure 5 represents the evolution of the successful training process. We estimated
that the received TNE value

TNE =
√

9.87 ∗ 10−10 = 3.142 ∗ 10−5 (7)

It is enough for high-precision simulation.

4.2. Validation of Feedforward Neural Network

For validation, the same data set (27 observations) was used. Due to the low TNE
value, the deviations between the simulated and original values are negligible. Figure 6
represents the distribution of E03 parameter on RolNo. Survey values E03 and simulated
values E03* cover each other. It means that training has converged, and the simulated
values EXX* correspond to the original values with satisfactory deviation.
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Figure 5. The log-log dependence of TNE2 on the number of epochs, which represents the quality of
ANN training. The number of observations (27 events) has been recorded. The single hidden layer
consists of Q = 30 perceptrons. The training process was interrupted after reaching epoch 115,269,243,
with TNE2 < 9.87 × 10−10.

                     
 

 

 

                           

                               

   

                     

                         

                         

                                 

                             

                                   

                     

                       

                           

                               

                                     

     

                             

     

         
   

   
 

                 
   

   

                     
   

   

         
   

 
     

   

   

                   
   

   

                       
   

   

                     

                             

Figure 6. Dependence of E03 parameter (Manager-leader coaching skills. Do you use coaching methods to
help employees achieve higher results?) on RolNo. Survey values E03 and simulated values E03* cover
each other.

4.3. Predictions Using a Feedforward Neural Network for a Virtual Dataset

A successfully trained and validated ANN was used for prediction. Two large data sets
consisting of 46,080 virtual observations (events) were constructed for the input layer: the
first BBB(46,080)(10) consists of idealized parameters (P09 = P10 = P11 = P12 = P13 = 10), and
the second BBB(46,080)(5) consists of parameters that are close to reality (P09 = P10 = P11
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= P12 = P13 = 5). Generated output layer of thirty parameters Ex was recalculated using
Equations (4) and (5) for accumulated parameters SAM and SFIN.

A large amount of data, SAM, SFIN (different scenarios D1. . .D5, different manager
quality parameters P09. . .P13 as 10 or 5 (presented in parentheses), was visualized using
five cuts, described in Table 5. In all cases, values of the first and second arguments are
validated for integer numbers 0, 1, 2, 3, . . ., but not for any intermediate value of real type,
for example, 0.5, etc.

Table 5. Different cuts of simulated data (arguments according to notations in Table 2) (prepared by
authors, 2026).

Abbr. Argument 1 Argument 2 Values in Colour Scale Figures

D1(10), D1(5) P01 (sex) P02 (age) SAM SFIN Figures 7 and 8

D2(10), D2(5) P03 (organization size) P04 (leadership level) SAM SFIN Figures 9 and 10

D3(10), D3(5) P04 (leadership level) P05 (leadership period) SAM SFIN Figures 11 and 12

D4(10), D4(5) P04 (leadership level) P06 (region) SAM SFIN Figures 13 and 14

D5(10), D5(5) P03 (organization size) P07 (field of activity) SAM SFIN Figures 15 and 16

                     
 

 

                           

                           

                           

                       

                         

                             

 

   

(a)  (b) 

                               

                       

                     

                       

                               

                           

                             

                                   

                           

                         

                         

                         

                     

         

   

   

Figure 7. D1(10) map distribution of accumulated parameters SAM (a) and SFIN (b) on two digitalized
arguments: P01 (sex, 0—man, 1—women) and P02 (age, 0—(<35), 1—(36–40), 2—(41–50), 3—(>50)).
P09 = P10 = P11 = P12 = P13 = 10.
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Figure 8. D1(5) map distribution of accumulated parameters SAM (a) and SFIN (b) on two digitalized
arguments: P01 (sex, 0—man, 1—women) and P02 (age, 0—(<35), 1—(36–40), 2—(41–50), 3—(>50)).
P09 = P10 = P11 = P12 = P13 = 5.
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Figure 9. D2(10) map distribution of accumulated parameters SAM (a) and SFIN (b) on two digitalized
arguments: P03 (organization size, 0—(very small, <10), 1—(small, 11–50), 2—(middle, 51–250),
3—(large, >250)) and P04 (leadership level, 0—(middle level manager), 1—(top level manager),
2—(owner)). P09 = P10 = P11 = P12 = P13 = 10.
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Figure 10. D2(5) map distribution of accumulated parameters SAM (a) and SFIN (b) on two digitalized
arguments: P03 (organization size, 0—(very small, <10), 1—(small, 11–50), 2—(middle, 51–250),
3—(large, >250)) and P04 (leadership level, 0—(middle level manager), 1—(top level manager),
2—(owner)). P09 = P10 = P11 = P12 = P13 = 5.

Figure 7 shows the idealized D1(10) map distribution of the accumulated parameters
SAM and SFIN (colour scale: (3.60; 6.84)) for two digitalized arguments: P01 and P02. Figure 7
represents a close-to-reality D1(5) map distribution of the same type (colour scale: (2.42;
3.85)). For ideal representation (Figure 7a,b), sex (P01) and age (P02) of managers were used
as parameters in AM framework. The highest AM grade was established for women aged
41–60. For men-managers, the accumulated AM parameter falls around 1.5 times. These
tendencies indicate that women managers are better suited to the knowledge and skills
required by AM methodology in practice. The same tendency is evident in FIN distribution.
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Figure 11. D3(10) map distribution of accumulated parameters SAM (a) and SFIN (b) on two digitalized
arguments: P04 (leadership level, 0—(middle level manager), 1—(top level manager), 2—(owner))
and P5 (leadership period, 0—(0–5), 1—(6–10), 2—(11–15), 3—(16–20), 4—(21–25), 5—(26–30)). P09 =
P10 = P11 = P12 = P13 = 10.
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For close-to-real representation (Figure 8a,b), the red area expands to the man category
(age 41–50 only). FIN case shows activated are for men aged 41–60 with very low grade
(3.22 < 3.8). According to the distribution presented in the AM framework, effective
management of women is weakly related to age (a large activity interval of 36–55) (see
Figures 7 and 8), whereas for men, it is only related to age (41–50). This tendency is not
overlapped by additional factors: for experienced men aged 41–55, a small green area is
present—see Figure 7b. Women managers across several age intervals between 35 and
55 achieved the highest SAM coefficient scores, whereas men reached the same level only
within a narrow-fixed age range of 41–50. This means that men’s leadership tendencies
within the AM framework are significantly worse compared to women’s leadership within
the same age range.
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Figure 13. D4(10) map distribution of accumulated parameters SAM (a) and SFIN (b) on two digitalized
arguments: P04 (leadership level, 0—(middle level manager), 1—(top level manager), 2—(owner))
and P6 (region, 0—(whole Lithuania), 1—(Vilnius district), 2—(Kaunas district), 3—(Marijampole
district), 4—(EMEA)). P09 = P10 = P11 = P12 = P13 = 10.
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Figure 14. D4(5) map distribution of accumulated parameters SAM (a) and SFIN (b) on two digitalized
arguments: P04 (leadership level, 0—(middle level manager), 1—(top level manager), 2—(owner))
and P6 (region, 0—(whole Lithuania), 1—(Vilnius district), 2—(Kaunas district), 3—(Marijampole
district), 4—(EMEA)). P09 = P10 = P11 = P12 = P13 = 5.

Figure 9 shows the idealized D2(10) map distribution of the accumulated parameters
SAM and SFIN (colour scale: (3.8; 6.5)) for two digitalized arguments: P03 and P04. Figure 10
represents a close-to-reality D2(5) map distribution of the same type (colour scale: (2.04;
4.15)). For ideal representation (Figure 9a,b), organization size (P03) and leadership level
(P04) of managers were used as parameters in AM framework. The highest AM grade was
established for top-level managers (P04 = {1}) in very small, small, and middle organizations
(P03 = {0; 1; 2}). In other words, top-level managers are vitally interested in effectively
managing small and medium companies, and this is only possible with high-level skills in
applying AM methodology. This tendency is extended to the owner level using the FIN
methodology. It is observed that the knowledge and skills of middle-level managers to use
the AM methodology are significantly lower (up to 1.5 times).
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Figure 15. D5(10) map distribution of accumulated parameters SAM (a) and SFIN (b) on two digitalized
arguments: P03 (organization size, 0—(very small, <10), 1—(small, 11–50), 2—(middle, 51–250), 3—(large,
>250)) and P07 (field of activity, 0—services, 1—real estate rental, 2—trade, 3—investment projects,
4—medicine/IT, 5—consulting, 6—education, 7—production). P09 = P10 = P11 = P12 = P13 = 10.
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Figure 16. D5(5) map distribution of accumulated parameters SAM (a) and SFIN (b) on two digitalized
arguments: P03 (organization size, 0—(very small, <10), 1—(small, 11–50), 2—(middle, 51–250), 3—(large,
>250)) and P07 (field of activity, 0—services, 1—real estate rental, 2—trade, 3—investment projects,
4—medicine/IT, 5—consulting, 6—education, 7—production). P09 = P10 = P11 = P12 = P13 = 5.

The same tendency is evident in the FIN distribution, which is expanded to the owner
level (P04 = {1; 2}). For close-to-real representation (Figure 10a,b), the red area expands
to very large organizations (P03 = {0; 1; 2; 3}). The FIN case shows an activated area for
very large organizations (P03 = {3} and owners only (P04 = {2}). The presented distribution
must be explained from a psychological perspective: ineffective management aligns with
consensus practice, whereas effective leadership is most prominent with the AM approach
(see Figures 9 and 10). The results of the research, which closely reflect the real case,
show that applying the FIN methodology to management at the owner level is acceptable
but insufficient, as achieving consensus requires significant time and human resources.
If productivity and organizational efficiency are prioritized, only the tools of the AM
methodology are suitable and enable significantly higher levels of assessment. Based on
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these conclusions, it can be stated that middle-level managers lack the capabilities needed
for effective day-to-day organizational management.

Figure 11 shows the idealized D3(10) map distribution of the accumulated param-
eters SAM and SFIN (colour scale: (3.69; 6.5)) for two digitalized arguments: P04 and P05.
Figure 12 shows a near-reality D3(5) map distribution of the same type (colour scale:
(1.85; 4.12)). For ideal representation (Figure 11a,b), the leadership level (P04) and the
leadership period (P05) of managers were used as parameters in the AM/FIN framework.
The highest AM grade was established for managers at the top and owner levels (P04 = {1;
2}) for a large leadership period of 0–20 years (P05 = {0; 1; 2; 3; 4}). The same tendency
is evident in FIN distribution, which is expanded to owner levels (P04 = {1; 2}) and the
leadership period of 0–30 years (P05 = {0; 1; 2; 3; 4; 5}). When examining the correlation
between managerial position and management experience, it turned out that top-level
managers effectively manage for up to 20 years of experience. There is no surprise from a
psychological point of view, since the AM methodology requires constant active working
capacity for results to increase. Under the FIN methodology, this provision is extended to
owners because consensus is psychologically less taxing for managers during the strategic
decision-making process. For middle-level managers, the correlation of experience with
positions is significantly worse (up to 1.5 times) than for top-level managers.

For a close-to-real representation (Figure 12a,b), the red area shrinks to a new one with
interesting properties. In the AM framework, top-level managers and owners (P04 = {1;
2}) can effectively operate for 0–10 years (P05 = {0; 1}); otherwise, for owners, this period
extends to 10–20 years (P05 = {0; 1; 2; 3}). In the FIN framework, the owners only (P04 = {2})
can effectively operate for 0–20 years (P05 = {0; 1; 2; 3}). This contradiction could be
explained by the possibility of long-term management in the role of owner only (P04 = {2})
(using ineffective decision-making tools, such as consensus). Owners with up to 20 years
of management experience and top-level managers with up to 10 years of management
experience demonstrate the strongest leadership capabilities within the AM and FIN
methodologies. In the case of FIN, the interval is not limited by experience, whereas in
the case of AM, the limit is 15–20 years. When examining the correlation between the
experience and position of middle-level managers, it turned out that their leadership
abilities, as measured by the AM and FIN methodologies, are extremely low compared
with those of top-level managers.

Figure 13 shows the idealized D4(10) map distribution of accumulated parameters SAM

and SFIN (colour scale: (3.6; 6.54)) for two digitalized arguments: P04 and P06. Figure 14
represents a close-to-reality D4(5) map distribution of the same type (colour scale: (1.73;
4.26)). For ideal representation (Figure 13a,b), the leadership level (P04) and region (P04)
of managers were used as parameters in the AM/FIN framework. The highest AM grade
was assigned to top-level managers (P04 = {1}) in the Vilnius, Kaunas, and Marijampolė
districts (P06 = {1; 2; 3}). When examining the correlations between management level and
region of the organization, it is evident that the most effective management within the AM
methodology is observed in the Vilnius and Kaunas districts when top-level managers lead.
This trend is also observed in the FIN methodology, when the top-level manager case is
extended to owners. Surprisingly, the influence of middle-level managers is significantly
weaker than that of top-level managers.

The same tendency is evident in the FIN distribution, which is expanded to the owner
level (P04 = {1; 2}) and reduced to the Marijampolė district (P06 = {3}). For close-to-real
representation (Figure 14a,b), the red area (AM) shrinks to Marijampole district and EMEA
(P06 = {3; 4}). The FIN case shows an activated area for owners (P04 = {2} and all Lithuanian
regions (P06 = {0; 1; 2}). The presented distribution allows estimation of a private business
as an owned manager, who is the sole responsible person. When examining the correlations
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of Marijampolė district and EMEA region organizations with managerial positions, it seems
that only top- and owner-level managers’ results are significant (highest). This is possible
because managers work in small organizations as owners of their own businesses. Also,
the research results show that the EMEA region needs more effective tools than the FIN
management methodology (namely, AM, as is evident from Figure 14a,b).

Figure 15 shows the idealized D5(10) map distribution of the accumulated parameters
SAM and SFIN (colour scale: (4.08; 6.485)) for two digitalized arguments: P03 and P07.
Figure 16 represents a close-to-reality D5(5) map distribution of the same type (colour scale:
(2.43; 4.23)). For ideal representation (Figure 15a,b), managers of small and middle organi-
zations (P03 = {1; 2}), who are employed in services, real estate rental, trade, investment
projects, medicine/IT (P07 = {0; 1; 2; 3; 4}), could be graded by the highest grade in AM
framework. For the FIN framework, the situation is different. Managers of small and
middle organizations (P03 = {1; 2}) employed in trade, investment projects, medicine/IT,
consulting, and education (P07 = {2; 3; 4; 5; 6}) could be graded at the highest level in the
FIN framework which is significant lower that AM (4.53 (blue) < 6.2 (red)). The shift in
simulated top position indicates that the AM approach (with idealized knowledge of man-
agers) is most suitable for managing a specific field of activity, such as services or real estate
rental, related to high technologies. For a close-to-reality representation (Figure 16a,b),
managers of very small and small organizations (P03 = {0; 1}) in services, real estate rental,
and trade (P07 = {0; 1; 2}) could be graded at the highest level in the AM approach. For FIN
approach, area expands: managers of small, middle and large organizations (P03 = {1; 2; 3})
employed in services, real estate rental, trade, investment projects, medicine/IT, consulting,
(P07 = {0; 1; 2; 3; 4; 5}) could be graded at the highest level in the FIN framework which
is significant lower that AM (2.88 (cyan) < 4.23 (red)). A significant expansion of area
estimation, accompanied by a decrease in grade value (from dark red in Figure 15a to cyan
in Figure 15b), indicates that effective management is lost when the principles of AM are
replaced by those of FIN.

Effective leadership based on the AM methodology is associated with small- and
medium-sized organizations in Lithuania that are engaged in the service and maintenance
sector. The same trend is observed when applying the FIN methodology. The research
results showed that the AM methodology is most effectively used by managers working in
very small and small enterprises in the service and maintenance sectors.

Additionally, it is necessary to assess how the distributions of the real data compare with
those of the simulated data. Figure 17 shows the distributions of the cumulative indices SAM

and SFIN, calculated from real sets on RolNo. Figure 18 shows the box-and-whisker plots of
the cumulative indices SAM and SFIN, calculated from real data sets (not simulated).
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Figure 18. Statistical box chart for the distributions of the accumulative index SAM and SFIN calculated
from real sets (not simulated).

Table 6 represents the descriptive statistics after comparison of two pairs of sets:
(i) EAM (real) and EAM* (simulated), (ii) EFIN (real) and EFIN* (simulated). Negligible
differences between the real value and the simulated value are present. The difference
between the mean values of EAM and EFIN is approximately 1.93 (the tools and methods
of AM are valued and more strongly manifested in reality). Figures 19 and 20 show the
Pearson distribution for EAM (real) and EAM* (simulated), EFIN (real) and EFIN* (simulated),
respectively. Both distributions look close to linear.

Table 6. Descriptive statistics: two pairs of sets: EAM (real) and EAM* (simulated), EFIN (real) and
EFIN* (simulated).

N Mean SD Sum Min Max

EAM 27 6.14049 0.89829 165.7931 3.56897 7.58621
EAM* 27 6.13639 0.89386 165.68241 3.56914 7.5431
EFIN 27 4.21481 0.70337 113.8 2.1 5.33333
EFIN* 27 4.21165 0.70011 113.71467 2.10033 5.302

Adm. Sci. 2026, 16, x FOR PEER REVIEW  33  of  45 
 

https://doi.org/10.3390/xxxxx 

 

Figure 18. Statistical box chart for the distributions of the accumulative index SAM and SFIN calculated 

from real sets (not simulated). 

Table 6 represents the descriptive statistics after comparison of two pairs of sets: (i) 

EAM (real) and EAM* (simulated), (ii) EFIN (real) and EFIN* (simulated). Negligible differences 

between the real value and the simulated value are present. The difference between the 

mean values of EAM and EFIN is approximately 1.93 (the tools and methods of AM are val-

ued and more strongly manifested in reality). Figures 19 and 20 show the Pearson distri-

bution for EAM (real) and EAM* (simulated), EFIN (real) and EFIN* (simulated), respectively. 

Both distributions look close to linear. 

Table 6. Descriptive statistics: two pairs of sets: EAM (real) and EAM* (simulated), EFIN (real) and EFIN* 

(simulated). 

  N  Mean  SD  Sum  Min  Max 

EAM  27  6.14049  0.89829  165.7931  3.56897  7.58621 

EAM*  27  6.13639  0.89386  165.68241  3.56914  7.5431 

EFIN  27  4.21481  0.70337  113.8  2.1  5.33333 

EFIN*  27  4.21165  0.70011  113.71467  2.10033  5.302 

 

Figure 19. Pearson distribution for EAM (real) and EAM* (simulated). Figure 19. Pearson distribution for EAM (real) and EAM* (simulated).

https://doi.org/10.3390/admsci16050197

https://doi.org/10.3390/admsci16050197


Adm. Sci. 2026, 16, 197 33 of 43                     
 

 

 

                   

                         

                         

                       

                 

                   

                               

                       

                     

                   

                             

                       

                       

         

       

     

                   

                 

                     

                           

                   

                     

                         

                     

                       

         

                   

                         

                       

                       

                     

                             

                     

                     

Figure 20. Pearson distribution for EFIN (real) and EFIN* (simulated).

The results of the simulation within the LeadWinO model confirm all four hypothe-
ses. Specifically, H1 and H2 are supported, indicating that the application of the Action
Science methodology by both middle- and top-level managers is positively and statistically
significantly associated with higher operational and strategic leadership effectiveness, re-
spectively, compared to the Finnish consensus-based management concept. The findings
also reveal that this effect is more pronounced at the top management level, likely due
to higher educational and competency requirements. In addition, H3 and H4 are con-
firmed, showing that the application of the Finnish consensus-based management concept
is associated with lower operational and strategic leadership effectiveness. However, the
results suggest that elements of the Finnish approach may be more applicable in the early
stages of leadership (0–5 years), particularly for organizational owners, while a gradual
transition toward Action Science practices is observed over time, accompanied by changes
in management style and effectiveness.

5. Discussion and Implications
5.1. Theoretical Implications

The literature analysis emphasizes that modern organizations operate amid high
uncertainty, digital transformation, and geopolitical tension. Therefore, managers need
structured and measurable organizational development models that are clearly linked to
productivity. It is emphasized that middle- and top-level managers must be able to make
sound strategic decisions, manage change, and ensure organizational resilience. However,
existing methodologies are often analyzed separately and lack an integrated evaluation
model. This gap is clearly conceptualized in the literature review by distinguishing two
main approaches: Action Science (AM), which focuses on explicit reasoning, double-loop
learning, and accountability, and the Scandinavian (FIN) consensus model, which is based
on trust, dialogue, and participation.

The research results transfer these theoretical assumptions into empirical modelling by
using an artificial neural network. Based on survey data collected from managers, 46,080
virtual scenario combinations were generated. In the D2 analysis (organization size with
leadership level), the highest SAM values (the accumulated AM parameter) are observed
among top-level managers in small and medium-sized organizations. In contrast, in the
FIN case, the highest scores are lower and more dispersed, especially within the owner
segment. This indicates that the AM methodology concentrates responsibility and decision
quality more effectively in situations where strategic clarity is required.
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The D3 analysis (leadership level with experience) further shows that in the AM model,
the highest results are achieved during the first 0–10 years of top-level leadership, when
intensive strategic activity and continuous review of assumptions are necessary. In the
FIN model, the effective period may be longer, but the maximum scores remain lower,
suggesting that consensus supports stability, but not maximum performance.

The D5 analysis (organization size with field of activity) is particularly significant.
In the idealized scenario, the AM methodology yields the highest scores for small and
medium-sized organizations operating in the services, real estate, trade, and IT sectors.
In the more realistic scenario, the strongest results are observed in very small and small
companies in services and trade. In the FIN model, the area of application expands to
include larger organizations and more sectors; however, the overall score level decreases.
This expansion of area with a reduction in score effect suggests that the consensus principle
may be more universal but less effective in measurable results. In contrast, although the
AM methodology is more concentrated, it maintains a higher quality level and a stronger
correlation with effective management. This empirically supports the argument presented
in the literature that structured argumentation, clear decision-making mechanisms, and
accountability are critical factors in high-uncertainty environments.

The findings of this study provide empirical support for the theoretical assumptions
underlying the Action Science methodology, particularly its emphasis on explicit reasoning,
double-loop learning, and evidence-based decision-making. The results demonstrate that
managers applying Action Science achieve higher effectiveness scores compared to those
relying on the Finnish consensus-based approach, especially in dynamic and performance-
oriented contexts. This aligns with prior research by Argyris (2000) and Poot et al. (2018),
which highlights that structured reasoning, transparent communication, and systematic
testing of assumptions improve decision quality and organizational performance. The
present study extends these theoretical insights by empirically confirming that such tools
are not only conceptually valid but also measurable through a digital indicator system and
predictive modelling.

Furthermore, the results reinforce previous literature suggesting that Action Science is
particularly effective in environments characterized by uncertainty, rapid change, and the
need for strategic clarity. The study shows that top-level managers and those operating
in small and medium-sized enterprises achieve the highest effectiveness results when
applying Action Science principles. This is consistent with research on evidence-informed
decision-making and leadership under uncertainty (Tagscherer & Carbon, 2023; Ye, 2025),
which emphasizes that analytical thinking, accountability, and adaptive learning are critical
in complex organizational development conditions. Thus, the findings contribute to theory
by demonstrating that Action Science is especially relevant in contexts requiring fast,
high-quality decision-making and coordinated action.

In contrast, the study’s findings regarding the Finnish consensus-based approach are
consistent with earlier research highlighting both its strengths and limitations. While the
consensus model shows broader applicability across different organizational contexts, its
effectiveness scores remain lower compared to Action Science. This supports previous
studies (Kianto et al., 2018; Morente-Molinera et al., 2021), which argue that although
consensus-based leadership enhances trust, participation, and relational cohesion, it may
reduce decision speed and dilute accountability. The present research confirms that, without
structured decision-making frameworks and performance-oriented mechanisms, consensus
alone does not lead to optimal organizational outcomes, particularly in high-pressure or
competitive environments.

This study contributes to the theoretical literature by addressing the identified gap
between relational and analytical leadership paradigms. While prior studies have examined
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Action Science and consensus-based leadership separately, the results demonstrate the value of
integrating these approaches within a unified, measurable framework. The LeadWinO model
shows that although consensus-based practices may support stability and inclusiveness,
especially in early leadership stages or owner-led organizations, Action Science provides
stronger tools for achieving measurable performance outcomes. These finding advances
organizational development theory by suggesting that effective leadership requires not only
relational competence but also structured, data-driven, and accountable decision-making
systems, particularly in digitally transforming and uncertain environments.

From a critical perspective on the relationship between theory and practice, the study
consistently confirms the hypothesis in the literature that the AM methodology is superior
in terms of productivity and strategic effectiveness. The theory states that trust and dia-
logue alone do not ensure measurable outcomes without structured processes. The results
show that in the FIN model, high scores are more scattered and generally lower than in the
AM model. Overall, the data provide a solid basis for concluding that the Action Science
methodology more effectively transforms leadership competencies into measurable organi-
zational outcomes, such as decision quality, productivity, and strategic consistency, and is
therefore more suitable for dynamic, competitive, and highly uncertain environments.

5.2. Practical Implications

The practical implication of this research is to provide organizations with an inte-
grated, digitally supported model for evaluating the effectiveness of middle- and top-level
managers in driving organizational development under conditions of uncertainty. By com-
bining the structured, performance-oriented principles of Action Science with the trust- and
dialogue-based elements of the Finnish consensus concept, the model enables companies
to operationalize leadership behaviours, decision quality, accountability, and collaboration
into measurable indicators linked to productivity and strategic execution.

This approach supports data-driven governance, strengthens managerial resilience
in crisis and digital-transformation contexts, and enables organizations of different sizes
to systematically align leadership development with measurable performance outcomes
rather than relying solely on normative cultural assumptions.

The digital model can serve as an auditable framework for comparing managerial
behaviour, decision-making processes, and outcomes.

A survey is always an important tool for evaluating sociological information to address
a key comparative question. The development of a questionnaire is always coordinated
to establish cause-and-effect relationships by selecting factors with strong correlations.
According to the expert’s opinion, cause-and-effect factors were collected as a component
of the model LeadWinO—see Tables 2 and 3. P = 13 cause parameters and R = 30 effect pa-
rameters must be treated as model validation issues for future simulations, as augmentation
or shrinking may occur due to effective data manipulations or increased precision.

A survey is always an important tool for evaluating sociological information to address
a key comparative question. The development of a questionnaire is always coordinated
through a cause-and-effect relationship to select factors with strong correlations to deter-
mine causality. According to the expert’s opinion, cause-and-effect factors were collected
as a component of the model LeadWinO—see Tables 2 and 3. P = 13 cause parameters
and R = 30 effect parameters must be treated as model validation issues for future simu-
lations, as augmentation or shrinking may occur due to effective data manipulations or
increased precision.

In a physics or engineering experiment, it is always possible to obtain a statistically
reliable data set that can serve as a reference. Unfortunately, in sociology and management,
it is usually impossible to cover all possible data samples and sequences. Thus, the data
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obtained from the questionnaire are fragmentary and incomplete. Data augmentation
and/or generation can be considered as state-of-the-art technologies, which makes sense
as a first-order model. We decided not to use empirical parameters for the model, as they
are very approximate, even though some sources use them. It is much better to use AI
solutions that are manageable and well-documented. We decided not to use empirical
parameters for the model, as they are highly approximate, even though some sources do. It
is much better to use AI solutions that are manageable and well-documented.

Feedforward Neural Networks (FNNs) are a well-known part of AI for establishing
cause-and-effect relationships in chaotic datasets. The gradient-descent method allows for
minimizing interactions among several factors, both when there is a strong correlation and
when there is a very weak collective response. Such a case is particularly relevant in sociol-
ogy and management because a digitized sociological argument (age, period, region, etc.)
can be very difficult to incorporate into an empirical formula due to contextual uncertainty.

There are two important statements in LeadWinO modelling: (a) the number of in-
put/output layers for ANN simulation, and (b) the quality of ANN teaching. Firstly,
for ANN, we can define the set of indicators as input and output parameters, based on
expert opinion and experience in management science. In fact, this may be a subjective
decision, but the model can always be adjusted with appropriate corrections, adding or
removing parameters. Secondly, the quality of ANN teaching plays a very important role
in the following simulation, and convergence of the TNE value per epoch to the requested
value (<0.00001) (see Figure 5) allows the validation process to be performed with very
low deviation.

After a successful validation process, a prediction can be made. In this case, the
prediction is fully consistent with the training and validation data sequence AAA(27).
Prediction using the AAA(27) set is important for checking purposes, but for survey
estimations, BBB(46,080)(10) and BBB(46,080)(5) datasets consisting of 13 input units were
used. Significant expansion of the argument set must be presented as a discussion object.
Otherwise, simulated data sets are presented as model data or first-assumption data to gain
insight into the dynamics of accumulated coefficients across AM and FIN methodologies.

Several insights were derived from the analysis of distributions, including those
related to managers’ personal characteristics, activity factors, geographical location, and
field of activity. These findings provide practical guidance for identifying contexts in which
different management approaches may be more effective.

5.3. Research Limitations

Several limitations of this research should be acknowledged. First, the study inte-
grates two complex, context-dependent methodologies—Action Science and the Finnish
consensus-based leadership concept—into a unified digital evaluation model, which risks
oversimplifying rich theoretical traditions by translating them into quantitative indicators.

The operationalization of leadership effectiveness through measurable digital param-
eters may not fully capture contextual, cultural, and relational nuances that influence
managerial behaviour, particularly in politically complex or highly dynamic environments.

Empirical testing of the model may be constrained by sectoral, national, or organizational
size differences, limiting the generalizability of the findings beyond the sample studied.

As the model focuses primarily on middle- and top-level managers, it does not com-
prehensively assess cross-level dynamics (e.g., frontline leadership or board governance),
which may also significantly affect organizational development outcomes under conditions
of uncertainty.
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6. Conclusions
The American (AM) Action Science methodology of organizational development and

the Scandinavian (FIN) organizational development concept differ in their assumptions
about effectiveness; consequently, their potential for discretization under conditions of
uncertainty is not equivalent. The Action Science methodology is more conducive to
discretization because it defines specific, observable elements of managerial and team
behaviour and reasoning (e.g., testing assumptions, grounding arguments in data, clearly
allocating accountability, ensuring transparency of decision logic, and learning from errors),
which can be directly linked to decision quality, problem-solving effectiveness, change
management, and performance outcomes. In contrast, the AM/FIN consensus-oriented
approach strengthens trust, inclusion, and dialogue. However, in contexts characterized by
high uncertainty, crises, or tensions between innovation and efficiency, it may slow decision-
making and reduce strategic clarity if not supported by explicit escalation procedures,
accountability structures, and performance measurement tools.

The reviewed approaches, including Neuro-Linguistic Programming, so-called
“Basque” models, AI-driven management, Natural Language Processing, digital trans-
formation methodologies, and organizational capability frameworks, are excluded from
this study because they are either not empirically validated as comprehensive manage-
ment methodologies or focus on technological and capability-based perspectives, whereas
this research is based on Action Science and consensus-based management, emphasizing
human interaction, reflection, and collaborative decision-making.

The results of this study answer the research question by showing that the LeadWinO
model can effectively evaluate managerial effectiveness through a structured, data-driven
approach that integrates behavioural, relational, and analytical dimensions of leadership.
The results show that the model enables the evaluation of leadership effectiveness across
different managerial levels, organizational contexts, and experience profiles, linking man-
agerial behaviour to measurable outcomes such as decision quality, productivity, and
strategic performance. Therefore, the LeadWinO model can be considered a practical, ana-
lytically grounded tool for evaluating and improving managerial effectiveness in dynamic
and uncertain environments.

American (AM) and Scandinavian (FIN) methodologies for effective company man-
agement and organizational development were successfully analyzed for discretization
possibilities under conditions of uncertainty.

Digital model LeadWinO, for evaluating organizational development among middle-
and top-level managers using American and Scandinavian methodologies, was created,
described, tested, and validated in the case of Lithuanian managers. A set of digital
indicators is included in the main interface for designing and developing purposes.

Truncated survey data collected among middle- and top-level managers in Lithuania
were developed and augmented using the capabilities of an artificial neural network within
the framework of the LeadWinO model.

Lithuania is a relevant and appropriate context for testing the proposed model, as it
reflects a transitional organizational environment in which both hierarchical and collab-
orative management practices coexist. This combination provides a suitable setting for
evaluating the applicability and effectiveness of different managerial methodologies under
real conditions. Therefore, the Lithuanian case offers meaningful insights and serves as a
valid empirical basis for assessing the LeadWinO model.

Simulated survey data were estimated using several cuts of accumulated parameters
related to the two methodologies: AM and FIN. Several insights were presented and
discussed as the first model assumption, which allowed us to conclude on the significance
of the AM methodology over the FIN.
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The empirical results from the artificial neural network simulations provide consistent
evidence that the Action Science (AM) methodology yields higher accumulated effective-
ness scores (SAM) than the Finnish consensus-based model (SFIN) across multiple analytical
dimensions. In particular, the D2 analysis (organization size with leadership level) shows
that top-level managers in small and medium-sized organizations achieve the highest AM
scores. This indicates that structured reasoning, explicit accountability, and disciplined
decision-making are especially critical in organizations that require strategic clarity and
rapid coordination. In contrast, although the FIN model shows broader applicability in
certain segments (such as owner-led organizations), its maximum scores remain lower.
This suggests that while consensus may support inclusiveness and relational cohesion, it
does not generate the same level of measurable performance outcomes as AM.

Analysis of leadership level and managers’ leadership experience reveals that AM
is particularly effective during the first 0–10 years of top-level leadership. This period
is typically associated with strategic transformation, restructuring, and high-intensity
decision-making. The results imply that AM provides stronger tools for questioning
assumptions, revising governing variables, and aligning actions with measurable goals.
Although the FIN model allows for a longer effective period, especially for owners, its
peak performance remains lower. This supports the interpretation that consensus-based
leadership may help maintain stability over time, but it does not optimize decision quality
or strategic execution to the same degree as AM.

Analysis of managers’ organization size with the field of activity further strengthens
the conclusion that AM is more closely aligned with high-performance contexts. In both
idealized and near-real scenarios, AM achieves the highest evaluations among small and
medium-sized enterprises operating in the services, trade, real estate, and IT sectors. These
industries often require fast adaptation, analytical clarity, and evidence-informed decision-
making. In contrast, the FIN model demonstrates a broader applicability across sectors and
organization sizes. However, this expansion is accompanied by a noticeable decrease in
score intensity. This expansion with a lower peak-performance effect suggests that consen-
sus may function as a culturally flexible governance approach, but it lacks the operational
rigour necessary to achieve superior productivity and organizational performance.

Action Science (AM) methodology is not only theoretically robust but also empirically
associated with stronger measurable organizational effectiveness, particularly in dynamic,
competitive, and transformation-oriented environments.

According to the simulation within the LeadWinO framework, H1 and H2 hypotheses
are confirmed. This means that the application of the Action Science methodology by
middle- and top-level managers, respectively, is positively and statistically significantly
associated with higher operational leadership effectiveness compared to the application of
the Finnish consensus-based management concept. The difference between middle- and
top-level managers is significant and reflects the higher level of education required for
top-level managers.

According to the simulation in the LeadWinO model, our research findings did not
confirm H3 and H4. The assumption in management that uses aspects of FIN methodology
is applicable to owners of organizations when their leadership tenure is short (0–5 years).
With the increase in the leadership period, step-by-step switching to AM facilities occurs,
along with changes in management style and effective manipulation.

Future research directions. Longitudinal studies would be particularly valuable in
examining how the combined use of Action Science and the Finnish consensus-based
approach affect managerial effectiveness, decision quality, and organizational performance
over time under conditions of uncertainty and digital transformation.
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Kraujalienė, L., & Gruodis, A. (2025). Digital indicators for evaluation of the organizational development: American and Finnish
methodologies. In Building economic resilience: Strategies for sustainable growth and competitiveness (pp. 151–180). Springer Nature
Switzerland. [CrossRef]
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