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Abstract
The contemporary business environment is defined by unprecedented levels of volatility, uncertainty, complexity, and ambiguity 
(VUCA), rendering traditional static resource-based strategies insufficient for sustaining competitive advantage. Concurrently, 
the rapid advancement of agentic artificial intelligence (AI) has introduced profound questions regarding the automation of 
managerial oversight and the potential obsolescence of the human “micromanager”. This paper provides a comprehensive 
theoretical synthesis of the dynamic managerial capabilities (DMC) literature, examining how strategic leaders utilise cognitive, 
social, and human capital to navigate uncertainty and disruption. We extend this discourse by critically integrating recent research 
on agentic AI, exploring whether algorithmic systems can supplant human managers in the core DMC processes of sensing, 
seizing, and reconfiguring. Through an analysis of current AI capabilities, organisational psychology, and strategic management 
theory, this investigation reveals that while agentic AI offers superior continuous monitoring, compliance enforcement, and 
data-driven analytics, it cannot replicate the nuanced interpersonal, normative, and moral dimensions of effective leadership. 
Furthermore, algorithmic supervision risks exacerbating the psychological harms associated with traditional micromanagement 
by fostering environments of perpetual scrutiny and diminished autonomy. Drawing on empirical findings from and among others, 
we propose a comprehensive conceptual framework illustrating that effective disruption management requires a hybrid human-
AI architecture. In this model, AI augments the sensing and seizing processes through administrative automation, while human 
leaders provide the emotional labour, ethical judgment, and visionary orchestration necessary for successful organisational 
reconfiguration. The paper concludes with a five-phase implementation roadmap for ethical AI deployment and directions for 
future research [1-4].
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Introduction
The accelerating pace of technological change, the globalisation 
of markets, and the emergence of disruptive business models 
have fundamentally altered the competitive landscape for or-
ganisations across all sectors. In this high-velocity environment, 
characterised by rapid, discontinuous, and often unpredictable 
change, the ability of firms to adapt and innovate is no longer 
a source of temporary advantage but a prerequisite for surviv-
al [5]. The traditional resource-based view (RBV) of the firm, 
which posits that sustained competitive advantage derives from 
the possession of valuable, rare, inimitable, and non-substitut-
able (VRIN) resources, is increasingly recognised as insufficient 
in dynamic contexts [6, 7]. Resources that are valuable today 

may become obsolete tomorrow, and the ability to reconfigure 
them is what ultimately determines long-term organisational 
performance.

This recognition has given rise to the dynamic capabilities’ 
framework, most comprehensively articulated by, and subse-
quently elaborated by [8-10]. Dynamic capabilities are defined 
as the firm’s ability to integrate, build, and reconfigure internal 
and external competencies to address rapidly changing environ-
ments. At the micro-level, Dynamic Managerial Capabilities 
(DMCs), introduced by, explain how individual leaders cre-
ate, extend, and modify the ways in which firms make a living 
through the deployment of human, social, and cognitive capital 
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[11, 12]. The quality of these managerial capabilities directly 
influences the quality of strategic decisions, and ultimately the 
organisational performance under conditions of disruption.

However, a new paradigm is emerging that threatens to disrupt 
the very nature of managerial work itself: the advent of agentic 
artificial intelligence. As AI systems evolve from passive tools 
into autonomous agents capable of perceiving environments, 
reasoning, and acting within defined parameters, scholars and 
practitioners are increasingly interrogating whether these sys-
tems might assume the surveillance, co-ordination, and deci-
sion-making functions traditionally performed by human super-
visors[13]. This raises a critical and timely question: Can agentic 
AI replace the human manager, specifically the controlling “mi-
cromanager”, in executing the core DMC processes of sensing, 
seizing, and reconfiguring?

Micromanagement, characterised by excessive oversight, re-
strictive control, and diminished employee autonomy, has long 
been identified as detrimental to organisational health [14, 15]. 
Contemporary management literature consistently associates 
micromanagement with adverse outcomes including lower job 
satisfaction, decreased intrinsic motivation, and elevated staff 
attrition rates [16, 17]. The prospect of replacing the human 
micromanager with an algorithmic system therefore carries a 
seductive logic: remove the subjective, emotionally variable, 
and cognitively limited human overseer, and replace them with 
a consistent, tireless, and data-driven AI agent. Yet this logic, 
as this paper argues, is fundamentally flawed. It conflates the 
transactional mechanics of supervision with the transformation-
al essence of leadership, and risks replacing one form of control 
with a more pervasive and psychologically damaging one.

This paper addresses three central questions. First, how do the 
micro-foundations of human DMCs compare to the capabilities 
of agentic AI in sensing disruption? Second, what are the psy-
chological and strategic implications of using algorithmic sys-
tems to seize opportunities and enforce compliance, compared 
to human micromanagement? Third, how can organisations 
design hybrid human-AI architectures to successfully recon-
figure assets while preserving workplace dignity and employee 
well-being? In addressing these questions, the paper integrates 
perspectives from strategic leadership, organisational learning, 
disruptive innovation theory, self-determination theory, and the 
emerging literature on algorithmic management to construct a 
holistic understanding of effective leadership in the AI era.

The paper is structured as follows. Section 2 reviews the the-
oretical foundations of DMCs and defines agentic AI and mi-
cromanagement. Section 3 examines the sensing capability, con-
trasting human cognition with algorithmic monitoring. Section 
4 analyses the seizing capability, exploring the psychological 
costs of algorithmic surveillance versus autonomy-supportive 
leadership. Section 5 explores the reconfiguring capability and 
the necessity of hybrid architectures. Section 6 discusses en-
abling and constraining factors, including ethical frameworks 

and cognitive biases. Section 7 presents an updated conceptu-
al framework. Section 8 discusses the theoretical implications 
and provides a practical implementation roadmap, and Section 9 
concludes the paper.

Theoretical Foundations
From the Resource-Based View to Dynamic Capabilities
The intellectual heritage of the dynamic capabilities frame-
work lies in the resource-based view (RBV) of the firm, which 
emerged as a dominant paradigm in strategic management in the 
1980s and 1990s. Argued that sustained competitive advantage 
arises from resources that are valuable, rare, imperfectly imita-
ble, and non-substitutable. This perspective shifted the analyti-
cal focus from the external environment to the internal resources 
and capabilities of the firm, emphasising the importance of id-
iosyncratic firm-level factors in explaining performance hetero-
geneity [6].

However, critics of the RBV noted its essentially static nature. 
In dynamic, high-velocity environments, the value of resources 
is transient, and the ability to reconfigure them becomes para-
mount[10]. Addressed this limitation by introducing the dynam-
ic capabilities framework, positing that competitive advantage 
in such environments derives not from the resources themselves, 
but from the organisational processes, positions, and paths that 
enable firms to deploy and reconfigure those resources effec-
tively. further extended the concept by proposing a hierarchical 
model distinguishing between incremental, renewing, and re-
generative capabilities, reflecting the varying depth and scope 
of capability renewal. This hierarchical view is consistent with 
distinction between zero-level (operational), first-order (dynam-
ic), and second-order (learning) capabilities, which provides a 
useful scaffold for understanding the relationship between dy-
namic capabilities and organisational learning [7-18].

Teece’s (2007) Sensing-Seizing-Reconfiguring Framework
The most influential articulation of dynamic capabilities is 
framework, which disaggregates the construct into three dis-
tinct but interrelated clusters of activities. Sensing refers to the 
identification and assessment of opportunities and threats in the 
external environment: “very much a scanning, creation, learn-
ing and interpretive activity”. Seizing refers to the mobilisation 
of resources to address sensed opportunities, requiring timely, 
market-oriented decisions, and the overcoming of organisational 
inertia. Reconfiguring refers to the continuous renewal of the 
organisation’s resource base to maintain evolutionary fitness, 
explicitly requiring the escape from unfavourable path depen-
dencies[9]. Offer a complementary perspective, defining dy-
namic capabilities as “the organizational and strategic routines 
by which firms achieve new resource configurations as markets 
emerge, collide, split, evolve, and die” (p. 1107). Their critical 
contribution is the distinction between dynamic capabilities in 
moderately dynamic markets, where they tend to be complex 
and analytical, and those in high-velocity markets, where they 
are characterised by simple rules and real-time knowledge cre-
ation. This distinction has profound implications for the role of 
AI: in high-velocity markets, the cognitive demands on manag-
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ers are qualitatively different, requiring speed and adaptive judg-
ment over deliberative analysis [10].

Dynamic Managerial Capabilities: Micro-foundations
Introduced DMCs to explain the heterogeneity in managerial de-
cisions and firm performance that firm-level factors alone can-
not account for [11]. They proposed that DMCs are rooted in 
three underlying factors: managerial human capital (knowledge, 
skills, and experience), managerial social capital (internal and 
external networks), and managerial cognition (mental models, 
beliefs, and interpretive frameworks). subsequently introduced 
the concept of “managerial cognitive capability”, arguing that 
capabilities involve the capacity to perform not only physical but 
also mental activities, and that cognitive heterogeneity among 
top executives contributes to differential organisational perfor-
mance under conditions of change. extended this framework by 
proposing political capital as a fourth underpinning, reflecting 
the importance of navigating internal organisational politics and 
external stakeholder relationships in the implementation of stra-
tegic change [19, 20].

Defining Agentic AI and Micromanagement
To understand how technology intersects with DMCs, we must 
clearly define the emerging technological capabilities and the 
managerial pathology they are proposed to address. Agentic AI 
refers to artificial intelligence systems exhibiting goal-directed 
behaviour without continuous human intervention. Unlike tra-
ditional automation restricted to predefined scripts, agentic sys-
tems demonstrate adaptability, contextual reasoning, and deci-
sion-making autonomy within operational boundaries[13]. Key 
characteristics include the perception of environmental states, 
the formulation of action plans, the execution of tasks, and learn-
ing from outcomes. The trajectory of AI development towards 
genuine agentic capacity, the ability to perceive, reason, and act 
autonomously, has opened a new frontier in the automation of 
cognitive and supervisory work. Current agentic AI systems ex-
hibit several competencies directly relevant to supervisory func-
tions: continuous monitoring and analytics, automated feedback 
generation, compliance enforcement, and multi-agent resource 
co-ordination. These capabilities position agentic AI as a plausi-
ble, if partial, substitute for certain managerial functions.

Micromanagement, conversely, represents a management style 
wherein supervisors maintain excessive control over subordi-
nate work processes. Classic indicators include constant status 
monitoring, prescriptive instruction on methodology, approval 
requirements for routine decisions, and minimal delegation of 
authority [14, 15]. While sometimes motivated by quality assur-
ance concerns, research consistently demonstrates that sustained 
micromanagement undermines employee autonomy, a core psy-
chological need linked to motivation and well-being according 
to self-determination theory [21]. Demonstrated that employee 
satisfaction, a direct casualty of micromanagement, is positively 
associated with long-term stock returns, suggesting that the costs 
of micromanagement extend well beyond individual well-being 
to affect the firm’s financial performance. The intersection of 
these two concepts, agentic AI and micromanagement, forms the 

crux of the contemporary managerial challenge: as AI becomes 
capable of perfect, continuous monitoring, does it alleviate the 
burden of the human micromanager, or does it institutionalise 
micromanagement at an algorithmic scale? The answer to this 
question has profound implications not only for organisational 
performance but for the dignity of labour in an increasingly au-
tomated economy [16].

Sensing: Identifying Disruption in the Age of AI
Human Cognition vs. Algorithmic Monitoring
In high-velocity environments, the ability to sense disruption 
before it becomes existential is perhaps the most critical DMC. 
Sensing involves the continuous scanning of the external en-
vironment for technological, market, and competitive signals, 
as well as the internal interpretation and meaning-making pro-
cesses that transform raw data into actionable intelligence [9]. 
Describe this as the capacity to identify “weak signals” early, 
ambiguous indicators of change that, if correctly interpreted, can 
provide a significant first-mover advantage [22].

Agentic AI systems exhibit extraordinary competencies directly 
relevant to this supervisory function. AI platforms can process 
vast quantities of workflow data in real-time, identifying bot-
tlenecks, measuring productivity metrics, and detecting anom-
alies that might elude human observation. Project management 
AI tools already integrate time-tracking, deliverable verification, 
and milestone validation across distributed teams [23]. In the do-
main of workflow monitoring, a human micromanager is limited 
in scope, prone to fatigue, and subject to subjective assessment. 
In contrast, an agentic AI system provides continuous, com-
prehensive, and objective metrics collection. Machine learning 
algorithms can also analyse communication patterns, output 
quality, and temporal performance trends to generate automat-
ed feedback, operating with consistent application of predefined 
criteria in ways that human managers, subject to cognitive biases 
and emotional variability, cannot.

The Human Imperative: Tacit Knowledge and Moral Judgment
Despite the superior data-processing capabilities of AI, the 
sensing capability remains deeply rooted in human managerial 
cognition. Leaders who possess rich and diverse mental models 
are better equipped to notice anomalies and interpret them as 
meaningful strategic signals rather than mere statistical noise. 
Found that high-construal managers engage in more expansive 
environmental scanning because their mental horizons encom-
pass broader alternatives. Crucially, this relationship is moder-
ated by cross-unit interdependence: when managers operate in 
highly interdependent environments, their high-level construals 
lead to richer alternative generation and enhanced scanning. 
This underscores that sensing is an interactive process reliant 
on both individual cognitive styles and the structural design of 
the organisation, a nuance that AI systems, trained on historical 
data, cannot replicate [3].

Furthermore, effective sensing requires the interpretation of tacit 
knowledge, cultural nuance, and situational factors resistant to 
formalisation. AI systems trained on historical data perpetuate 
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past patterns and struggle with novel, unprecedented circum-
stances demanding creative responses. As observed, moral lead-
ers use cognitive capabilities such as attention and perception to 
sense opportunities in turbulent environments, suggesting that 
the ethical and cognitive dimensions of leadership are closely 
intertwined. Leaders guided by strong moral principles may be 
more willing to act on weak signals that challenge the status quo, 
even when doing so involves significant personal and organisa-
tional risk. Managerial decision-making inherently incorporates 
evaluative judgments pertaining to distributive justice, human 
flourishing, and moral propriety, functions that algorithmic en-
tities lacking consciousness and genuine affective capacity, can-
not authentically replicate [24].

Found, in a longitudinal study spanning a quarter of a century, 
that first-mover firms were more effective at sensing and trans-
forming under uncertainty, while follower firms delayed action 
due to a lack of senior management priority. This finding under-
scores the importance of leadership commitment to the sensing 
process and suggests that the failure to sense disruption is often 
not a failure of information but a failure of managerial atten-
tion and priority, a problem that AI can exacerbate if it lulls se-
nior leaders into a false sense of comprehensive environmental 
awareness [25].

Organisational Learning and Sensing
Sensing is not solely an individual cognitive activity; it is also 
an organisational process dependent on the firm’s learning in-
frastructure. Demonstrated empirically that exploratory learn-
ing, the search for novel knowledge in unfamiliar domains, is 
a significant antecedent of sensing capability. In their study, ex-
ploratory learning significantly predicted sensing capability in 
production departments (β = .179, p < .05), while exploitative 
learning predicted sensing in marketing departments (β = .320, p 
< .01). These findings suggest that the type of learning that best 
supports sensing is context-dependent, and that organisations 
must cultivate both forms of learning to develop robust sensing 
capabilities across their operations [1].

While AI can optimise exploitative learning by refining existing 
processes and identifying patterns in historical data, explorato-
ry learning requires human curiosity, experimentation, and the 
willingness to challenge the status quo. Leaders play a critical 
role in creating the conditions for effective sensing by foster-
ing a culture of psychological safety where weak signals can be 
debated without fear of algorithmic penalisation. The design of 
organisational structures that facilitate the flow of information 
from the periphery to the centre is, therefore, an important en-
abler of the sensing capability, a design challenge that requires 
human judgment, not algorithmic optimisation.

Cognitive and Algorithmic Biases as Barriers to Sensing
A critical challenge in the sensing process is the susceptibility of 
managers to cognitive biases that distort their perception of the 
environment. Examined confirmation bias as a boundary condi-
tion for DMCs, arguing that it can negatively impact the sens-
ing, seizing, and reconfiguring processes by causing managers 
to selectively attend to information that confirms their existing 

beliefs[26]. Nickerson (1998, p. 175) defined confirmation bias 
as “the seeking or interpreting of evidence in ways that are par-
tial to existing beliefs, expectations, or a hypothesis in hand.” In 
high-velocity environments, where the signals of disruption are 
often weak and ambiguous, confirmation bias can be particular-
ly damaging, leading managers to dismiss early warning signs 
as irrelevant noise. Managers with deeply entrenched mental 
models of their industry may be especially vulnerable, as their 
prior success reinforces the very cognitive structures that blind 
them to discontinuous change in their foundational upper ech-
elons theory, argued that organisational outcomes are partially 
predicted by the psychological characteristics of top managers, 
including their cognitive frames, values, and experiences [27]. 
This perspective implies that the sensing capability of an organ-
isation is to a significant degree, a function of the cognitive di-
versity and flexibility of its top management team. Firms with 
homogeneous top management teams are particularly vulnera-
ble to collective blind spots and groupthink, which can impair 
their ability to sense novel disruptions. The composition of the 
top management team is therefore, a critical determinant of the 
firm’s sensing capability, and should be carefully considered in 
executive succession planning.

However, replacing human managers with AI systems does not 
eliminate bias; it merely shifts it from an individual psycholog-
ical phenomenon to a systemic, scaled algorithmic one. Current 
AI implementations remain highly susceptible to algorithmic 
bias derived from unrepresentative training data. An AI system 
trained predominantly on data from stable market conditions 
will systematically underweight signals of disruption, precise-
ly because such signals are, by definition, underrepresented in 
historical datasets. Moreover, the opacity of many AI systems, 
their “black box” character, makes algorithmic bias far more 
difficult to detect and correct than human cognitive bias, which 
can at least be surfaced through structured dialogue and devil’s 
advocacy processes. Hybrid architectures must therefore include 
mechanisms for humans to audit AI outputs and for AI to flag 
potential human cognitive biases, creating a system of mutual 
correction that is more robust than either approach alone.

Seizing: Mobilising Resources and the Threat of Algorithmic 
Micromanagement
The Strategic Logic of Seizing
Once an opportunity has been sensed, the challenge shifts to 
seizing the mobilisation of resources to address the opportunity 
and capture value from doing so. Seizing involves making stra-
tegic commitments under conditions of uncertainty, requiring 
both cognitive clarity about the nature of the opportunity and 
the social capital to build the organisational coalitions neces-
sary for implementation[9]. In high-velocity environments, the 
speed of seizing is critical; the window of opportunity may be 
narrow, and the cost of delay can be prohibitive. demonstrated, 
in a seminal study of decision-making in high-velocity environ-
ments, that effective leaders use real-time information, multiple 
simultaneous alternatives, and rapid conflict resolution to make 
fast strategic decisions [28].

Agentic AI presents significant advantages in the mechanical as-
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pects of seizing. Multi-agent systems can optimise the allocation 
of personnel, equipment, and materials based on demand fore-
casting and constraint analysis, co-ordinating activities across 
multiple teams simultaneously. Rule-based AI agents ensure 
adherence to procedural requirements and organisational pol-
icies with uniform application and comprehensive audit trails, 
vastly outperforming the inconsistent and selective enforcement 
typical of human micromanagers. In the domain of compliance 
enforcement, where a human micromanager applies rules in-
consistently and selectively, an AI system applies uniform rules 
comprehensively. This represents a genuine improvement in or-
ganisational efficiency.

The Psychological Cost of Algorithmic Surveillance
However, the substitution of human management with AI in the 
seizing phase transcends functional capability, encompassing 
profound psychological dimensions. Self-determination theo-
ry distinguishes between controlling and autonomy-supportive 
motivational climates, demonstrating that perceived autonomy 
significantly predicts engagement, creativity, and persistence 
[17-21]. Crucially, autonomy-supportive behaviours, such as ac-
tive listening, collaborative problem-solving, and recognition of 
individual circumstances, stem fundamentally from interperson-
al interaction. They cannot be replicated by algorithmic systems.

Algorithmic supervision introduces unique psychological harms. 
Employees interacting with AI monitors report heightened feel-
ings of surveillance and diminished trust compared with human 
oversight[4]. The absence of human reciprocity, the impossibil-
ity of negotiation, and the lack of contextual accommodation 
transform monitoring from an occasional inconvenience into 
perpetual scrutiny. Furthermore, algorithmic decisions lacking 
transparency foster perceptions of unfairness and powerlessness, 
potentially triggering reactance and disengagement. The com-
parative analysis of supervision modalities is instructive: while 
a human micromanager generates high social evaluation anxiety 
and low autonomy. An AI algorithmic monitor generates very 
high perceived omnipresence, very low autonomy, and introduc-
es the risk of learned helplessness due to a transparency deficit. 
The hybrid model, by contrast, can yield moderate-to-high au-
tonomy perceptions, but only when designed with clear bound-
aries, transparency mechanisms, and genuine human recourse.
Thus, deploying AI to execute the seizing function through rigid 
compliance enforcement does not eliminate micromanagement; 
rather, it scales and institutionalises it, potentially compounding 
the psychological harm and triggering workforce disengage-
ment. The strategic question therefore shifts from mere tech-
nical feasibility to optimal architectural design: how can AI be 
deployed to enhance efficiency without sacrificing the human 
dimensions of leadership that sustain employee motivation and 
well-being?

Some researchers have argued that removing human supervisors 
from routine monitoring might paradoxically enhance autonomy 
by reducing social pressure and enabling a focus on substantive 
work rather than impression management [29]. Empirical evi-
dence on this point remains mixed, with outcomes contingent on 

implementation specifics, organisational culture, and employee 
characteristics. However, the weight of evidence from the organ-
isational psychology literature suggests that the conditions under 
which algorithmic supervision enhances rather than diminishes 
autonomy are narrow and demanding. They require, at a mini-
mum, that employees understand how the AI system works, that 
they have meaningful recourse when they believe the system has 
made an error, and that the system is designed to support rather 
than replace human judgment. These conditions are rarely met 
in practice, particularly in early-stage deployments where organ-
isations are still learning how to govern AI systems effectively.

The psychological dimensions of algorithmic management also 
have important implications for the seizing capability itself. 
Seizing requires the rapid mobilisation of human energy and 
commitment around a strategic opportunity. This mobilisation 
depends fundamentally on trust; trust in the leader’s judgment, 
trust in the fairness of the process, and trust in the organisation’s 
commitment to employee well-being. Algorithmic management 
systems that are perceived as opaque, unfair, or indifferent to 
individual circumstances precisely erode this trust, making it 
harder for leaders to build the coalitions and generate the dis-
cretionary effort required for effective seizing. The paradox is 
that the AI systems deployed to enhance the efficiency of seizing 
may, if poorly designed, undermine the social capital that makes 
seizing possible.

Corporate Control Style and AI Integration
The integration of AI into the seizing process is heavily medi-
ated by the firm’s corporate control style (CCS). Found that a 
rigid financial CCS, which prioritises strict ROI appraisals, can 
restrict a business unit’s ability to seize opportunities in a timely 
manner. High-technology product investments, which consist of 
interdependent components across multiple SBUs, are difficult 
to quantify within standard ROI routines. Consequently, a CCS 
focused heavily on optimisation over flexibility may penalise 
risk and uncertainty, fundamentally hindering the seizing capa-
bility. If agentic AI is deployed within a highly controlling CCS, 
it is likely to be used purely for cost-reduction and surveillance, 
stifling the very agility the dynamic capabilities framework 
seeks to promote. Conversely, in a more strategic, decentralised 
CCS, AI can be utilised to empower frontline workers with re-
al-time data, enabling them to seize local opportunities autono-
mously [2].

Also found that the sensing-seizing-reconfiguring triad does not 
necessarily occur in a fixed sequential order [2]. In cases involv-
ing technological or regulatory change, a company may need 
to transform in order to seize. This non-linearity has important 
implications for AI deployment: algorithmic systems designed 
around a linear sequential model of managerial decision-making 
will fail to capture the iterative, emergent nature of strategic ad-
aptation in high-velocity environments.

The Challenge of Seizing Disruptive Innovations
A particular challenge in the seizing of opportunities arises in 
the context of disruptive innovation. Theory of disruptive in-
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novation describes a process whereby new entrants with sim-
pler, cheaper products initially target low-end or new market 
segments before progressively moving upmarket, eventually 
displacing incumbent firms. Incumbent firms often fail to seize 
disruptive opportunities because their existing business models, 
customer relationships, and resource allocation processes are op-
timised for sustaining innovations [30]. Argued that disruptive 
innovation requires an iterative process of sensing opportunities, 
seizing them through strategy deployment, and transforming or-
ganisational assets to achieve competitive advantage in volatile 
environments. This iterative process demands a high degree of 
managerial agility and the willingness to experiment with new 
business models, even at the risk of cannibalising existing reve-
nue streams. Leaders who are cognitively committed to existing 
business models, a phenomenon Christensen described as the 
“innovator’s dilemma”, are particularly vulnerable to this fail-
ure mode. An AI system trained on the data of existing business 
models will systematically reinforce this dilemma, making the 
human capacity for creative disruption of existing mental mod-
els all the more essential[31].

Reconfiguring: Orchestrating Transformation via Hybrid 
Architectures
The Imperative of Reconfiguration
Reconfiguration is the most complex and demanding of the three 
DMC processes. It involves the restructuring of the organisa-
tion’s resource base; its assets, routines, structures, and culture 
to maintain evolutionary fitness in the face of environmental 
change[9]. Unlike sensing and seizing, which can be partial-
ly automated, reconfiguration requires the physical and social 
transformation of the organisation, involving the creation of new 
routines, the dismantling of old ones, and the redeployment of 
assets across different activities and markets. The complexity of 
reconfiguration is compounded by the fact that it must often be 
undertaken while the organisation continues to operate its exist-
ing businesses, creating a dual challenge of managing change 
and maintaining operational continuity.

Found in a study of 228 large organisations, that sensing, seiz-
ing, and reconfiguring capabilities significantly impact perfor-
mance, and that the timing and frequency of their deployment 
are crucial. Firms that reconfigure too infrequently risk becom-
ing locked into obsolete routines and resource configurations, 
while those that reconfigure too frequently may incur excessive 
transition costs. The optimal frequency of reconfiguration is 
therefore, a function of the rate of environmental change and the 
firm’s capacity to manage the costs of transformation, a judg-
ment that requires human wisdom, not algorithmic optimisation 
[32].

Organisational Ambidexterity and Hybrid Human-AI Mod-
els
A central challenge in the reconfiguration process is the tension 
between exploitation and exploration between the need to main-
tain operational efficiency in existing businesses and the need 
to develop new capabilities and business models for the future. 
proposed organisational ambidexterity as the solution to this ten-

sion, defining it as the ability to simultaneously explore new op-
portunities while exploiting existing competencies. They iden-
tified five conditions necessary for successful ambidexterity: a 
compelling strategic intent justifying both exploration and ex-
ploitation; a common vision and values providing shared identi-
ty; a senior team that explicitly owns the ambidextrous strategy 
with common-fate rewards; separate but aligned organisation-
al architectures for exploratory and exploitative units; and the 
ability of senior leadership to tolerate and resolve the tensions 
arising from separate alignments [33].

In the context of agentic AI, the hybrid architecture represents 
a new form of organisational ambidexterity. Rather than whole-
sale replacement of managers, deploying AI for routine moni-
toring, compliance, and analytics (exploitation) while retaining 
human managers for relationship-building, conflict resolution, 
and developmental coaching (exploration) appears optimal [23]. 
This configuration leverages technological efficiency while pre-
serving the essential human elements of leadership. The AI sys-
tem handles the exploitative, efficiency-oriented tasks that are 
susceptible to micromanagement, while human leaders focus on 
the exploratory, transformational tasks that require emotional in-
telligence, moral judgment, and creative vision.

Leadership, Emotional Labour, and Overcoming Path De-
pendencies
The reconfiguration process places particularly high demands 
on strategic leadership. Leaders must not only identify the need 
for change and design the new organisational configuration but 
also manage the human and political dimensions of transforma-
tion by overcoming resistance, building coalitions, and commu-
nicating a compelling vision for the future[24]. Management 
encompasses not merely task co-ordination, but the exercise of 
legitimate authority grounded in institutional roles, professional 
expertise, and interpersonal relationships. AI systems possess no 
inherent normative authority, deriving any influence solely from 
delegated organisational power.

Furthermore, leadership demands emotional labour that recog-
nises distress, provides encouragement, celebrates achievement, 
and navigates the grief associated with dismantled routines. 
Current AI lacks consciousness and genuine affective capacity, 
rendering these transformational leadership functions impossi-
ble to replicate authentically. found that dynamic capabilities of 
sensing, seizing, and transforming are used by top management 
to orchestrate strategic change, highlighting the central role of 
the top management team in the reconfiguration process. The 
composition, diversity, and cognitive characteristics of the top 
management team are, therefore, critical determinants of the 
firm’s reconfiguring capability. No AI system can substitute for 
this human orchestration [34].

A significant barrier to effective reconfiguration is path depen-
dency, the tendency of organisations to be constrained by their 
historical choices and investments[9]. AI systems, by their na-
ture, are trained on historical data and optimise for past patterns 
of success. Therefore, relying too heavily on AI for strategic 
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reconfiguration risks locking the organisation into existing par-
adigms. illustrated this challenge through case studies of R.R. 
Donnelley & Sons and the Gramophone Company of India Lim-
ited, demonstrating how firms must use dynamic capabilities to 
respond to environmental discontinuities. R.R. Donnelley suc-
cessfully adapted to technological discontinuity by sensing the 
shift to digital printing, seizing the opportunity, and reconfig-
uring its resources, leading to sustained leadership in the print-
ing industry. The Gramophone Company of India Limited, by 
contrast, failed to respond effectively to multiple discontinuities 
due to a lack of sensing and seizing capabilities, leading to chal-
lenges in sustaining its relevance. Both cases highlight the im-
portance of recognising the limits of existing capabilities and the 
willingness to invest in new ones, even at the cost of short-term 
efficiency [35].

Human leaders, possessing the cognitive flexibility to challenge 
dominant logics and the political capital to dismantle entrenched 
power structures, remain indispensable for overcoming path de-
pendencies and driving genuine strategic renewal. The ability to 
challenge the dominant logic of an organisation, the shared men-
tal models and assumptions that guide strategic decision-mak-
ing, is a fundamentally human capability that requires both cog-
nitive courage and relational trust. Leaders who have built strong 
social capital within their organisations are better positioned to 
initiate and sustain the reconfiguration process, because they can 
draw on the trust and goodwill of their colleagues to overcome 
the inevitable resistance that accompanies significant organisa-
tional change. No AI system, however sophisticated, can substi-
tute for this deeply human form of strategic leadership.

Enabling and Constraining Factors
Organisational Learning as an Antecedent of DMCs
The development of DMCs is not a static event but an evolution-
ary process driven by deliberate learning[36]. Organisational 
learning acts as a second-order dynamic capability that reshapes 
first-order operational capabilities, providing the knowledge 
base and cognitive flexibility required for effective sensing, seiz-
ing, and reconfiguring[18]. Demonstrated empirically that both 
exploratory and exploitative learning are significant antecedents 
of DMCs, with different types of learning being important for 
different DMC components. Notably, exploitative learning pre-
dicted reconfiguration across both production and marketing 
departments, indicating that reconfiguration relies heavily on 
leveraging known competencies to enact structural change. The 
study also found that transformational leadership moderates the 
relationship between exploratory learning and sensing capabil-
ity: for departments with high transformational leadership, the 
relationship between exploratory learning and sensing capabili-
ty was positive and significant, while for departments with low 
transformational leadership, exploratory learning was not sig-
nificantly related to sensing capability at all. This finding has a 
direct implication for AI deployment: if AI systems are used to 
replace transformational leadership behaviours with algorithmic 
monitoring, the exploratory learning that underpins sensing ca-
pability will be systematically undermined [1].

The relationship between OL and DMCs is, however, complex 
and context dependent. In highly dynamic environments, the 
pace of change may outstrip the firm’s ability to learn and adapt 
through deliberate processes, requiring more improvisational 
approaches to capability development .Found that improvisa-
tional capabilities, the ability to rapidly reconfigure resources in 
response to unexpected events, are more effective than deliber-
ate dynamic capabilities in highly turbulent environments. This 
suggests that the optimal learning strategy for DMC develop-
ment may vary with the degree of environmental turbulence, a 
calibration that requires human judgment. Agentic AI systems, 
which are fundamentally optimisation-oriented, are poorly 
suited to the improvisational mode of capability development 
that high-velocity environments often demand. They can accel-
erate deliberate learning by processing vast quantities of data 
and identifying patterns, but they cannot replicate the creative, 
experimental, and socially embedded processes through which 
organisations develop genuinely novel capabilities [37].

Strategic Leadership as a Moderator
Strategic leadership plays a critical moderating role in the rela-
tionship between OL and DMCs. demonstrated that transforma-
tional leadership strengthens the relationship between explorato-
ry learning and sensing capabilities across both production and 
marketing departments. For departments with low transforma-
tional leadership, exploratory learning was not significantly re-
lated to sensing capability. However, for departments with high 
transformational leadership, the relationship between explorato-
ry learning and sensing capability was positive and significant. 
This finding has a direct implication for AI deployment: if AI 
is used to replace transformational leadership behaviours with 
algorithmic monitoring, the exploratory learning that underpins 
sensing capability will be undermined [1].

Conversely, transactional leadership, which focuses on clear 
role definition, performance monitoring, and contingent reward, 
was found to have a direct, positive effect on seizing and re-
configuring capabilities. This aligns closely with the capabilities 
of agentic AI, suggesting that the transactional dimensions of 
management are the most amenable to automation. The com-
plementarity between transformational and transactional leader-
ship, suggests that the most effective leaders in high-velocity en-
vironments may be those who can flexibly deploy both styles, a 
form of leadership ambidexterity that mirrors the organisational 
ambidexterity required for effective DMC development.

Environmental Velocity: Surge and Lurch Events
Introduced the concepts of “surge” and “lurch” events to de-
scribe fluctuations in environmental velocity. A surge event such 
as a disruptive technology, a new powerful competitor, or a sig-
nificant regulatory change, accelerates environmental velocity, 
dramatically increasing the need for strong dynamic capabilities 
over ordinary technical capabilities. A lurch event represents a 
sudden deceleration or stabilisation of the environment, where 
the premium shifts back towards operational efficiency and tech-
nical capabilities [2].
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Agentic AI is highly effective during lurch events, where stan-
dardisation, compliance, and efficiency are paramount. The con-
sistent, tireless, and data-driven nature of AI makes it an ideal 
tool for managing the operational demands of a stable environ-
ment. However, during surge events, the ambiguity and novelty 
of the environment demand the adaptive, creative problem-solv-
ing capacities of human managers. Failing to sense a surge event 
and to reconfigure DMCs may limit sustainability through re-
duced product differentiation. Failing to sense a lurch event may 
result in a growing cost base and uncompetitive market propo-
sitions [2]. Managers must therefore actively calibrate their re-
liance on AI versus human judgment based on their reading of 
environmental velocity, a meta-capability that is itself a form of 
sensing.

Ethical Frameworks, Transparency, and Accountability
The integration of agentic AI into managerial functions intro-
duces severe constraining factors related to ethics and account-
ability. Algorithmic systems governing employment decisions 
require clear articulation of operating principles, decision ra-
tionales, and appeal pathways. Transparency builds trust and 
enables meaningful contestation of errors or unjustified out-
comes[29]. Furthermore, clear attribution of responsibility for 
algorithmic decisions is essential. When an AI-driven manage-
ment system causes harm or injustice, liability must be clearly 

established among developers, implementers, and senior execu-
tives. Without robust ethical governance frameworks concerning 
fairness, privacy, and dignity, the deployment of AI will con-
strain, rather than enable, organisational agility.

Any AI-enhanced management system must explicitly safeguard 
employee autonomy through opt-out provisions for non-critical 
monitoring, human review of algorithmic decisions, and partic-
ipation in system design processes. Current regulatory regimes 
are increasingly ill-suited to address technological advances 
whose pace surpasses policy responsiveness, placing the burden 
of ethical governance squarely on organisational leaders. This 
represents a new and critical dimension of the managerial recon-
figuring capability: the ability to design and govern AI systems 
in ways that are both technically effective and ethically defen-
sible.

Comparative Capability Assessment: Human Managers vs. 
Agentic AI
A structured comparison of the relative capacities of human 
managers and agentic AI systems across key supervisory do-
mains illuminates the asymmetrical strengths and weaknesses of 
each approach and provides a practical foundation for hybrid 
architecture design.

Table 1: Comparative Capability Assessment — Human Micromanager vs. Agentic AI System
Domain Human Micromanager Agentic AI System

Workflow Monitoring Limited scope, prone to fatigue, subjective assessment Continuous, comprehensive, objective 
metrics collection

Real-Time Analytics Manual aggregation, delayed insights, sampling bias Instantaneous processing, pattern recog-
nition, anomaly detection

Compliance Enforcement Inconsistent application, selective enforcement Uniform rule application, comprehensive 
audit trails

Feedback Provision Contextual understanding, emotional intelligence Standardised criteria, potential bias in 
training data

Interpersonal Support Empathy, mentorship, conflict resolution None; purely transactional interactions
Discretionary Judgment Nuanced interpretation, value-based decisions Algorithmic determinism, limited to 

training parameters
Accountability Clear responsibility attribution Diffuse liability (developer, implementer, 

organisation)
Adaptability Novel situation handling, creative problem-solving Pattern-dependent, struggles with unprec-

edented contexts
Normative Authority Grounded in institutional roles and relationships Derived solely from delegated organisa-

tional power
Moral Responsibility Can bear moral responsibility for decisions Incapable of bearing moral responsibility

This comparison illuminates that AI excels in continuous mon-
itoring, consistency, and data-processing tasks, while human 
managers retain superior capacity for relational support, ethical 
judgment, and adaptive response. The strategic question there-
fore shifts from mere technical feasibility to optimal architec-
tural design: which supervisory functions should be automated, 
which should remain human-led, and how should the interface 

between the two be managed to preserve employee well-being 
and organisational agility?.

Personality as a Micro-foundation of DMCs
Proposed personality traits as a micro-foundation of DMCs, ar-
guing that individual personality characteristics influence the ca-
pacity of managers to sense, seize, and reconfigure. Specifically, 
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they proposed that openness to experience is positively associat-
ed with sensing capability, conscientiousness with seizing capa-
bility, and emotional stability with reconfiguring capability[38]. 
This perspective is consistent with the upper echelons theory, 
which emphasises the role of managerial psychological charac-
teristics in shaping organisational outcomes [27]. The implica-
tion for practice is that organisations should consider personality 
assessment as part of their executive selection and development 
processes, with particular attention to the traits that are most rel-
evant for the specific DMC demands of their environment. No 
AI system can replicate the dispositional openness to experience 
that enables a leader to genuinely sense novel disruption, or the 
emotional stability that enables a leader to guide an organisation 

through the grief and uncertainty of genuine transformation.

Conceptual Framework for Dynamic Managerial Capabili-
ties in the AI Era
Drawing on the theoretical and empirical literature reviewed 
above, we propose a conceptual framework that integrates agen-
tic AI into the DMC model. The framework depicts the relation-
ships between the antecedents of DMCs, the three core process-
es, and the structural and ethical moderators introduced by AI. 
Crucially, it positions the Hybrid Human-AI Architecture not as 
an optional add-on, but as the foundational design principle that 
makes effective DMC exercise possible in the contemporary en-
vironment. 

Figure 1: Conceptual Model: Dynamic Managerial Capabilities and Agentic AI in High-Velocity Organisational Environ-
ments

Figure 1 provides a visual representation of this integrated 
framework, showing how human managerial capabilities and 
agentic AI interact across the sensing, seizing, and reconfiguring 
dimensions of DMCs. However, the value of the model lies not 
only in these broad relationships, but also in the specific allo-
cation of complementary roles between human leaders and AI 
systems within each capability. Table 1 therefore extends the 
conceptual model by disaggregating each DMC process into its 
principal human micro-foundation, corresponding agentic AI 

capability, continuing human imperative, optimal human–AI 
architecture, and associated boundary conditions. It also iden-
tifies the leadership styles, environmental triggers, and intended 
organisational outcomes most closely associated with each di-
mension. In this way, the table translates the visual architecture 
of Figure 1 into a more explicit analytical framework, clarifying 
both where agentic AI can augment managerial capability and 
where human judgement, relational competence, and normative 
authority remain indispensable.

Table 2: Conceptual Framework of DMCs and Agentic AI Integration
Dimension Sensing Seizing Reconfiguring

Primary Human Micro-foun-
dation

Managerial Cognition Managerial Social Capital Managerial Human & Political 
Capital
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Agentic AI Capability Continuous monitoring, anom-
aly detection, real-time analyt-

ics

Resource coordination, uni-
form compliance enforcement

Scenario modelling, data-driv-
en forecasting, transition 

tracking
Human Imperative Interpreting weak signals, 

moral judgment, tacit knowl-
edge

Coalition building, emotional 
intelligence, contextual adap-

tation

Vision communication, emo-
tional labour, overcoming path 

dependency
Optimal Architecture AI flags anomalies; Human in-

terprets strategic meaning
AI optimises allocation; Hu-
man manages interpersonal 

dynamics

Human leads transformation; 
AI tracks transition metrics

Key Boundary Condition Confirmation bias vs.  Algo-
rithmic bias from training data

Algorithmic surveillance, 
learned helplessness, loss of 

autonomy

Path dependency (AI’s reli-
ance on historical data); nor-

mative authority deficit
Leadership Style Transformational (moderates 

exploratory learning)
Transactional (direct positive 

effect on seizing)
Orchestrational / Ambidex-

trous
Environmental Trigger Surge events demand human 

sensing
Lurch events amenable to AI 

compliance
Surge events demand hu-

man-led reconfiguration
Primary Outcome Opportunity identification and 

strategic intelligence
Value capture without psycho-

logical harm
Competitive renewal and evo-

lutionary fitness

The framework highlights several important theoretical proposi-
tions. First, the three DMC processes are not sequential but itera-
tive and interdependent; effective sensing creates the conditions 
for effective seizing, which in turn creates the need for reconfig-
uring, which then reshapes the organisation’s sensing capabili-
ties. Second, AI capabilities and human micro-foundations are 
complementary, not substitutable: AI excels at the quantitative, 
continuous, and objective elements of management, while hu-
mans are required for the qualitative, normative, and transforma-
tional elements. Third, the effectiveness of DMCs is moderated 
by both individual-level factors (cognitive biases, personality) 
and organisational-level factors (design, culture, learning infra-
structure, corporate control style, ethical frameworks). Fourth, 
the introduction of agentic AI creates a new set of constraining 
factors; algorithmic bias, transparency deficits, and accountabil-
ity diffusion that must be actively managed by human leaders. 

Discussion and Implementation Roadmap
Theoretical Implications
This paper makes several contributions to the theoretical liter-
ature on DMCs and dynamic capabilities more broadly. First, 
it bridges the DMC literature with emerging research on artifi-
cial intelligence and organisational psychology, challenging the 
technologically determinist view that AI can seamlessly replace 
human management. By applying the sensing-seizing-reconfig-
uring framework, we demonstrate that while AI can replicate the 
transactional mechanics of management (often associated with 
micromanagement), it cannot replicate the transformational 
dynamics required for genuine strategic renewal. This distinc-
tion is theoretically important because it clarifies the boundary 
conditions of AI’s applicability in managerial contexts. Second, 
the paper highlights that algorithmic supervision, if imple-
mented without human mediation, risks exacerbating the very 
psychological harms, loss of autonomy, increased stress, and 
disengagement, that the dynamic capabilities framework relies 
upon to foster innovation. Self-determination theory provides 
the psychological mechanism: when employees perceive their 

environment as controlling rather than autonomy-supportive, 
their intrinsic motivation is undermined, reducing the explorato-
ry learning and creative problem-solving that underpin effective 
sensing and reconfiguring. This creates a paradox: the AI sys-
tems deployed to enhance organisational efficiency may, if poor-
ly designed, undermine the very human capabilities that make 
the organisation strategically adaptive. Third, the paper extends 
the DMC framework by incorporating ethical governance as a 
new enabling and constraining factor. The deployment of agen-
tic AI in managerial contexts is not merely a technical challenge 
but a normative one, requiring organisations to make explicit 
choices about the values they wish to embed in their manage-
ment systems. This has implications for the study of corporate 
governance and organisational ethics, suggesting that the gover-
nance of AI systems should be treated as a strategic capability in 
its own right [21].

Fourth, the paper contributes to the environmental velocity lit-
erature by demonstrating that the optimal balance between AI 
and human management varies with the type of environmental 
event. During surge events, human sensing and reconfiguring 
capabilities are paramount; during lurch events, AI-driven ef-
ficiency and compliance are more valuable. This contingency 
perspective adds nuance to the existing literature on dynamic 
capabilities and environmental dynamism.

Practical Implications: The Implementation Roadmap
For organisations contemplating AI integration into manage-
rial functions, we propose a phased implementation roadmap 
designed to mitigate risk and preserve employee agency. This 
roadmap draws on the strategic logic of the DMC framework 
and the ethical principles identified in the AI management lit-
erature.

Phase 1 — Assessment: Audit current management practices 
to identify automatable functions (e.g., routine compliance, ba-
sic resource allocation, performance metric collection). Conduct 
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stakeholder consultations and impact analyses to ensure clarity 
of scope and employee buy-in. The goal of this phase is to distin-
guish between the transactional mechanics of management that 
are amenable to AI automation and the transformational dimen-
sions that must remain human-led.

Phase 2 — Design: Develop a hybrid architecture that clearly 
defines human and AI boundaries. Establish ethical review board 
oversight and robust transparency protocols to ensure alignment 
with organisational values. Explicitly safeguard employee au-
tonomy through opt-out provisions for non-critical monitoring, 
human review of algorithmic decisions, and participation in sys-
tem design processes. The design phase should also establish 
clear accountability structures, specifying where liability rests 
when AI-driven management causes harm or injustice.

Phase 3 — Pilot: Conduct limited deployments with iterative 
refinement. Ensure opt-in participation and clear exit provisions. 
Measure success through employee satisfaction, psychological 
well-being, and productivity gains, not just cost reduction. The 
pilot phase should include qualitative research to understand the 
lived experience of employees under hybrid management, cap-
turing psychological impacts that quantitative metrics may miss.

Phase 4 — Scale: Execute a graduated expansion accompanied 
by comprehensive training for both managers and employees. 
Maintain continuous monitoring of employee well-being and 
engagement, and establish clear grievance channels for algorith-
mic decisions. The scaling phase should be contingent on evi-
dence from the pilot that the hybrid architecture is achieving its 

intended outcomes without generating unintended psychological 
harms.

Phase 5 — Governance: Establish ongoing oversight and ac-
countability mechanisms. Conduct regular audits and indepen-
dent reviews to ensure compliance rates and the effectiveness 
of dispute resolution. The governance phase should also include 
mechanisms to update the AI system as the environment chang-
es, ensuring that the AI's sensing capabilities remain calibrated 
to current, rather than historical, market conditions.

Figure 2 summarises the five phases that translate the paper’s 
theoretical argument into a practical pathway for responsible 
AI-enabled management. Rather than treating AI adoption as 
a single technological intervention, the roadmap conceptua-
lises implementation as a cumulative process in which assess-
ment, design, experimentation, scaling, and governance build 
upon one another. Each phase introduces a distinct managerial 
priority while preserving the framework's central principle: AI 
should augment, not displace, the human capabilities required 
for judgement, relational leadership, ethical accountability, and 
strategic adaptation. Figure 1 synthesises this implementation 
logic visually, illustrating the progression from initial organisa-
tional assessment through to continuous governance and system 
renewal. Importantly, the model should not be interpreted as rig-
idly linear; feedback from piloting, scaling, and governance may 
require organisations to revisit earlier design assumptions as em-
ployee responses, technological capabilities, and environmental 
conditions evolve.

Figure 2: Five Phases of AI-Driven Management Implementation
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Limitations and Future Research
This paper is primarily theoretical, relying on a synthesis of 
existing literature. Future research must prioritise longitudinal 
empirical studies examining the psychological impacts of al-
gorithmic supervision on employee motivation, creativity, and 
firm-level agility. Specifically, research is needed to quantify 
the effectiveness of different hybrid human-AI architectures in 
high-velocity environments, and to identify the conditions un-
der which AI augmentation enhances, rather than undermines, 
the human DMCs of sensing, seizing, and reconfiguring. The 
absence of large-scale empirical studies directly testing the re-
lationship between AI deployment and DMC effectiveness rep-
resents a significant gap in the current literature, and one that is 
becoming increasingly urgent as organisations accelerate their 
adoption of agentic AI systems. Additionally, as AI capabil-
ities continue to evolve towards artificial general intelligence, 
the boundary between automatable tasks and essential human 
leadership functions will continually shift, requiring ongoing 
theoretical reassessment. The trajectory described by suggests 
that AI systems will increasingly be capable of performing tasks 
that currently require human judgment, including the interpre-
tation of ambiguous signals, the navigation of complex social 
dynamics, and the formulation of creative strategic responses. 
This trajectory raises profound questions about the long-term 
future of managerial work and the nature of human competitive 
advantage in an increasingly automated economy. Future theo-
retical work should engage seriously with these questions, rather 
than assuming that the current boundaries between human and 
AI capabilities are fixed [13].

Future research should also examine the cross-cultural dimen-
sions of algorithmic management, as the psychological impacts 
of AI supervision may vary significantly across national cultures 
with different orientations towards authority, autonomy, and pri-
vacy. The Hofstedian dimensions of power distance and indi-
vidualism, for example, may moderate the relationship between 
algorithmic supervision and employee well-being in ways that 
have important implications for the design of hybrid human-AI 
architectures in multinational organisations. Finally, the gover-
nance of AI management systems represents an important area 
for future research, particularly in relation to the development 
of regulatory frameworks that can keep pace with the rapid 
evolution of AI capabilities. The current regulatory vacuum in 
many jurisdictions creates significant risks for organisations that 
deploy AI management systems without adequate governance 
structures, and for the employees who are subject to those sys-
tems[39].

Conclusion
The proposition that agentic AI can replace the human micro-
manager, or indeed, any meaningful conception of management, 
falters upon rigorous examination. While agentic AI presents 
transformative potential for reshaping management practices, 
offering capabilities for monitoring, co-ordination, and analyt-
ics that far exceed human capacity, it lacks the interpersonal, 
normative, and moral dimensions that are irreducible to compu-
tational processes. In high-velocity environments, the dynamic 

managerial capabilities of sensing, seizing, and reconfiguring 
require more than data processing; they require visionary inter-
pretation, coalition building, and the emotional labour needed to 
guide people through disruptive change. AI systems can process 
vast quantities of data in real-time, enforce compliance uniform-
ly, and optimise resource allocation with precision. But they 
cannot interpret the moral significance of a weak signal, build 
the trust necessary for a coalition, or inspire an organisation to 
embrace the grief and uncertainty of genuine transformation.

Rather than pursuing wholesale replacement strategies that risk 
creating environments of perpetual algorithmic scrutiny, poten-
tially compounding the psychological harms of traditional mi-
cromanagement at industrial scale, organisations must embrace 
hybrid augmentation approaches. By leveraging AI to reduce 
administrative burdens and eliminate the mechanical aspects of 
micromanagement, organisations can free human leaders to in-
vest in the relational and transformational capacities that truly 
drive strategic renewal. The five-phase implementation roadmap 
proposed in this paper provides a practical pathway for achiev-
ing this balance, grounded in the ethical principles of transparen-
cy, accountability, and employee dignity. Ultimately, the future 
of competitive advantage in high-velocity environments lies 
not in choosing between human managers and artificial intelli-
gence, but in designing ethical, hybrid architectures that harness 
the strengths of both. The dynamic managerial capabilities of 
sensing, seizing, and reconfiguring will remain fundamentally 
human endeavours, enriched and amplified, but never replaced, 
by the extraordinary analytical power of agentic AI.
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