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Abstract

Reimagining Organizational Learning in the Al Era: A Conceptual Synthesis of Argyris &
Schin, March, and Senge

Alexandra P. Maranger

As orgamizations increasingly adopt artificial intelligence (AI) to enhance efficiency and
decision-making, a cnitical question anises: How does Al shape the deeper processes of
organizational learning? Drawing on Argyris and Schon’s (1978) distinction between single- and
double-loop learming, March’s (1991) exploration-exploitation framework, and Senge’s (1990)
systems thinking, this thesis develops a conceptual model that 1lluminates AT’s potential to both
streamline surface-level corrections and catalyze more profound, transformative change.

A literature review spanning human resource development, knowledge management, and
organizational behavior reveals that while AT often yields short-term productivity gains, scholars
rarely connect these implementations to fundamental learming dynamics such as reflective
mnquiry, strategic balancing of efficiency and innovation, or system-wide adaptation. Moreover,
existing research underscores an array of moderating factors — including leadership style,
organizational culture, ethics, and digital maturity — as pivotal in determiming whether AT fosters
genumne adaptation or merely reinforces existing norms.

By synthesizing classical learming theones with four key AT applications — machine
learning/automated decision-making, human-AT collaboration, big data/real-time analytics, and
algonithmic feedback — this thesis provides an integrated framework. The model details how Al
can facilitate deeper reflection, sustain ambidexterity, and strengthen systemic feedback loops,
contingent on contextual moderators and boundary conditions. In so doing, it aims to offer a

more holistic lens for scholars and practitioners.
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Chapter 1. Introduction

In today's rapidly evolving digital landscape, artificial intelligence (AI) stands out as both
a powerful technological catalyst and a subject of intense scholarly debate. Many organizations
have already adopted Al-driven solutions — ranging from machine learning-based decision
making (Balasubramaman et al | 2022; Banasiewicz, 2021; Bohanec et al | 2017; Booyse &
Scheepers, 2024; Davenport & Ronanki, 2018) to algonithmic feedback systems (Faraj et al |
2018; Grensund & Aanestad, 2020) — to increase operational efficiency and automate routine
tasks (Brynjolfsson & Mitchell, 2017; Wamba-Tagmmdje et al , 2020) . However, while these
mitiatives often yield short-term productivity gains, there 1s comparatively little research on how
AT might influence deeper orgamizational learming processes — shaping not only what
organizations learn but also how they reflect, adapt, and transform. This gap between techmical
implementation and holistic orgamzational learming forms the core motivation for this study.

Classical theories of organizational learming, particularly Argyns and Schén's (1978)
emphasis on single- vs. double-loop learning, March's (1991) focus on exploration-exploitation,
and Senge's (1990) systems thinking, offer crucial msights for understanding how organizations
adapt and evolve. Yet to date, these theories have rarely been directly linked to AT's growing role
1n areas like human-machine collaboration (Bienefeld et al_, 2023; Engstrom et al | 2024;
Herrmann & Pfeiffer, 2023; Jarrahi, 2018; Jarrahi, Askay, et al_, 2023; Makarius et al | 2020;
Olan et al |, 2022; Puranam, 2021; Sturm et al , 2021), big data and real-time analytics
(Banasiewicz, 2021; Chen et al | 2023), and automated decision-making ((Banasiewicz, 2021;
Benbya et al_, 2020; Bohanec et al., 2017; Booyse & Scheepers, 2024; Jarrahi, 2018). A
synthesis of these domains can reveal how and why AI might reinforce superficial, efficiency-

driven practices i some instances while catalyzing deeper, system-wide reflection in others.



Although AT 1s increasingly woven into orgamzational processes, existing scholarship has
focused largely on technical integration rather than the learming transformation that AT could
facilitate. Research on Al in orgamzational contexts often addresses individual skill development
(Dwivedi et al., 2021; Jarrahi, Askay, et al., 2023; Kar et al_, 2021; Li & Yeo, 2024; Makarius et
al , 2020) or knowledge management (Alavi et al , 2024), overlooking the broader, collective
learning processes that Argynis and Schén, March, and Senge conceptualized decades ago. Asa
result, there lacks a clear theoretical framework that shows how AT specifically impacts
organizational-level learming, including the role of leadership (Bevilacqua et al | 2025), culture
(Bley et al_, 2022; Rozman et al., 2023), ethics (Katira1 & Nagato, 2024; Leslie, 2019), and

digital maturity (Ladu et al , 2024) as moderating influences.

Given this research gap, the central question gumding this thesis 1s: Which theoretical
perspectives best explain AT's role in enabling (or hindering) orgamzational learming? Sub-
questions mclude how classical theories of learning account for new AT mechanisms (e.g.,
algonithmic feedback, real-time analytics), which moderating factors shape AT's effectiveness in
fostering deeper reflection, and what boundary conditions — such as industry context or technical
infrastructure — constrain or enhance AT's transformative potential
Research Purpose and Objectives

The purpose of this thesis 1s to develop a conceptual framework that integrates classical
organizational learning theories with contemporary Al practices, illuminating how AI may serve
as etther a catalyst or barrier to deeper learning across organizations. More specifically, the
objectives are to:

1. Analyze AT mechanisms (machine learning/automated decision-making, human-AT

collaboration, big data/real-time analytics, and algonthmic feedback) through established



theoretical lenses (single-/double-loop learming, exploration-exploitation, systems

thinking).

2. Identify moderating factors (leadership, culture, ethics, digital maturnity) that shape whether

AT mmtiatives reinforce superficial routines or spark genmine adaptation

3. Exanune boundary conditions (organization size, mdustry context, techmical infrastructure,

workforce capability) that influence AT's role 1n learming outcomes

4. Contribute to the orgamzational learming literature by extending classical theories into

modern Al contexts, proposing a framework that future empirical work can test and refine.

By bridging Argyns & Schon's single- vs. double-loop learming, March's exploration-
exploitation model, and Senge's systems thinking, the framework proposed here aims to
revitalize orgamizational learming discourses in the era of Al It extends these theones by
mcorporating AT's unique capabilities and by examiming how these capabilities shift learming
processes. This thesis employs a conceptual research design, integrating classical theories with
literature on Al in management, human resources development, and knowledge management. A
lack of direct studies linking AT and organmizational learning further justifies a theoretical
synthesis approach, where each AT mechanism 1s mapped to the relevant learning dimension and
contextual moderators. As a conceptual study, the scope 1s to propose and refine a framework

rather than empirically test it, though future validations are anticipated.

Chapter 2. Literature Review
This review examines how Al influences orgamizational learming processes through three

foundational theoretical lenses: Argyris and Schon's (1978) single- and double-loop learning,



March's (1991) exploration-exploitation framework, and Senge's (1990) systems thinking
approach. As organizations increasingly integrate Al capabilities, understanding their impact on
knowledge creation, sharing, and application becomes crucial. While these established theories
emerged before widespread AT adoption, they offer valuable frameworks for analyzing how AT
shapes orgamizational learming dynamics. This review first examines each theoretical
perspective's core tenets and evolution, then explores AT's current orgamizational applications and
implementation challenges. Finally, 1t considers how leadership, culture, and ethics moderate
AT's influence on learning outcomes. By synthesizing these perspectives, the review aims to
illuminate both opportumities and tensions in Al-enabled organizational learning

Foundational Theories of Organizational Learning

Single- and Double-Loop Learning

Argyris and Schon’s (1978) seminal work frames orgamizational learming as the mterplay
between espoused theories (stated beliefs) and theories-in-use (actual actions), ighlighting how
these underlying assumptions guide an organization’s behavior. Their Theory of Action argues
that every deliberate human action rests on cogmitive foundations — norms, strategies, and
assumptions — which can be revealed and tested to foster change. They propose two mterrelated
models of individual theories-in-use: Model I, centered on attamning goals and maintaining
control, and Model IT, based on valid information, free choice, and reflective commitment.

These frameworks feed into distinct organmizational learming systems, Model 0-I and
Model 0-1I, reflecting how an orgamization’s structures and processes either inlubit or enable
deeper adaptation. Model 0-1 systems emphasize single-loop learming, where errors are remedied
without questioning core values or norms, thereby preserving the status quo. Whale this process

can maintain stability, it often leads to superficial fixes, defensiveness, and a lack of awareness



about deeper systemic 1ssues. In contrast, Model 0-II systems promote double-loop learming, in
which members confront and restructure the very norms and assumptions that foster errors,
enhancing the capacity for gemune adaptation. This shift entails open dialogue, valid information
sharing, and a collective commitment to continuous improvement.

Argyris and Schon also stress mapping as a central mechanmism for understanding and
shaping an orgamzation’s theory-in-use. By captuning both tacit and explicit knowledge,
mapping illuminates underlying beliefs and practices, guiding future actions. Additionally, they
focus on how single- and double-loop learming differ in scope: the former addresses immediate
mismatches between expected and actual results, while the latter transforms the orgamzation’s
gwmding principles. Double-loop learning thus calls for a willingness to challenge entrenched
approaches, adopt ngorous inquiry, and redefine objectives based on broader reflection and
collaboration. Ultimately, their core assertion 1s that organizations thrive not by merely
correcting errors but by reexamining the deeper beliefs driving their actions, enabling lasting

flexability, adaptability, and the emergence of a more reflective, resilient culture.

While Argynis and Schon's (1978) distinction between single-loop and double-loop
learning remains one of the most influential frameworks 1n orgamzational learning literature,
scholars have identified several key challenges in applying this framework both theoretically and
practically. These challenges can be broadly categonized mto conceptual complexity,
measurement difficulties, and implementation barriers. Scholars note that despite 1ts widespread
citation, Argyris and Schon's framework has left a "superficial impact on the literature and
practice" (Auqui-Caceres & Furlan, 2023, p. 741). As Lipshitz (2000) argues, this limited
influence stems partly from the inherent complexity of the framework's core concepts. The

distinction between espoused theories and theones-in-use, while theoretically elegant, proves



challenging to operationalize in orgamizational settings. Jaaron and Backhouse (2017)
characterize double-loop learning as an "inherently complex concept" that many practitioners
struggle to fully grasp and apply.

A significant criticism centers on the difficulty of measuning double-loop learning in
practice. Mazutis and Slawinski (2008) imndicate that most empirical studies rely heavily on
questionnaires and mnterviews, which are inadequate for capturing the actual transition from
Model I to Model II theories-in-use. This methodological limitation stems from the fact that
"theory-in-use and their goverming variables must be inferred from actual behaviors or routines
of individuals, teams, and orgamzations" (Auqui-Caceres & Furlan, 2023, p. 751). The lack of
validated measurement tools has led to considerable variation in how researchers operate and
assess double-loop leaming outcomes.

Perhaps the most significant challenge lies i implementing double-loop learning within
organizations. Multiple scholars (Bochman & Kroth, 2010; Henderson, 1997, Lipshatz, 2000)
characterize the development of double-loop learming capabilities as "extremely difficult" and
"problematic " These difficulties stem from several factors. Orgamzations and individuals often
employ defensive routines that inhibit the questioning of underlying assumptions and values
(Mazutis & Slawinski, 2008). Simultaneously, successful implementation of double-loop
learning requires commutted leaders who can facilitate authentic dialogue and reflection —

a combination of skills that remains rare in practice (Witherspoon, 2014). Moreover, the
transition from Model I to Model IT behaviors necessitates sustained effort over extended periods
— often 18 to 24 months or longer (Auqui-Caceres & Furlan, 2023). Compounding these
challenges, orgamizational cultures that priontize efficiency and quick fixes can hinder the deeper

reflection and questioning crucial for genuine double-loop learming (Lipshitz, 2000).



Argyrnis and Schon’s (1978) framework has been widely revisited and expanded upon
since 1ts onginal publication. Some authors propose a third learming loop where the core
principles upon which an orgamization 1s founded are brought into question, this level of learming
mvolves questioning the company's position in the outside world, its intended role, and 1ts
identity (Hawkins, 1991; Swieringa & Wierdsma, 1992). This later interpretation of Argyris and
Schon’s (1978) framework has been wrongly attributed to the authors, and has been criticized for
lacking empirical validation, having poorly defined terminology, conflating different theoretical
perspectives, and promoting an uncritical assumption that higher levels of learming are inherently
more valuable for organizations (Tosey et al, 2012).

Exploration-Exploitation
March's (1991) framework on orgamzational learming highlights the fundamental tension

between exploration — pursuing new ideas, mnovations, and nisk-taking — and exploitation —
refining existing capabilities for efficiency and reliability. Both processes are vital for long-term
success, yet they compete for finite resources and demand conscious trade-offs. Exploitation can
drive immediate gains by standardizing practices, enhancing productivity, and stabilizing
performance, but an overreliance on exploitation nisks locking orgamzations into suboptimal
routines and limiting adaptability. When environments shift or technologies evolve, excessively
exploitative orgamzations may struggle to respond effectively.

In contrast, exploration calls for vanation, discovery, and openness to new knowledge,
enabling orgamizations to innovate, adapt, and stay competitive amid change However,
exploration poses significant challenges: benefits often emerge later, its returns are uncertain,
and 1t can be more difficult to measure or justify in resource-allocation decisions. Organizations
must therefore balance exploration’s potential breakthroughs with exploitation’s dependable

outcomes, recogmzing that each approach serves different time horizons and risk profiles.



Maintaiming this balance often requires deliberate resource allocation, cultural
encouragement of experimentation, and an awareness of how turnover, diversity, and
socialization patterns shape learning behaviors. A moderate influx of fresh perspectives can
spark exploration without destabilizing core operations. Ultimately, March contends that
organizational learning hinges on how managers navigate the tension between short-term
refinement of existing competencies (exploitation) and the longer-term pursuit of novel
possibilities (exploration). Achieving an appropriate balance 1s vital for both adaptability and

sustained competitive advantage.

The evolution of March's (1991) exploration-exploitation framework has been marked by
significant theoretical developments, particularly in understanding how organizations can
simultaneously pursue both modes of learming. While March oniginally conceptualized
exploration and exploitation as competing activities that create inherent trade-offs in resource
allocation, subsequent research has challenged and refined this view through the lens of
organizational ambidexterity (O'Reilly & Tushman 2013; Raisch et al., 2009)

The concept of organizational ambidextenity, first mtroduced by Duncan (1976) and later
expanded by Tushman and O’Reilly (1996) represents a crucial advancement in understanding
how orgamzations can manage the exploration-exploitation paradox. Ambidextrous
organizations develop the capability to simultaneously explore new possibilities wiile exploiting
existing competencies (O’Reilly & Tushman, 2013). Tlus dual capacity has become increasingly
crifical in modern organizational contexts, where rapid technological change and market
dynamics demand both efficiency and innovation (Birkinshaw & Gupta, 2013).

Recent literature has identified several distinct approaches to achieving ambidexterity.

Structural ambidexterity, as described by O’Reilly and Tushman (2004), nvolves creating



separate organizational umits for exploration and exploitation activities, each with its own
processes, structures, and cultures. This approach allows organizations to maintain different
operational logic simultaneously while preserving overall strategic integration. The temporal
dimension of ambidexterity has also received attention, with scholars exammning how
organizations can sequentially alternate between periods of exploration and exploitation
(Siggelkow & Levinthal, 2003). This sequential approach suggests that organizations might
benefit from rhythmic switching between these modes rather than attempting to maintain them
simultaneously. However, in increasingly dynamic environments, the lwxury of temporal
separation may be dimimishing, pushing orgamizations toward more simultaneous approaches to
ambidexterity (Boumgarden et al , 2012).

Empirical studies have provided evidence for the performance benefits of ambidextenity,
while also hughlighting its contextual nature. Meta-analyses suggest that the relationship between
ambidexterity and performance 1s positive but moderated by environmental and organizational
factors (Junm et al , 2013). This indicates that the optimal balance between exploration and
exploitation may vary across contexts and over time, requiring orgamizations to develop dynanuc
approaches to managing this tension.

The emergence of new orgamizational forms and technological capabilities has not
eliminated the fundamental tension that March identified but rather has created new ways of
managing 1t. As organizations continue to evolve in response to technological and environmental
changes, our understanding of how to effectively balance exploration and exploitation must
similarly evolve. Future research might examine how emerging technologies, and orgamizational
forms affect the nature of this balance and the mechamsms through which orgamizations can

achieve ambidextenity in increasingly complex and dynamic environments.
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Systems Thinking

Senge's (1990) systems thinking 1s framework that views the orgamization as a dynamic
and interdependent system — where decisions or changes in one area can have far-reaching
consequences elsewhere. Instead of managing activities in 1solation, systems thinking
emphasizes identifying patterns, feedback loops, and the underlying structures that drive
behavior over time. Organizations comprise of multiple, mmterlocking processes and relationships,
no parts function truly independently.

Senge (1990) describes five learming disciplines that are key to building a learning
organization. These disciplines are systems thinking, personal mastery, mental models, building
shared vision, and team learming. Systems thinking 1s referred to as the “fifth discipline™ as 1t
integrates all others, acting as a conceptual comerstone. A key principle of systems thinking 1s
that structure influences behavior — when placed in the same system, people tend to produce
simular results. It directs us to look at the underlymng structures that shape individual actions and
create the conditions where certain events are likely. Personal mastery involves continually
clanfying and deepening personal vision, focusing energies, developing patience, and seeing
reality objectively and 1s considered the spiritual foundation of the learning orgamzation. Mental
modes entail working with our internal pictures of the world, bringing them to the surface, and
holding them up for scrutiny. The ability to surface and challenge mental models 1s key to
adapting to change Bwlding a shared wvision involves creating a shared picture of the future —
1t requures a long-term comnutment and helps to bind individuals together around a common
1dentity and sense of destiny. Finally, team learming 1s a discipline that focuses on the ability of
groups of individuals to look for the larger picture beyond mdividual perspectives, it involves

practices such as dialogue, reflection, and a willingness to expose the limitations in one's
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thinking_ It 1s important to note that these disciplines are not meant to be applied separately, but
as an ensemble.

Feedback 1s a key concept in systems thinking, referning to any reciprocal flow of
influence i which every influence 1s both a cause and an effect. Two broad types of feedback
processes exist: remnforcing feedback, often seen as the engine of growth, and balancing
feedback, which underpins goal-oriented behavior. Many feedback processes contain delays —
interruptions between actions and their consequences — and mimnuzing these delays 1s a high-
leverage strategy for improving overall system performance. Systems archetypes, meanwhile, are
recurring structures that reveal an elegant simplicity beneath management complexity; by
recogmzing these archetypes, individuals can recondition their perceptions to identify leverage
ponts that transform system behaviors.

At the organizational boundary level, the principle of system boundary insists that
attention must be directed to the most significant interactions affecting an 1ssue, regardless of
departmental or hierarchical divisions. In applying systems thinking, the emphasis should remain
on the desired result rather than on presumed processes or means; this perspective fosters a
continuous learming approach rather than the purswt of static “perfect plans.” Mental models,
especially those shared by key decision makers, are instrumental in shaping orgamzational
action, with leaders’ effectiveness linked to the continual improvement of their own mental
models. Ideally, these mental models guide self-concluding decisions and create space for
openness and systemic inquiry, both of which are vital in complex environments where there 1s
rarely a single “right answer.” A shared vision emerges when individual visions harmomize
within a broader orgamizational purpose, helping local decision makers avoid missing

interdependencies beyond their immediate spheres of influence. Ultimately, the question 1s
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where organizations choose to focus their attention — on events, on repeating patterns of
behavior, on the systemic structures underneath, or on a umfying “purpose story” — and how well
each individual’s mental models align with that overarching direction.

Some critics argue that Senge’s systems thinking lacks engagement with the
fundamentals of systems theory, relying heavily on traditional system dynamics while neglecting
power processes (Flood & Finnestrand, 2020; Kiedrowski, 2006; Ortenblad, 2020). Without
clear guidelines, organizations may apply Senge’s 1deas superficially, embracing the language of
systems thinking but overlooking deeper issues of power and dialogue. Additionally, Senge’s
model 1s said to focus too heavily on individual cognition, glossing over collective, embodied,
and cultural dimensions of learming (Ortenblad, 2007, 2020). Scholars have also faulted it for an
ndividualistic rather than a holistic orgamizational view, failing to address how dominant groups
might shape or suppress certain visions and mental models (Flood & Finnestrand, 2020;
Kiedrowski, 2006). As a result, critics describe the framework as utopian and 1dealistic,
contending that 1t 1s not always grounded in the practical realities of organizational life and can
serve managerial interests at the expense of true collaboration (Kiedrowski, 2006). Finally, they
assert that Senge provides insufficient practical gumidance for building learming orgamizations,
framing hum more as a practitioner who repackages basic theory mto accessible language than as
a theoretician offering robust, operationalizable methods (Flood & Finnestrand, 2020).

Digital Transformation of Learning Theories

The digital transformation of organizational learning theories has evolved sigmficantly
from early technological implementations to modern Al-enabled systems. Kane and Alavi's
(2007) analysis of IT-enabled learning mechamsms laid the gproundwork for understanding how

technology shapes orgamizational learming through Knowledge Repositories and Portals (KRPs),
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Virtual Team Rooms (TRs), and Electronic Communities of Practice (ECOPs). This foundation
has expanded considerably with modern digital transformation, as 1dentified by Argote et al_
(2021), who lughlight three fundamental shifts: the unprecedented acceleration of organmizational
learning speed, the dramatic expansion of learning scale, and the broadening scope of what
organizations can learn. Johnson et al. (2022) further develop this understanding by
demonstrating how digital technologies, particularly Al enable real-time learming through
continuous data collection and automated knowledge synthesis, fundamentally altering
traditional orgamzational learning mechamsms and creating new pathways for knowledge
creation and transfer.

AT's impact on traditional learming frameworks represents a paradigm shift in both
exploitation and exploration capabilities, transcending previous technological advancements. In
terms of exploitation, AT enables process optimization and efficiency gains through automated
workflows and enhanced decision-making processes (Wamba-Tagmmdje et al_, 2020), whaile
fostering novel forms of human-AT collaboration that augment existing capabilities (Makarius et
al , 2020). Puranam's (2021) Human-AT Collaborative Decision-Making framework illustrates
how AT transforms exploitation activities through real-time feedback processing and pattern
recognifion. Simultaneously, AT has emerged as a powerful tool for exploration, serving as a
strategic asset for innovation (Jarrahi, Askay, et al, 2023) through soplusticated data analysis
capabilities (Kakatkar et al | 2020) and pattern recogmtion (Somi et al , 2020). This dual
enhancement challenges the traditional notion of trade-offs between exploration and exploitation,
as Al enables orgamzations to transform resource allocation (Berente et al , 2021), make real-
time adjustments (Engstrom et al | 2024), and leverage Al-enabled transactive memory systems

(Bienefeld et al_, 2023).
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Dngital transformation has introduced new possibilities for managing the exploration-
exploitation tension. Technological advances, particularly in data analytics and artificial
mtelligence, have created opportunities for orgamzations to pursue both activities more
efficiently (Kane & Alavi, 2007; Verganti et al , 2020). Digital technologies can reduce the
traditional resource constramnts that March (1991) identified as central to the exploration-
exploitation trade-off, enabling orgamzations to process information more efficiently and
experiment with new possibilities while mamtaining operational excellence (Berente et al |
2021).

Machine learming models and transparent explanations can be powerful enablers of both
single- and double-loop learning in orgamizations (Bohanec et al_, 2017). Predictions and data-
driven mnsights enhance existing processes — a hallmark of single-loop learning — by identifying
mefficiencies, streamliming operations, and aligning actions more closely with established goals.
ML-driven explanations can reveal deeper insights that prompt decision-makers to question
underlying assumptions, thereby engaging in double-loop learming, which mvolves modifying
the organization’s very norms and mental models. By encouraging discussion around why a
model produced certain results, these explanations facilitate reflection, reduce subjective biases,
and prompt re-evaluation of inifial forecasts or business strategies.

Jarrali, Kenyon, et al 's (2023) framework for mutual leaming between AT and humans
closely aligns with the concepts of single- and double-loop learning by offering a dual pathway
for orgamizational improvement and transformation. Al-driven insights can refine existing
processes and correct errors within famihiar norms and objectives — reflecting single-loop
learning, where the emphasis 15 on sustaiming current performance. AI’s capacity to uncover

novel patterns and suggest new ways of working can prompt orgamzations to question deep-
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rooted assumptions, thus engaging in double-loop learming, where core strategies and values are
reexamined. In this ongoing feedback loop, humans contextualize AI’s outputs, while AT systems
adapt based on human mput, ultimately supporting both operational efficiency and the
remvention of organizational norms.

The ntegration of Al and knowledge management into organizational systems presents
an opportunity to examine the adaptability of established theoretical frameworks. Herrmann and
Pfeiffer (2023) and Jarrahi, Askay, et al's (2023) work demonstrates alignment with Senge's
systems thinking principles, yet also reveals areas where traditional frameworks may need
expansion. While both works validate Senge's emphasis on feedback loops, integrated systems
perspectives, and orgamzational learming, they also introduce novel considerations specific to AI
capabilities. Herrmann and Pfeiffer's (2023) four distinct organizational loops m Al
implementation — use, customization, onginal tasks, and contextual changes — extends beyond
Senge's onginal conceptualization, suggesting the need for more nuanced theoretical frameworks
that can accommodate AT's umique characteristics. Similarly, Jarraln, Askay, et al's (2023)
exploration of human-AT symbiosis introduces dynamics not fully captured in traditional systems
thinking models, particularly regarding the recursive learning relationship between human and
artificial agents. This emerging scholarship suggests that while Senge's fundamental principles
remain relevant, there may be a need to evolve systems thinking frameworks to fully encompass
the distinct properties and implications of Al systems, particularly their capacity for autonomous
learning and decision-making within organizational contexts.

These foundational theories underscore the multifaceted nature of orgamzational
learning_ Argyris and Schén’s emphasis on single- versus double-loop learming highlights the

importance of both routine process optimization and deeper reexamination of norms, while
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March’s exploration-exploitation framework brings mto focus the tension between incremental
improvement and more radical mnovation. Senge’s systems thinking adds a holistic viewpoint,
underscoring the complexity and interdependence of orgamizational elements. Recent scholarship
and digital-era transformations demonstrate that these theories, though seminal, benefit from
ongoing refinement to fully capture how AT machine learning, and other advanced technologies
alter orgamizational knowledge flows. As orgamizations increasingly combine human expertise
with Al-driven insights, the interplay among single- and double-loop learning, exploration-
exploitation, and systemic feedback loops becomes more dynamic, calling for theoretical
frameworks that can accommodate new modes of inquiry and collaboration. Ultimately, the
convergence of these foundational perspectives with contemporary digital innovations paves the
way for richer, more adaptive learning processes in modern organizations.
Al in Organizational Contexts

The following section provides an overview of AI’s historical trajectory and current
applications in orgamizational settings. Early efforts focused on automating basic tasks and
calculations, while modern AT imtiatives have become increasingly complex, involving real-time
data analysis, machine learming, and strategic mnovation. Researchers underscore that effective
AT implementation now demands not just technical enhancements but also social and structural
changes—ranging from leadership engagement to team-based knowledge exchange. Ultimately,
these developments shift AT’s role from a simple efficiency tool to a transformative force that
reshapes how orgamizations learn, adapt, and innovate.
Historical and Current AT Adoption

AT’s evolution reflects a progression from theoretical concepts and mechanical

automation (Nilsson, 2009) to soplusticated systems embedded in everyday life (Brynjolfsson &
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McAfee, 2014). Early iterations of AI centered on building machines to handle well-defined
tasks — such as automating basic calculations, payroll processing, and information handling —
through rule-based approaches (Brynjolfsson & McAfee, 2014). Concurrently, pioneering efforts
in symbolic processing, heuristic search, and neural networks laid the groundwork for AT's
eventual leap beyond theoretical problems into real-world applications (Nilsson, 2009). By the
1970’s and 1980°s, government and commercial support propelled AI toward practical
endeavors, culminating in expert systems, computer vision, and natural language interfaces
(Nilsson, 2009). This shift has enabled AT to tackle increasingly complex tasks and to function in
partnership with human expertise, requining orgamzational co-mnventions (Brynjolfsson &
Mitchell, 2017) that reshape business processes and management structures. The consistent
theme has been a growing potential to move beyond basic efficiencies, facilitating profound
changes 1n how orgamizations learn, adapt, and reinvent their core operations.

Earlier research noted technology’s potential to drive orgamizational learming, as imifial
mnquiries into enterprise resource planning systems (Robey et al | 2002) and knowledge
management systems (Alavi & Leidner, 2001) demonstrated how IT can foster knowledge-
sharing and traming. However, Al surpasses these earlier technologies in both scale and
sophistication. The evolution of AT in orgamzational contexts demonstrates a marked progression
from simple automation to sophisticated, strategically oriented deployments. Data analytics
capabilities have moved beyond basic descriptive methods to advanced pattern recogmtion and
real-time data processing (Kakatkar et al | 2020; Som et al_, 2020), enabling orgamizations to
leverage actionable insights from large datasets. Machine learming applications now include
sophisticated algorithms — such as decision trees, Bayesian networks, and deep learning systems

— that bolster both operational efficiency and strategic innovation (Johnson et al | 2022).
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Sinularly, automation has evolved from routine task execution to imntelligent process optimization
and dynamic resource allocation (Wamba-Tagmmdje et al_, 2020), while predictive modeling has
advanced to pernut real-time forecasting and strategic planning (Berente et al , 2021).

Imitially, AT implementations centered on achieving efficiency gains through
exploitative, task-specific uses (Brynjolfsson & Mitchell, 2017). However, by the 2020°s,
organizations began adopting human-AT collaborative models that balance exploitation with
exploration capabilities, reflecting an emphasis on enhanced decision-making and strategic
mnovation (Engstrom et al., 2024; Kakatkar et al_ | 2020). More recent developments, especially
from 2022 onward, underscore real-time learning and adaptation, along with the necessity of
addressing implementation hurdles such as employee resistance, team dynamics, and structural
adaptation (Booyse & Scheepers, 2024), Al systems place growing importance on knowledge
creation and transfer, marking a departure from earlier efficiency-focused applications and
highlighting the need for comprehensive, systematically managed approaches that blend
technical, social, and orgamizational considerations (Jarrali, Kenyon, et al , 2023).

Implications for Organizational Learning

Thus section exanunes how artificial intellipence (AT) reshapes the landscape of
organizational learning. From knowledge management systems that embed both tacit and explicit
msights (Argote et al | 2021) to collaborative frameworks that emphasize mutual learning
between human teams and AT agents (Bienefeld et al , 2023; Jarrahi, 2018) researchers
mcreasingly view AT as a transformative force for enhancing decision-making, innovation, and
the capture of orgamizational know-how. These studies also illuminate the social, ethical, and
strategic complexities inherent in implementing AT, underscoring the importance of systems

thinking team dynamics, and sociotechnical frameworks.
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Argote et al. (2021) observe that Al-enhanced knowledge management systems and
machine leaming algonthms can sigmficantly enrich orgamzational learming by capturing both
tacit and explicit knowledge, thereby uncovering insights that might otherwise remain unseen.
These tools not only streamline knowledge sharing, reduce search costs, and accelerate new
employees’ path to productivity, but also hold pronuse for helping orgamizations adapt to rapidly
shifting market demands. Agrawal et al. (2024) caution that AT’s impact often extends beyond
1solated tasks, underscoring the importance of a systems-thinking perspective in contexts where
interdependent decisions exacerbate orgamzational complexity. Within the healthcare sector, for
example, Bienefeld et al (2023) emphasize the utility of incorporating AT agents mnfo a team’s
transactive memory system to strengthen collective expertise, while also demonstrating the need
to balance trust — neither over- nor under-reliance — to ensure consistent, high-level performance.
At the individual level, Jarrali (2018) lughlights the productive synergy that emerges when
human discernment pairs with AT-driven data processing, a concept advanced further by Johnson
et al (2022), who regard Al as a collaborator that fosters more profound exploration and

mnovation, rather than simply automating standard procedures.

Sturm et al. (2021) expand this discussion through agent-based simulations, illustrating
that organizations must involve humans in configuring machine learning systems to maintain an
equilibrium between exploration and exploitation. Their findings resonate especially in uncertain
or dynamuc settings, where imperfect data quality and swiftly evolving conditions require
diligent human oversight and flexible cooperation. This “mutual learning™ paradigm, as
conceptualized by Jarrahi, Kenyon et al. (2023) depicts Al as a partner that brings substantial
analytical capacity, while humans contribute contextual insight and nuanced decision-making.

One 1llustrative example 1s the United Parcel Service’s Al-empowered network planning tool, in
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which human feedback loops iteratively refine Al outputs, generating “artificial capital™ that
aligns with the orgamization’s distinctive culture and strategic objectives. Such patterns of
reciprocal interaction underscore how continuous feedback between algorithms and people

drives sustained gains m efficiency, innovation, and learning.

Finally, Jarrali, Askay, et al. (2023) examine AT’s broader function in knowledge
management and workforce development, showcasing MITRE’s, a federally funded US based
research orgamzation, strategy of pro-actively mapping employee expertise with AI to muinimize
knowledge silos. In addition to identifying overlooked connections m extensive datasets — for
mnstance, a deep-learning algorithm revealing new correlations in materials science — Al can
enable ongoing, 1terative learning experiences. Previously, Orlikowski (1992) and Leonardi
(2013) investigate the continual sociotechnical interplay between organizational structures and
technology, but their analyses typically address broad conceptual changes rather than focusing
on reflective practice, systems thinking, or the exploration-exploitation tension. Makarnus et al.
(2020) and L1 and Yeo (2024) ushening the notion of a sociotechnical structure into the 2020°s,
asserting that this framework 1s essential, ensuring that social, cultural, and managenal processes
advance in tandem with AT adoption, thereby bolstening psychological safety and personalized
learning opportunities. Under conditions of supportive leadership, robust nfrastructures, and
carefully designed protocols, Al and human expertise can collectively generate “sociotechmical
capital™: a strategic advantage arising from the integrated interplay between machine intelligence

and employee capabilities in highly dynamic, knowledge-driven environments.

Ardichwvili (2022) warns that AT's automation of knowledge work can madvertently
curtail employees’ opportunities for skill development by miminizing their engagement with

progressively complex tasks and limiting social mteractions that foster collaborative learning.
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When tasks are broken into micro-components, workers may experience reduced autonomy, job
engagement, and a reliance on automated advice that promotes cognitive complacency and
deskilling. Dwiveds et al. (2021) echo these concemns, noting that an overdependence on Al can
dimunish employee motivation, cause alienation, and compromise job satisfaction. They also
emphasize transparency and accountability 1ssues: “black box™ algorithms complicate the fracing
of AT outputs back to human decisions, and organizations often grapple with the quality of data
used to framn AI models. These challenges reveal a broader tension between AI’s potential to
streamline operations and the risk of eroding both worker agency and shared orgamzational
knowledge.

In Industry 4.0 contexts, rapid digital transformation can intensify these tensions. Malik
et al (2022) show how employees may struggle with the pace and complexity of Al-based tools,
leading to “technostress™ manifested in reduced job satisfaction, increased anxiety, and concerns
about job security. Alongside data privacy and system integration nisks, these factors underscore
the need for holistic change-management strategies, particularly when employee workloads and
expectations escalate. Wilkens (2020) further points out that AT can remnforce single-loop rather
than double-loop learning, narrowing the scope of orgamizational reflection and inhibiting more
dynamic, non-linear thinking. Although AT can offer remarkable gains in efficiency and insight,
the literature collectively stresses that these benefits must be weighed against their potential
downsides—from skill attrifion to mustrust of opaque algorithms——calling for implementation
strategies that safeguard both long-term learning capacity and workforce well-being_
Implementation Barriers

The adoption of Al often encounters resistance due to psychological and professional

barriers at the individual level. Employees may view Al m abstract, complex terms and become
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passively engaged with new technologies rather than proactively learming to use them (Engstrom
et al | 2024). Knowledge workers, in particular, may see Al as a threat to their professional
autonomy and expertise, leading to concerns about maintaiming a sense of agency in decision-
making (Booyse & Scheepers, 2024). Such apprehensions about role displacement and
dimunished control can 1n turn reduce motivation and engagement, 1llustrating how employees’
reluctance to upskill or collaborate with AT hinders successful implementation (Booyse &
Scheepers, 2024; Shrivastav, 2022).

Beyond the mmdividual, AT adoption mtroduces a range of group-level complexities that
revolve around team coordination, reconfigured workflows, and evolving leadership roles. Poor
interdepartmental coordination, inconsistencies in processes, and misalipned goals can disrupt
collective efforts to integrate AT smoothly (Engstrom et al., 2024; Kar et al | 2021).
Transformations in team interaction - prompted by the introduction of Al-augmented tasks -
requure revisions to leadership responsibilities and accountability structures. These shifts can
create resistance or confusion among teams, especially where cultural norms and process
ownership conflict with new Al-driven practices (Booyse & Scheepers, 2024). Moreover, Al
adoption necessitates a broader cultural transformation, and teams may resist changes to long-
established patterns of communication and decision-making (Engstrom et al |, 2024; Kar et al |
2021). As a result, effective AT mtegration calls for robust change management, collaborative
support, and clear delineations of responsibilities

On an orgamzational level, AT implementation 1s frequently constrained by strategic,
structural, and contextual 1ssues that demand more systemic solutions. Many organizations
struggle to shift from AT experimentation to full production, as doing so necessitates integrating

novel tools mto existing mfrastructures and practices, reskilling staff, and addressing ethical
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concemns (Benbya et al , 2020; Kar et al , 2021; Shrivastav, 2022). A scarcity of Al professionals
compounds these difficulties, particularly outside the tech sector, where attracting and defining
roles for Al talent proves challenging (Benbya et al , 2020; Shrivastav, 2022). Meanwhile, the
“black box™ nature of certain algorithms raises accountability questions and fosters apprehension
around ethically charged 1ssues such as bias or diserimunation (Booyse & Scheepers, 2024).
Orgamzations also face knowledge-sharing hurdles and resource linmtations that can impede AI's
ability to learn from past projects or fully capitalize on tacit knowledge (Olan et al | 2022).
Overall, the successful integration of AT ultimately depends on supportive leadership, coherent
cultural norms, and a well-structured environment that collectively address these sociotechnical
barrers.
Moderating Factors

In exploning how AT shapes orgamizational learning, three key elements — leadership,
culture, ethics, and digital maturity — emerge as crucial moderators. Leaders occupy a central
posttion by defiming strategic objectives, allocating resources, and guiding cultural transitions
that help employees view Al as an enabler rather than a threat. Orgamizational culture,
understood as the collective beliefs that distinguish one organization from another (Bley et al |
2022), can erther facilitate or stifle AI’s mtegration by influencing how teams collaborate, share
knowledge, and adapt to new technologies. Moreover, ethical considerations ensure Al adoption
aligns with values of accountability, faimess, and social responsibility, creating a framework for
responsible mnovation.
Leadership

Bevilacqua et al. (2025) emphasize that top managers guide AT adoption by shaping

strategic objectives, defining the cultural climate for Al use, and allocating necessary resources.
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In a complementary vein, Divya et al. (2024) reveal that leadership not only amplifies AT's direct
posttive effect on engagement but also sustains i1t by alipming AT imtiatives with orgamizational
objectives and preserving employee motivation. Their distinction between Al-supported and Al-
led leadership underscores the need for human leaders to remain central in decision-making,
thereby preventing a purely technology-driven approach that might erode social identity.

Peifer et al (2022) highlight how leaders help orgamizations shift from expenmental AT
use to systematic deployment, often requiring them to reskill in data management while keeping
team needs at the forefront. Leaders are also responsible for fostering a culture of learming and
inclusion — one that accommodates mistakes and embraces AT’s advantages — while mamntaming
vigilance over ethical or discriminatory outcomes that AT systems may produce. Wijayati et al.
(2022) add that leaders serve as vital change agents who must articulate a shared vision of AT's
benefits, support employees’ emotional needs during the transition, and harmomze AT
capabilities with broader strategic imperatives. Together, these studies depict a multifaceted
leadership role in which vision-setting, resource stewardship, employee support, and ethical
oversight converge to determine whether AT truly elevates orgamizational learning, performance,
and engagement.

Within Argyris and Schon’s (1978) framework, leadership determines whether
organizations engage in single-loop leaming — merely comrecting surface-level errors — or double-
loop learning, which questions underlying norms and fosters deeper change Similarly, March’s
(1991) emphasis on exploration versus exploitation hinges on leaders who allocate resources and
encourage risk-taking for innovative exploration, rather than fixating on efficient exploitation
alone. From Senge’s (1990) perspective, leadership drives systems thinking by promoting

holistic views of interdependence and enabling teams to recognize and manage the feedback
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loops central to organizational adaptation. In each case, effective leaders set the tone for inquiry,
resource allocation, and cultural openness, ensuring that AT-driven learning 15 embedded 1n a
broader vision that balances immediate needs with long-term orgamzational growth.
Organizational Culture

Bley et al_ (2022) found that organmizational culture exerts a powerful influence on how
effectively Al 1s adopted, deployed, and ultimately leveraged for performance gains. A
supportive culture ensures that AT imtiatives are approached not merely as techmical solutions but
as catalysts for deeper organizational change, wherein collaboration, shared objectives, and a
data-driven mindset become the norm. In such an environment, tangible resources such as data
governance systems, human capital, and intangible resources such as an organizational learning
mindset, all converge to build Al capabilities that underpin innovation and competitive
advantage.

Bley et al_ (2022) emphasize that orgamizational culture moderates how AT translates into
performance gains: even sophisticated Al systems may fail if employees and leadership are
unprepared or resistant to change By cultivating collaboration across departments, embedding
data-driven decision-making, and proactively refining work processes, orgamzations can
enhance both social and market outcomes through AI In parallel, RoZzman et al. (2023)
underscore the value of a supportive, learning-onented culture for maximizing AT-driven
mitiatives, highlighting data-focused values, open collaboration, and a positive stance toward
new technologies. Fostering a digital mindset ensures employees are primed for the skill
development and procedural shifts Al requires, while leadership alignment and digital literacy
reinforce orgamizational readiness. Ultimately, these studies converge on the conclusion that a

flexable, adaptive culture 15 as essential as technological prowess for lasting success in a rapidly
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evolving digital organizational environment.

Argyris and Schon’s models mghlight how cultural assumptions can remforce Model I
(status-quo maintenance) or cultivate Model II (transformative learming), underscoring the
mmpact of an orgamzation’s collective mindset on 1ts readiness for Al-driven change. In March’s
exploration-exploitation framework, a supportive, innovative culture encourages expenmentation
while preventing stagnation in existing routines. From Senge’s systems-thinking lens, culture
erther fosters open mmformation flow, feedback loops, and collaborative learning or entrenches
silos that hinder AT’s potential. By embracing shared values around data-driven thinking, risk-
taking, and continuous improvement, orgamizations create an environment where AT imtiatives
reinforce deeper learming and strategic adaptabality.

Ethics

Ashok et al. (2022) stress that ethical AT deployment lunges on aligning social
responsibility with stakeholder needs, urging orgamizations to translate high-level principles into
tangible frameworks that address intelligibility, accountability, faimess, and autonomy. Leslie
(2019) similarly underscores how these gmdelines serve as a moderating force on AI's learming
mmpact by mutigating bias — through representative data use and fairness-aware design —while
also strengtheming accountability via human oversight, auditability, and autonomy protections.
According to Katira1 and Nagato (2024) ethical standards help balance critical trade-offs in AT
development: safepuarding personal and proprietary information, ensuring diverse voices shape
algonithmic decisions, and retaiming a human-centric approach even as automation advances.
Across these sources, responsible innovation emerges as an ongoing process of reflecting on
values, mitigating risks, and orchestrating social and techmical elements. Ethical principles thus

become mtegral to orgamizational learming, preventing unintended harm, promoting transparency,
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and nurturing a culture in which AT can be hamessed for shared benefit without sacrificing
human digmity or collective well-being.

Building on Argyns and Schon’s (1978) view of reflective practice, ethical
considerations enhance double-loop learning by compelling organizations to question underlying
values and biases i AT applications. Likewise, March’s (1991) tension between exploration and
exploitation raises ethical trade-offs about the societal impact of innovation versus efficiency.
From a systems-thinking standpoint (Senge, 1990), ethical frameworks shape the broader
feedback loops between Al stakeholders, and social systems, ensuring that the pursut of
organizational goals does not undermine wider stakeholder wellbemng. By embedding fairness,
accountability, and transparency into Al processes, orgamzations enrich their learming capacity
and maintain stakeholder trust, thus grounding AT-dniven initiatives in responsible and
sustainable practices.

Digital Maturity

Digital maturity refers to the degree to which an orgamzation effectively aligns
technology, strategy, workforce, and culture to meet the evolving digital expectations of
stakeholders (Kane et al , 2017). Rather than simply installing new digital tools, digitally mature
organizations freat technology adoption as part of a systemic transformation that influences how
they learn, innovate, and adapt (Kane et al , 2017; Ladu et al |, 2024). Recent studies
(Akbarighatar et al , 2023; Bratucu et al |, 2024) further emphasize that digital maturity not only
determines whether organizations integrate AI effectively, but also shapes how deeply Al-driven

msights permeate organizational learning processes.

Kane et al_ (2017) highlight several core elements that characterize digitally mature

organizations. Digitally mature orgamzations alter orgamizational structures, workforce
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development, and cultural norms to support cross-functional collaboration and digital fluency.
They encourage small-scale digital experiments and scale successful organization-wide
mitiatives, reflecting a tolerance for risk and failure. A hallmark of digital maturity 1s breaking
down silos; cross-functional teams tackle digital priorities with shared goals and incentives.
Rather than a static endpoint, digital maturity 15 an ongoing process of adapting to a shifting
digital landscape. These elements signal how culture, leadership style, and collaborative
structures can all moderate how AT 1s adopted and how 1t shapes learning. For instance, 1f an
organization lacks risk tolerance, even the most sophisticated AT models may be relegated to
single-loop error-correction; conversely, a culture of expenmentation may spur double-loop
inquiries that question strategic norms. Moreover, digitally mature orgamizations are more adept
at scaling AT pilots into orgamzation-wide initiatives (Bratucu et al., 2024; Kane et al | 2017).
They not only refine routine processes (exploitation) but also create space for exploratory
thinking, bridging the tension March (1991) describes between short-term efficiency and long-
term mnovation.

Akbanghatar et al (2023) underscore that AT maturity — a subset of overall digital
maturity — requires sociotechnical considerations, meaning organizations cannot focus solely on
technical aspects of AI without also addressing the human, cultural, and ethical dimensions.
Mature AT deployments integrate human-centric design, ethical nsk management, and
continuous feedback loops to ensure technology aligns with both mstrumental and humanistic
objectives. This perspective resonates with systems thinking, where success hinges on navigating
interdependencies among technology, people, and processes.

Synthesis and Gaps

Collectively, Argyns and Schon’s (1978) single- vs. double-loop learning, March’s
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(1991) exploration-exploitation framework, and Senge’s (1990) systems thinking present
organizational learning as a complex mux of reflective inquiry, resource trade-offs, and systemic
feedback loops. Although AT research has increasingly addressed practical challenges in human
resource development and knowledge management (Argote et al , 2021; Booyse & Scheepers,
2024; Engstrom et al |, 2024; Jarralu, 2018), 1t rarely connects those insights to the core tenets of
organizational learning, leaving open questions about how Al-based practices alter deeper
processes tied to norm re-exanunation, strategic balancing, and system-wide interdependencies.

Several works hint at a more holistic theoretical synthesis. For instance, Sturm et al.
(2021) use agent-based simulations to explore how human-machine collaboration simultaneously
engages routine exploitation and novel exploration, paralleling March’s (1991) concerns about
resource allocation trade-offs. Makarius et al. (2020) use a sociotechnical lens that resonates with
Senge’s (1990) systemic perspective and Argyris and Schon’s (1978) notion of questioning
organizational routines, whereas Herrmann & Pfeiffer (2023) investigate how Al-enabled loops
can potentially extend systems thinking principles. Jarrahi, Askay, et al. (2023) draw attention to
AT’s role 1n converting tacit knowledge to explicit forms, echoing Argynis and Schén’s call to
surface underlying assumptions and Senge’s emphasis on collective mental models. Still, these
contributions remain fragmented, as none systematically integrate AT’s role across all three
foundational learning theories.

Further illustrating these gaps, Bevilacqua et al. (2025) and Divya et al. (2024)
demonstrate how leadership shapes Al implementation — an aspect relevant to both March’s
resource-balancing dilemma and Argyris and Schon’s msistence on reflective leadership — whale
Peifer et al. (2022) and Wijayati et al. (2022) hughlight leaders as change agents in AT adoption,

aligming with Senge’s systems orientation. On the cultural dimension, Bley et al. (2022) and



30

RoZman et al. (2023) emphasize a learming-onented environment that supports AT imtiatives,
pomting back to Argyns and Schoén’s deeper vs. superficial learning and to Senge’s systemic
feedback loops. Meanwhile, works on ethical considerations in AT — including Ashok et al.
(2022), Leslie (2019), and Katira1 and Nagato (2024) — bndge faimess and accountability
concerns with fundamental calls for questioming assumptions (Argyns & Schon, 1978),
balancing efficiency with broader social impacts (March, 1991), and adopting a holistic
perspective (Senge, 1990).

Additionally, Auqui-Caceres and Furlan (2023), Lipshitz (2000), and Mazutis and
Slawinski (2008) underscore the implementation difficulties of double-loop leaming, suggesting
AT might either exacerbate or alleviate the struggle to challenge entrenched norms.
Ambidexterity research (O’Reilly & Tushman, 2004, 2013; Raisch et al , 2009; Tushman &
O’Reilly, 1996) extends March’s (1991) exploration-exploitation framework by illustrating how
organizations can deliberately structure and manage themselves to pursue both incremental
improvements (exploitation) and more radical innovations (exploration). While these authors do
not specifically address Al their focus on reconciling seemingly opposing activities provides a
foundation for understanding why balancing exploration and exploitation can grow more urgent
in contexts that integrate powerful new technologies. Critiques of Senge’s systems thinking
(Flood & Finnestrand, 2020; Kiedrowski, 2006; Ortenblad, 2007, 2020) further complicate the
terrain, raising questions about power dynamics, readiness for cultural change, and the nisk of
superficial “systems” language — challenges that can intensify once AT entangles more
organizational feedback loops.

In sum, these observations reinforce the need for a more mtegrated framework that

explicitly examines how Al-driven processes — from algorithmic recommendations to
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collaborative human-AT work arrangements — reshape the deeper architecture of organizational
learning. This thesis endeavors to close these gap by situating AT’s potential within Argyris and
Schon’s (1978) reflective loops, March’s resource-allocation tension (1991), and Senge’s
systemic perspective (1990), illuminating how AT technologies can — if thoughtfully managed
and implemented — transcend mere efficiency gains to transform an orgamization’s core learming
capacities.
Proposed Conceptual Model

Building on Argyrs and Schon’s (1978) focus on single- vs. double-loop learning,
March’s (1991) exploration-exploitation framework, and Senge’s (1990) systems thinking, this
thesis proposes a conceptual model that situates AT adoption within these three foundational
perspectives. Specifically, Al-powered processes such as, machine learning tools, algorithmic
msights, human-AT collaborations, are hypothesized to influence an orgamization’s capacity for
reflective learning (Argyrnis & Schon), strategic balancing (March), and holistic feedback loops
(Senge). However, leadership, orgamzational culture, and ethical considerations moderate these
mnteractions. Effective leadership provides a pmding vision, allocates resources, and shapes the
cultural climate needed to integrate AT meamingfully; an adaptable culture supports data-driven
dialogue and experimentation; and ethical principles ensure fairness, accountability, and
transparency in Al deployments. The overarching premuise 1s that AT adoption can either foster
deeper orgamzational learming and adaptability or reinforce superficial, efficiency-driven
processes — depending on how well these classic theoretical constructs are integrated with the
social, cultural, and ethical dimensions of AT implementation. Figure 1 below illustrates the

proposed conceptual model of AT and orgamizational learning.
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Thus literature review has highlighted three foundational theores, Argynis and Schén’s
(1978) smgle- vs. double-loop learning, March’s (1991) exploration-exploitation framework, and
Senge’s (1990) systems thinking, as crucial lenses for understanding how organizations learn and
adapt. Prior research underscores two main observations: firstly, that AT shows tremendous
potential to accelerate knowledge creation, process optimization, and decision-making; secondly,
that organizational learning in an Al-driven environment remains under-theorized beyond
technical or HRD perspectives. While the literature offers valuable msights nto skill
development, knowledge-sharing, and operational enhancements, little has been established
regarding deeper reflection (double-loop learning), balancing exploration and exploitation, or
system-wide adaptation in Al-rich contexts. Three critical gaps emerge in current understanding
of Al-enabled orgamizational learmng. While AT research addresses functional aspects — such as
HRD, knowledge management, and data analytics — it rarely connects to fundamental learning
processes described by Argyns and Schon (double-loop mquiry), March (exploration—
exploitation tension), or Senge (holistic, systems-level feedback). Few studies exanune how AI
shapes deeper organizational dynamics like double-loop reflection or system-wide adaptation,
resulting in an mcomplete theoretical grasp of AI's transformational potential. Existing
scholarship primarily conceptualizes AT as a set of tools for efficiency or incremental learming.
Discussions on transformative learming remain fragmented or limited to 1solated case examples.
Although many authors highlight best practices and barriers to AI adoption, few offer a umified
theoretical lens that addresses both practical implementation and deeper orgamzational change.
The absence of a comprehensive framework leaves practitioners with limited guidance on

orchestrating Al-driven processes that genmnely enhance reflective and systemuc learning.
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These gaps collectively reinforce the need for a holistic conceptual model that integrates
AT’s capabilities with the foundational orgamizational learming perspectives of Argyris and
Schon, March, and Senge. Such a model would not only depict where and how Al mediates
learning processes at various depths but also why certain moderating factors and boundary
conditions determine whether AT remains a tool of superficial fixes or a catalyst for
transformative adaptation. The following chapter introduces a conceptual framework that
explicitly addresses these gaps, mapping AT mechamsms onto the deeper learning dimensions of
Argyrnis and Schon, March, and Senge to offer a robust orgamzational learming perspective.
Chapter 3. Conceptual/Theoretical Framework

Context

As Al technologies reshape how orgamizations gather, share, and apply knowledge, the
classical theories of Argyris and Schon (1978), March (1991), and Senge (1990) offer crucial
msights for understanding this transformation at a deeper level. While research on AT often
focuses on 1ts technical or functional benefits, such as enhanced data processing, workflow
automation, and improved decision-making, relatively few studies examine how these
mnovations impact the fundamental processes of organizational learming. This conceptual
framework aims to bridge that gap by situating a range of Al-dniven practices within three
comerstone perspectives: single- vs. double-loop learming, the tension between exploration and
exploitation, and holistic systems thinking.

Thus section considers four key Al applications that increasingly shape learning within
organizations: machine learming/automated decision-making, collaborative human-AT
approaches, big data and real-time analytics, and algorithmic feedback By comparing,

mntegrating, and extending the classical theoretical lenses in the context of these emerging tools,
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this section aims to lay the groundwork for analyzing how orgamzations might leverage —or
madvertently undermine —core learning capacities in the digital era.

The central research question to address 1s: “Which theoretical perspectives best explain AT's
role in enabling (or hindering) orgamizational learning?” To explore this question, this chapter
will compare and integrate established organizational learning theones—specifically Argyns and
Schon's focus on single- vs. double-loop learming, March’s exploration—exploitation framework,
and Senge’s systems thinking—with the above-mentioned Al-enabled practices. By doing so, this
framework aims to evaluate how effectively these theories account for Al-specific learning
mechanisms, observable outcomes like changes in reflection or innovation capacity, key
moderating vaniables and contextual variations.

AT Tools for Organizational Learning

Thus section outlines key Al application — machine learning/automated decision-making,
human-AT collaboration, big data and real-time analytics, and algonthmic feedback — that will
inform the conceptual framework of Al and orgamzational learming. By briefly describing each
technology’s potential to reshape how orgamzations gather insights, adapt processes, and
manage performance, a foundation 1s established for understanding how AT can either remforce
short-term, efficiency-driven practices or catalyze deeper, system-wide learning. In doing so,
these applications are mapped onto the theoretical lenses of Argyris and Schon, March, and
Senge, illustrating how reflective inquiry, resource trade-offs, and holistic sensemaking mtersect
with Al-driven innovations.

Machine Learning and Automated Decision-Making
Machine learmng (ML) 1s a rapidly advancing technology that uses algorithms tramned on

large datasets to automate tasks by mapping well-defined inputs to outputs (Brynjolfsson &
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Mitchell, 2017). It encompasses various approaches, including supervised, unsupervised, semi-
supervised, reinforcement, multitask, ensemble, neural network, and instance-based methods,
each suited to different tasks such as classification, clustering, and decision-making. Supervised
learning uses labeled data to teach models to make accurate predictions on new, unseen data.
Unsupervised learming finds patterns in unlabeled data, such as clusters or relationships. Semu-
supervised learning blends the two, leveraging a small amount of labeled data with a larger set of
unlabeled data. Reinforcement learning involves software agents learming through rewards or
penalties. Multitask learning solves multiple tasks at once by shaning insights between them
Ensemble methods combine multiple models for stronger predictions. Neural networks mimic
the human brain to learn complex patterns. And finally, instance-based methods classify by
comparing new cases to similar examples from their training data (Mahesh, 2020).

ML significantly widens the scope of orgamizational learming by introducing automated
decision-making, expanded data capabilities, and new modes of discovering and using
knowledge. Unlike traditional human-centric approaches, ML algorithms learn inductively from
large datasets, spotting patterns and generating insights that can reshape decision-making
processes — effectively challenging the assumption that reflection, resource trade-offs, and
systemic awareness are strictly human domains (Banasiewicz, 2021).

Automated decision-making (ADM) refers to systems that not only automate the extraction
of insights from data but also include self-contained, autonomous decision engines. While ADM
1s sometimes viewed as a threat to jobs, its most effective uses amplify rather than replaces
human decision-making by combimng the speed and scalability of information processing with
adaptively creative problem-solving. This synergy shifts the focus of orgamizational learming

from merely acquinng knowledge to exploring competency-enabled creativity, all while
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highlighting critical 1ssues such as algorithmic bias and the indispensability of human oversight
when 1t comes to ethical judgment (Banasiewicz, 2021).

Nevertheless, ML, and ADM also have potential drawbacks: they often favors homogenous
decision models that are based on historical data, lack the contextual and causal knowledge that
humans naturally bring, and can lead to learning myopia by undervalung distant or complex
interdependencies (Balasubramaman et al , 2022). Moreover, as ML outperforms humans in
certain analytical tasks and spawns accountability concemns, particularly when “black box™
algonithms obscure decision logic, the interplay of human cogmition with Al-driven feedback
loops becomes central to whether organizations merely automate existing norms or interrogate
them at a deeper, double-loop level consistent with Argyris and Schén’s emphasis on questioning
underlying assumptions (Bohanec et al., 2017). In addition, data-based creativity and enhanced
analytical capabilities require an updated skill set focused on data literacy, algonithmice
competence, and collaborative human-machine workflows, echoing Senge’s call for systems
thinking across departments and capturing potential trade-offs in short- vs. long-term
mvestments (Banasiewicz, 2021). Overall, ML not only automates tasks but also redefines how
organizational learning unfolds, highlighting the need for a comprehensive, sociotechnical
framework that integrates both human and machine perspectives
Human-AI Collaboration

In an orgamzational learming context, the mterplay between Al technologies and human
cognition extends beyond mere task delegation, aiming instead to foster a sociotechnical
framework where individuals and algorithms learn reciprocally (Jarrahi, 2018; Makarius et al |
2020). For orgamzations to successfully implement thus framework they must preserve critical

human msight by underscoring the orgamizational rather than purely technical nature of AT
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mntegration (Herrmann & Pfeiffer, 2023). While AT excels at processing large datasets and
detecting nonobvious patterns, humans contribute contextual understanding, ethical oversight,
and creative mtuition, qualities essential for deeper reflection and innovation (Sturm et al.,
2021).

Orgamzational design choices thus become pivotal: establishing clear divisions of labor,
clanfying interdependencies, and aligning AT workflows with broader strategic goals can help
balance the exploitation of current capabilities with exploration of emerging opportunities
(Puranam, 2021). By viewing Al as an integral part of mterconnected systems (Engstrom et al
2024), orgamizations can encourage team-based sensemaking, minimmze siloed decision-making,
and ensure that feedback loops support holistic adaptation. The result 1s a richer approach to
learning, one that weaves together double-loop reflection, strategic resource allocation, and
systems thinking within a cohesive sociotechnical environment.

Big Data and Real-Time Analytics

Big data 1s a recent phase 1n analytics that deals with vast data from sources, requinng
advanced processing technologies to reveal insights beyond what smaller-scale data approaches
can offer (Calvard, 2016). Real-time analytics (RTA) focuses on the velocity aspect of big data
by prepaning, processing, and analyzing data as it arrives, thus enabling orgamizations to generate
value mn near real-time_ Rather than dealing with batch inputs, RTA processes continuous data
streams, proactively monitoring events and applying complex event processing to draw
meaningful inferences. RTA applications have gained traction in scenarios like financial data
quality control, health monitoring, and immediate advertisement recommendations, often
mncorporating ML or Al to enhance adaptability with minimal human oversight (Chen et al |

2023).
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Big data can serve as both a catalyst and a challenge for orgamizational learming, offering
unexpected insights that prompt re-evaluation of existing practices while also requiring robust
sensemaking to transform raw information into actionable meamng. On the one hand, big data
can mstigate higher-order leaming — orgamizations are compelled to confront novel knowledge,
reevaluate assumptions, and reconsider entrenched norms. Yet without diligent sensemaking, this
nflux of information risks overwhelming employees and stifling genuine mnsight (Calvard,
2016).

Real-time analytics function with an operational focus — generating near-time, functional
responses (Banasiewicz, 2021) that align with more exploitative activities (March, 1991), where
organizations refine established processes based on mncoming data. Yet this same stream of real-
time information also supports augmented analytics, creating the potential for open-ended,
exploratory questions and simulations that resonate with deeper orgamizational learming. Such
flexable analysis can trigger data-enabled creativity, a dimension of learning that goes beyond
immediate, routine corrections (Argyns & Schén, 1978) by prompting orgamizations to challenge
assumptions and envision novel scenanos — effectively balancing single-loop, incremental fixes
with double-loop, transformative re-examinations. Moreover, real-time analytics fosters a kind of
continuous improvement, encouraging iterative sensemaking (Senge, 1990) as operational teams
adapt to near-instant insights while leaders coordinate broader learming loops across the
organization. By offening a steady flow of updated knowledge, real-time analytics can thus
embed exploration, exploitation, and systenuc awareness into daily operations, making
organizational learning more adaptive and responsive (Banasiewicz, 2021).

Algorithmic Feedback

Algonithmic feedback — the use of learning algorithms to evaluate and manage performance —
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can impose new forms of workplace control by quantifying all aspects of a individual’s behavior
(Faraj et al , 2018). While these continuous metrics and real-time comparisons promise greater
efficiency, they can also narrow employee discretion by emphasizing opaque performance
targets that often go unquestioned. This dynamic resonates with single-loop learning (Argyns &
Schon, 1978), where workers adapt to the algorithm’s directives without fundamentally
challenging its underlying goals or assumptions. In some cases, employees even “game” the
system — adjusting behaviors simply to satisfy algorithmic benchmarks — revealing how
algonithmic feedback not only measures but also shapes behavior in pursmt of organizational
objectives. The mherent opacity of many algorithms, however, constrains deeper reflection on
whether these metrics truly align with broader strategic values, leaving workers with limited
recourse to question or refine the data and assumptions gmding daily tasks (Faraj et al | 2018).
Drawing on a contrasting perspective, Grensund and Aanestad (2020) describe a human-in-
the-loop configuration that allows for reflexivity and scale in orgamzational learning. This
arrangement ties the design and use of algonthms together so that user interactions continuously
feed into subsequent improvements, suggesting a potential pathway to more double-loop mquiry
(Argyns & Schon, 1978). By posttiomng humans as “coaches™ or “laboratory scientists” who
provide ground truths, orgamzations can regularly audit, adapt, and refine the algorithm in
response to shifting operational needs or ethical concemns (Grensund & Aanestad, 2020). Such
human-algorithm synergies align with systems thinking (Senge, 1990) insofar as they
acknowledge that algorithmic tools, tasks, and orgamzational goals form an interconnected
feedback loop. When organizations treat algornithms as “lifelong learners,” they mnvest in ongoing
improvements — regular feedback, systematic auditing, and flexible adaptation —thus leveraging

algonithmic reflexiveness as a strategic capability that can enrich orgamzational learning and
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agility (Grensund & Aanestad, 2020).

In sum, these AI applications both challenge and complement the classical learning
perspectives of Argyns and Schén, March, and Senge. While they offer powerful means of
generating insights and automating routine tasks, their ultimate effect on orgamzational learning
hinges on whether leaders and teams embrace deeper reflection, balance immediate gains with
long-term exploration, and maintain a systemic view of feedback loops. The following section
integrates these observations mto a comprehensive conceptual framework, showing how AT can
be harnessed to enable not just incremental improvements, but also transformative learming
across the orgamization.

Model Development

This conceptual model builds on three core organizational learning theories that frame how
AT can influence learning in organizations. By mapping each theoretical framework’s core
dimensions to specific Al-driven mechamsms, this section sets the stage for understanding how
AT might enable or hinder deeper organmizational learning. Each perspective addresses a different
facet of adaptation: Argyns and Schén focus on error correction vs. norm questioming, March
highlights the tension between efficiency and mnovation, and Senge underscores
interdependencies and feedback loops. Collectively, these models provide a lens through which
to analyze AI’s influence on organizational learning, covering immediate corrective measures,
strategic resource deployment, and holistic, system-wide changes.

Argyris & Schiin: Single- vs. Double-Loop Learning in the Age of Al
Argyris and Schon’s foundational work distinguishes between espoused theories (what
people say) and theones-in-use (what they do), highlighting how an organization’s behavior 1s

underpinned by often-unspoken assumptions (Argyns & Schon, 1978). They further propose two
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models: Model I, which 1s goal-focused and control-oriented, can inadvertently block deeper
reflection; and Model IT, which encourages more open inquiry and challenges the status quo. In
relation to Al algonthmic feedback mught remnforce single-loop learning if errors are merely
corrected without examiming underlying norms. Conversely, Al-driven insights can spur double-
loop learning by prompting orgamizations to question entrenched assumptions. This raises the
key question: How does Al enable or constramn single- and double-loop learning processes within
orgamizations?
Automated Decision Making in Single-Loop vs. Double-Loop Learning

Automated decision-making (ADM) and ML-based systems can expedite routine
corrections. For instance, Al-dniven performance dashboards may continuously adjust production
metrics 1n real fime (Argote et al , 2021; Johnson et al | 2022; Kane & Alawvi, 2007), effectively
aligning operations to preset targets. However, simply correcting errors without revisiting the
goals or assumptions that underpin those metrics nsk entrenching single-loop learming
(Ardichwvili, 2022; Wilkens, 2020). If no one questions whether goals themselves should be
revised, the organization remains in Model I mode. Conversely, Al-driven msights can spur
double-loop leaming by surfacing previously unchallenged assumptions — such as discovering
that a long-held strategy underperforms in newly revealed market segments (Bohanec et al ,
2017; Jarralu, Askay, et al , 2023; Johnson et al , 2022). Under these circumstances, leaders can
revisit the underlying rules embedded in the automation, asking whether they align with the
organization’s broader values and long-term strategies (Bohanec et al., 2017).

Yet a notable limitation 1s that classical Argyns and Schén theory does not inherently
address how AT transparency or human oversight affect deeper reflection. Real-time AT

corrections can encourage frequent error fixung but may foreclose deeper inquury 1f the
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organization lacks deliberate checkpoints for questioning AT outputs (Dwivedi et al | 2021;
Wilkens, 2020). Without such practices, superficial Model I fixes prevail, preventing true
double-loop learming (Ardichwili, 2022; Lipshitz, 2000; Mazutis & Slawinski, 2008).
Machine Learning Enabling/Constraining Assumption Questioning

Machine Learming (ML) can both uncover and entrench assumptions. ML algonithms can
mine data to reveal counterinfuitive patterns or anomalies, prompting the organization to
question standard practices. Conversely, ML models can also reinforce historical biases if tramed
on unexamined data (Banasiewicz, 2021). In effect, ML can facilitate double-loop learming by
flagging when reality diverges from mental models — but only if leaders and teams actively
review and question the algonithm’s outputs (Bohanec et al , 2017; Jarrahi, Askay, et al., 2023).
Otherwise, ML may optimize within the bounds of current assumptions, locking the orgamization
in single-loop behavior.
Human-AI Collaboration in Reflection

Achieving double-loop learming in an Al-rich environment requires intentional human-AT
collaboration. While AT yields data-driven insights, human judgment remains critical in deciding
whether insights call for altering deeper norms (Engstrém et al | 2024; Herrmann & Pfeiffer,
2023; Jarrahi, 2018; Makarius et al_, 2020; Puranam, 2021). Such collaboration embodies mutual
learning between humans and Al where each improves via iterative nteraction (Jarrahi, 2018;
Jarrali, Askay, et al., 2023). Thus iterative dialogue requures a learming mindset: rather than
accepting AT outputs at face value, employees and managers must reflect on why the AT made
certain suggestions and what that implies about underlying orgamizational strategies
(Ransbotham et al , 2020). Research shows that AT-human interactions through iterative

feedback loops and collaborative learning processes enable deeper orgamzational adaptation
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Algorithmic Feedback and Norms

Beyond ML and ADM, algorithnue feedback more generally shapes orgamzational
learning by continuously generating performance metrics and alerts (Faraj et al , 2018). If such
metrics closely align with existing norms, teams might inadvertently double-down on current
practices, thus reinforcing single-loop routines. Yet algorithmic feedback can also challenge the
status quo. An anomaly detection system, for example, might flag underperformance in a once-
profitable product line, forcing managers to ask “why” and revisit deeply held assumptions. By
design, algorithms are “indifferent to orgamzational norms™ (Ransbotham et al_, 2020), meaning
they often raise inconvenient truths. The organizational response 1s key: an open culture sees
unexpected Al feedback as an opportunity to question and learn, while a defensive culture might
dismuss such warnings, forfeiting a chance for double-loop reflection (Bley et al , 2022; Jarrahi,

Kenyon, et al , 2023; Rozman et al , 2023).

In sum, across ML, ADM, and algorithmic feedback, AT can either deepen or hinder
reflective learning depending on how actively orgamizations question the embedded assumptions
and how willing they are to incorporate disruptive msights mnto strategic change. The difference
between single- and double-loop hinges on the orgamization’s commitment to open mquiry,

ethical oversight, and a culture that sees AT's “off-base™ outputs not as mere errors, but as signals

prompting deeper reflective practice.

Exploration vs. Exploitation with AT
March’s (1991) framework focuses on the tension between pursuing novelty,
experimentation, and risk, and refimng existing competencies for efficiency and stability. Each

path competes for scarce resources, compelling organizations to balance immediate gains with
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long-term adaptability. AT mfluences this dynamic by potentially channeling resources toward
short-term efficiency (exploitation) or unveiling new opportunities for radical nnovation
(exploration). Advanced data analytics, predictive modeling, and machine learning can optinize
routine processes while simultaneously generating novel insights. Therefore, a crucial question
emerges: How does Al influence the exploration-exploitation balance, and what factors
determine whether organizations lean toward radical innovation or routine efficiency?
Automated Decision-Making and Exploration-Exploitation

Drawing on March’s (1991) exploration-exploitation framework, AT implementations
reshape how orgamizations balance short-term efficiency against long-term adaptability.
Automated decision-making (ADM) can streamline routine tasks, aligning with exploitation by
freeing individuals from low-value labor (Johnson et al, 2022; Makarius et al |, 2020). This
optimization promises immediate performance gains but can also demand sigmficant investments
in data infrastructure and traiming that potentially divert resources away from expenmentation
and exploration (Benbya et al , 2020; Kar et al | 2021). Moreover, Al-dniven decisions often rely
on known patterns, reinforcing incremental improvement strategies (Sturm et al | 2021).
Orgamzations that funnel too much capital toward immediate Al-enabled efficiencies nisk
neglecting radical mnovation, especially if they overly focus on short-term metrics (Berente et
al , 2021; Wamba-Tagmmdje et al_, 2020). The overemphasis on data-driven targets can
madvertently limit the scope of inquiry, undermuming deeper strategic reflection and adaptability

(Ardichvili, 2022; Wilkens, 2020).

AI’s Dual Role in Efficiency vs. Innovation

Machine learming and analytics capabilities enable both process optimization and

efficiency gains through automated workflows (Wamba-Tagmmdje et al., 2020) while also
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fostering mmnovation through sophisticated pattern recognition and data analysis (Kakatkar et al |
2020; Som et al , 2020). Through AT capabilities, organizations can transform how they allocate
resources between routine operations and mnovation activities (Berente et al., 2021) and make
real-time adjustments to balance both imperatives (Sturm et al , 2021). Via orgamzational
ambidexterity — the ability to stmultaneously explore and exploit (O'Reilly & Tushman, 2013) —
organizations can leverage AT to both refine existing competencies and pursue novel
opportunities. The proposed conceptual model thus posits that AT's strategic value emerges from
its capacity to support both mncremental improvements and transformative innovation, provided

leaders consciously manage this balance.

Real-Time Analytics: Routine vs. Novel Insights

A distinctive feature of Al 1s real-time data processing, helping orgamizations
dynamically navigate the explore-exploit continium_ On the exploitation side, real-time analytics
dashboards allow managers to continuously monitor operations and promptly adjust to
deviations, keeping processes within optimal parameters. Simultaneously, real-time data can feed
exploration by validating experiments and detecting nascent trends (Shi et al , 2024). Such an
approach shortens feedback cycles, enabling faster iteration and adaptation. Research suggests
these capabilities help orgamizations pursue simultaneous exploration and exploitation, meeting
immediate operational needs while preserving long-term adaptability (Shi et al | 2024). In
essence, real-time analytics AT intensifies the ability to test and deploy improvements swiftly,
weaving together existing routines and novel 1deas in real time.
Senge’s Systems Thinking: Holistic Adaptation and AI’s Interconnected Impacts

Senge's systems thinking emphasizes recogmzing interdependencies, feedback loops, and

collective sensemaking within orgamizations. By viewing an orgamization as an interconnected
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system, leaders and teams can identify underlymng structural causes of problems rather than
merely addressing surface symptoms (Senge, 1990). Al can bolster this perspective by revealing
hidden patterns or, if lacking transparency, undermine 1t through "black box" processes that
obscure broader consequences (Dwivedi et al | 2021; Leslie, 2019). Thus, the central question 1s:
Under what organizational conditions does AT act as a catalyst for systems thinking, and when
does 1t fragment holistic inquiry?
Al-Influenced Feedback Loops

In a digatally enabled orgamization, real-time analytics and machine learning operate as
mntegral components of the feedback loops that shape adaptive learning (Chen et al | 2023;
Grensund & Aanestad, 2020). By rapidly collecting data on outcomes and feeding 1t back to
decision-makers — or directly into operational systems — AT can tighten the loop between action
and response. When well-managed, these Al-driven feedback loops align with Senge’s call for
holistic adaptation by enhancing responsiveness and resilience. Nevertheless, black box
algonithms risk limiting deeper inquury to surface-level metrics if orgamzations fail to exanune
how models arrive at decisions (Bohanec et al , 2017; Leshe, 2019). A human-in-the-loop
approach can mutigate this 1ssue, ensuring user oversight continuously refines AT outputs
(Grensund & Aanestad, 2020). In this sense, AT's effectiveness depends on both technical
calibration, such as setting thresholds, and organizational readiness, which may mamifest as
psychological safety and data literacy that enables employees to question and interpret AT's

conclusions (L1 & Yeo, 2024; Makarius et al_, 2020).

Cross-Functional Learning via AI
An essential tenet of systems thinking 1s recogmzing how mterdependencies span across

departmental or functional boundaries (Senge, 1990). Well-implemented Al can surface systemic
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solutions (Agrawal et al | 2024; Bienefeld et al , 2023). Many organizations now form cross-
functional AT teams, embedding data scientists with domain experts so that ML-driven msights

can be collaboratively translated into process changes (Ransbotham et al_, 2020).

Thas approach fosters collective learming, in which employees from different umts learn
not only from the AT but also from each other’s expertise — essential for understanding how local
changes nipple through the broader organizational system Human-Al collaboration amplifies this
effect: while algonithmic feedback might highlight a performance gap, human experts offer
contextual knowledge to interpret the gap and adjust workflows accordingly (Engstrom et al |
2024; Jarralu, 2018; Jarrahi, Askay, et al, 2023). Over time, the orgamzation develops a umified
data culture that sees Al-driven insights as a catalyst for iterative improvement, reinforcing
Senge’s call to break down silos and cultivate feedback loops that span the entire enterprise.
However, mcomplete or siloed AI applications nsk fragmenting that holistic view, limting the
organization's ability to connect insights across departments (Olan et al |, 2022).

Integrating AI-Specific Learning Mechanisms into Organizational Learning

To summarize and visualize these points of intersection between AT and the classical
organizational learning theories, Table 1 maps key AI mechamsms to their impact on
organizational learning processes, illustrating how each technology can influence single and

double-loop learming, exploration and exploitation activities, and system-wide adaptation.
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AT Mechanism  Single-Loop Double-Loop Exploration Exploitation Systems Impact
Leamning Learning
Miachine Emor Pattern Novelinsights  Routinetisk  Cross-functional
Learning tion, detection discovery automation data integration
Process challenging
optimization assumptions
Human-AT Task efficienc Collective Creative Enowledge Interdepartmental
Collaboration Y reflection problem-solving codification coordination
Real-time Performance Strategy Opportmity Process Drynamic
Analytics monitoring questioning detection refinement feedback loops
Algorithmic Behavior Normm Novel pattern Standard System-wide
Feedback adjustment examination identification enforcement learning

Note. The impacts listed represent potential outcomes dependent on implementation context and
organizational factors.

Moderating Effects

As outlined in the Chapter 2, four moderating factors — leadership, organizational culture,

ethics, and digital maturity — consistently emerge as pivotal elements that shape how AT tools

influence learming processes. Rather than reiterate each detail here, Table 2 provides a concise

overview of how each of the four variables influence one another.
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Table 2. Moderating Variables Interaction Matrix

Variable Leadership Culiure Ethics Digital Maturity
Leadership _ Sha ) _
pes learning Sets ethical _ _
mindset guidelines Dirives tech adoption
) Influences - Fthical norm Innovation readiness
leadership style ace .
- Implementation
Ethics Guides decision- Shapes values - e
making

Digital Matrity Resource allocation  Tech acceptance Risk management -

Note. Table entries highlight the directional mnfluence among four orgamizational vanables. A
dash (—) indicates no direct cell entry where the same factor would influence itself. This table
provides a conceptual overview of how each vanable (leadership, culture, ethics, and digital
maturty) interrelates to shape organizational learning and AT adoption.
Boundary Conditions

Thus section outlines several boundary conditions that define where and how this conceptual
model of Al-driven orgamzational learning 1s applicable, as well as its limitations. These
boundary conditions clarify the prerequusites and situational factors for the model, and they
highlight areas for further mvestigation.
Organization Size

Larger orgamzations typically benefit from greater resource availability, enabling substantial
mvestments m AT mfrastructure and the allocation of dedicated teams to research, pilot, and scale
new solutions (Benbya et al., 2020). Yet these same organizations face coordination complexity:
additional employees, departments, and managerial layers can create knowledge-sharing hurdles

that impede AT’s ability to learn from past projects (Olan et al |, 2022). Even with abundant
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resources, large compamies risk duplicating AT efforts across umits if they lack a umfying strategy
— highlighting the need for careful governance when moving from experimentation to full
production. Smaller organizations may move faster thanks to simpler structures, and may have a
more participative culture (Banasiewicz, 2021) but they often face tighter budgets that linut their
capacity for sustained AT initiatives. In either case, leaders should align AT adoption with well-
defined goals and governance structures that match their orgamzation’s size, ensuring that
resource strength (or limitations) does not undermine an effective, cohesive approach to AT
Industry Context

Competitive pressure often acts as a potent enabler, spurring orgamizations — especially in
fast-moving sectors like technology and e-commerce — to adopt Al aggressively for efficiency,
mnovation, and market differentiation. However, regulatory constraints in healthcare, finance, or
public services (Katira1 & Nagato, 2024; Leslie, 2019) can sigmficantly complicate or slow AI
deployment, given stringent data privacy laws and compliance requirements. Sector-specific
needs further shape how Al 1s applied — whether optimizing supply chains, customuzing product
recommendations, or automating high-risk operations — underscoring the importance of alipning
AT strategies with each industry’s risks and demands (Banasiewicz, 2021). Meanwhile, industry
dynamics determine whether AT primanly supports short-term operational refinements or
continuous discovery (Ladu et al , 2024). Across diverse contexts, organizational culture also
plays a crucial moderating role, influencing how effectively AT capabilities translate into
performance gains (Bley et al | 2022). Ultimately, successful AT adoption balances the urgency
of competitive forces with the vigilance demanded by regulatory landscapes.
Technical Infrastructure

High-quality data and reliable IT systems are vital enablers of Al adoption, allowing machine
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learning algonthms to generate accurate insights from robust datasets (Kar et al | 2021). In
contrast, legacy systems and poor infrastructure integration frequently undermine seamless
analytics deployment, creating compatibility 1ssues that lead to disjointed data pipelines (Benbya
et al | 2020). Moreover, process inconsistencies and madequate interdepartmental coordination
can further disrupt Al integration, wiile data quality and transparency problems erode the
reliability of AT outputs (Dwivedi et al | 2021; Leshie, 2019). To address these barriers,
organizations must align new AT platforms with existing infrastructures — a critical success factor
often termed integration capacity. This can involve modermzing data warehousmg, umfying data
standards, or establishing real-time analytics capabilities. Ultimately, clear data governance and
interoperability not only ensure that AT imtiatives remain cohesive and scalable but also prevent
them from devolving into 1solated pilot projects (Benbya et al , 2020; Booyse & Scheepers,
2024; Leslie, 2019).
Workforce Capability

Dngital literacy 1s critical for employees to effectively implement AT tools, interpret analytics,
and translate mnsights into improved workflows; yet many workers view Al as a threat to
professional autonomy, resulting in resistance and passive engagement (Booyse & Scheepers,
2024; Engstrom et al |, 2024). This hesitation can undernune AI’s potential for fostering
organizational learning. Therefore, compamies must offer upskilling and traiming programs
(Benbya et al., 2020; Kar et al., 2021; Shrivastav, 2022) and cultivate psychological safety so
team members can openly discuss uncertamnties (L1 & Yeo, 2024). In addition, it 1s essential to
align social, cultural, and managernial processes with Al imtiatives, thus ensuring that technical
adoption 1s accompanied by supportive policies, transparent communication, and a learning-

onented culture (Makanus et al | 2020). By proactively addressing concerns, leaders empower
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employees to build the confidence and skill sets needed to fully leverage Al-dniven innovations

(Benbya et al., 2020; Booyse & Scheepers, 2024; Engstrom et al , 2024).

Table 3 outlines key boundary conditions that influence Al-enabled orgamizational learning,
1dentifying specific enablers and barriers across organizational characteristics. Thus framework

helps leaders assess readiness for Al adoption and anticipate implementation challenges.

Table 3. Boundary Conditions and Implementation Factors

Factor Enablers Barrers EKey Considerations
Organization Size Resource availability :::'P lexit;rm Scale of implementation
Industry Context Competitive pressure Regulatory consiraints ~ Sector-specific needs
Technical Infrastructure Data availability Legacy systems Integration capacity
Workforce Capability Digital literacy Resistance to change Training needs

Note. Thus table synthesizes findings from multiple studies examining factors that enable or
constrain AT implementation i organizations (Banasiewicz, 2021; Benbya et al_, 2020; Bley et
al , 2022; Booyse & Scheepers, 2024; Dwivedi et al_, 2021; Engstrom et al | 2024; Kar et al |
2021; Katira1 & Nagato, 2024; Ladu et al | 2024; Leslie, 2019; Makarius et al , 2020; Olan et al |
2022). The factors 1dentified represent common patterns across different orgamzational contexts,
though their specific impact may vary based on individual circumstances and implementation
approaches.
A Holistic, Multi-Layer Conceptual Model

Thus thesis proposes a holistic conceptual model that situates four promunent AT tools —
machine leaming, human-AT collaboration, big data and real-time analytics, and algorithmic
feedback — within the theoretical frameworks of Argyns and Schon, March, and Senge. As
shown in Figure 2, the model underscores how each AT mechanism can either reinforce existing

practices or catalyze deeper, transformative learning, depending on several contextual
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moderators such as leadership style, organizational culture, digital maturity, and industry
regulations. By integrating three classical theoretical lenses — Argyns and Schon’s single- vs.
double-loop learming, March’s exploration—exploitation framework, and Senge’s systems
thinking — the model captures the depth, focus, and holistic scope of learning processes. Placing
key AT tools at the model’s core highlights how these technologies can shift orgamzational
learning along multiple dimensions, from superficial, single-loop corrections to deeper, double-
loop questioning; from exploitative efficiency to exploratory mnovation; and from siloed
decisions to system-wide adaptation. Meanwhile, surrounding boundaries and contextual
moderators further determine whether Al deployments remain incremental or spark meaningful
transformation. Ultimately, this layered design underscores that AT alone does not predetermine
outcomes; rather, the orgamizational environment, theoretical interpretation, and strategic usage
of these tools collectively decide whether learming remains narrowly task-focused or evolves into
wide-reaching reconfigurations of norms, strategies, and interdependencies.
Quter Boundary Conditions Layer

Encircling the core components of the conceptual model 1s a boundary conditions layer,
which recognizes that orgamzational learning and AT adoption never occur in 1solation. Factors
such as orgamzation size, industry context, technical infrastructure, and workforce capability can
erther catalyze or impede the integration of AT tools. By acknowledging these boundary
conditions, the model emphasizes that external and contextual factors must be aligned with
mnternal AT strategies for learning imitiatives to achieve their full potential
Contextual Layer

Within the boundary conditions lie the organizational moderators that shape AT adoption.

Leadership and culture determine the degree to which employees feel safe challenging AT
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outputs, reflecting Argyris and Schon’s (1978) emphasis on deeper mquiry. Similarly, digital
maturity and ethical considerations, can push AT deployments toward short-term efficiency
(exploitation) or encourage experimentation (exploration), alipming with March’s (1991)
exploration—exploitation framework.
AI Tools Layer

Inward from the contextual layer are the four AT applications. Each technology can be
deployed 1n single-loop or double-loop manners (Argyris & Schon, 1978); can bias orgamzations
toward exploitation or exploration (March, 1991); and can unify or fragment system-wide
feedback loops (Senge, 1990). For mnstance, automated decision-making may improve error-
correction (single-loop) but also risk entrenching existing assumptions unless consciously
evaluated for double-loop potential.
Theoretical Core

At the center of the model are the theoretical lenses that interpret the impact of AT on
learning processes.
Argyris and Schon: Does Al use encourage only short-term fixes (Model I) or provoke reflection
on deeper norms (Model IT)?
March: Are advanced analytics and machine learming deployed for radical innovation
(exploration) or merely refining current operations (exploitation)?
Senge: To what extent do big data systems and collaborative AT help organizations see
interdependencies, fostering holistic adaptation versus siloed decision-making?
Learning Outcomes

Finally, the model culminates in a range of orgamizational learming outcomes, from

superficial improvement (smgle-loop, exploitative, fragmented) to transformative adaptation
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(double-loop, exploratory, system-wide). By indicating feedback loops — both literal (1n big data
analytics) and figurative (in reflection processes) — the model shows how initial AT deployments
can generate insights that, if hamessed, reshape orgamzational norms and strategy. Conversely, if
leadership or culture suppress broader questioning, AT may simply automate existing routines or
performance metrics, hindening transformative learning.

Thus integrated model aims to address the central research question —“Which theoretical
perspectives best explain AT’s role n enabling (or hindening) organizational learning?” — by
illustrating how Argyris and Schon, March, and Senge each shed light on distinet but
complementary dimensions of learming. While AT tools can deliver rapid feedback and high-
efficiency operations, their real power lies in sparking double-loop reflection (Argyris & Schon),
balancing exploration and exploitation (March), and promoting system-wide sensemaking
(Senge). The contextual layer influences whether these potential benefits mamifest fully, remain

partially realized, or devolve mto superficial automation.
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Figure 2. Conceptual Model

Boundary Conditions
(size, context, infrastructure, capability)

Contextual Moderators
(leadership, culture, ethics, digital maturity)

Al Tools
(ML/ADM, human-Al collaboration, RTA,
feedback)

Single- &
Double-Loo
Leaming

Learning Outcomes
Superficial #=———=>Transformative

Exploration
VS,
Exploitation

Note. Adapted from the theoretical foundations of Argynis and Schon (1978), March (1991), and
Senge (1990), this conceptual model illustrates how AT tools (machine learming, human-AT
collaboration, big data/real-time analytics, and algorithnuc feedback) may interact with key
contextual moderators (leadership style, orgamzational culture, ethics, digital matunity) to
influence learming outcomes, from superficial, single-loop fixes to transformative, double-loop
and system-wide changes. The model 15 intended as a gmding framework rather than an
exhaustive depiction, opening opportumities for future empirical validation and refinements.
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In sum, this conceptual framework synthesizes Argynis and Schon’s (1978) focus on
single- vs. double-loop learning, March’s (1991) emphasis on exploration-exploitation, and
Senge’s (1990) systems thinking, mapping these perspectives to four core AT applications —
machine leaming/automated decision-making, collaborative human-AT approaches, big data and
real-time analytics, and algorithmic feedback. Each AT tool can shape organizational learning in
distinct ways, from routine corrective measures to more transformative, system-wide
adaptations. Moreover, contextual moderators and boundary conditions influence whether AI-
enabled practices reinforce superficial gains or catalyze deeper, reflective change. By integrating
these elements into a holistic, multi-layer model, the framework underscores that AI does not
umilaterally determine outcomes; rather, successful leaming depends on how organizations
structure their AT inifiatives, manage potential tensions, and embed ethical, leadership, and
cultural considerations. The following chapter builds on these insights, detailing how this
conceptual model will guide empirical inquiries, practical applications, and further theoretical

development.

Chapter 4. Methodology
Thus chapter outlines the methodological approach used to develop the conceptual

framework for understanding how AI tools mteract with orgamizational learning theories. Unlike
an empirical study that collects and analyzes primary data, this conceptual thesis draws on
extensive literature analysis to identify core constructs, integrate diverse perspectives, and
propose a coherent model. The steps below detail how key theories were selected, how AI
applications were reviewed, and how these elements were combined to form the final conceptual
mode].

Thus research adopts a conceptual design mtended to synthesize and integrate existing
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scholarly work on Al-driven practices and orgamzational learming theories (Argyris & Schon,
1978; March, 1991; Senge, 1990). Rather than collecting primary data through surveys or
mterviews, the focus 15 on critically evaluating and cross-referencing the lhiterature to generate
new insights and develop a comprehensive framework.
Rationale for a Conceptual Thesis

When this thesis was mitially conceived, the plan was to conduct a systematic literature
review focusing on how AT influences orgamizational learming. Preliminary searches, however,
revealed an msufficiency of direct, robust sources that specifically address the intersection of AI
and orgamizational learning theory. Most articles discussing AI’s impact tended to focus on
human resource development (HRD) or knowledge management (KM) — offening insights into
traiming programs, talent acquisition, and knowledge-sharing systems — but rarely delving into
how AT nmught shape deeper learming processes like double-loop reflection, the exploration-
exploitation balance, or system-wide adaptation. As a result, attempts to conduct a standard
empirical or systematic review encountered fragmented and siloed pieces of evidence that did
not fully illununate how orgamizations leam at a structural or cultural level with AT

Given this gap, a conceptual thesis approach emerged as the most suitable method.
Conceptual research allows for theoretical integration when literature on a specific topic — here,
Al-enabled organmizational learning — 1s scarce or diffuse. By synthesizing classical
organizational learning theories (Argyris & Schon, 1978; March, 1991; Senge, 1990) with
emerging Al scholarship from HRD, KM, and broader management contexts, a conceptual
framework can be constructed to explain why and how AI technologies might alter the depth,
focus, and scope of learming processes across an organization. Rather than gathering new data or

statistically venifying existing findings, this conceptual approach positions the study to bridge
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multiple research domains and propose a cohesive model that future empirical work can test and
refine.

Furthermore, desigming a conceptual thesis aligns with the goal of theoretical
advancement: building on existing theonies, highlighting potential gaps, and suggesting new
avenues for empirical studies. As literature on AT 1 organizational settings concentrates heavily
on operational gains or knowledge-sharing systems, little attention has been given to deeper
organizational transformations like questioning entrenched assumptions or orchestrating system-
wide change. Conceptualizing AT’s role in these deeper processes thus adds value to both the
fields of organizational leaming and Al-dnven management by offering an integrated lens and
hypothesized relationships that future research can explore in more detail

In short, the lack of direct scholarship specifically addressing Al-enabled orgamzational
learning-beyond HRD or KM contexts necessitated a theoretical synthesis rather than a strictly
empirical or purely systematic review approach. This conceptual thesis not only offers a
structured framework that combines multiple theories and AT practices, but also helps anchor
subsequent empirical inquinies, ensuring that mvestigators can build on a solid theoretical base
when examining how AT truly reshapes how orgamizations learn, adapt, and innovate.

Scope and Selection Criteria

A wide range of academic and practitioner sources were imitially scanned to capture both
theoretical and practical dimensions of AI's influence on orgamzational learming. To maintain
rigor and relevance, the following section outlines source search methodology, inclusion and
exclusion criteria, quality assessment metrics, and coding methods that were used.

Literature was gathered from academuc databases as well as key journals in

organizational behavior, education, management, information systems, and Al research. Prionty



61

was given to peer-reviewed journals, conference proceedings, and scholarly books that offer
academic ngor. Where multiple sources addressed similar topics, those in highly ranked or well-
regarded journals were priontized, ensuning a foundation of established, widely recogmzed work.
Highly cited Al-related articles were prioritized to maintain strong theoretical grounding and
capture semunal msights. More recent AI publications with growing citation trends were also
examined to capture emerging scholarly discourse. Each source was recorded in Zotero,
excluded sources were tagged and bniefly annotated with reasons for exclusion and for potential
revisitation later. The literature search was conducted using several academic databases,
mncluding EBSCOhost (Business Source Complete, Academic Search Premier), ProQuest

and Google Scholar.
Inclusion Criteria

Primary focus on 2015-2025 literature (with exceptions for seminal works).
English-language publications.

Peer-reviewed joumnals, conference proceedings, and scholarly books.
Direct connection to organizational leaming and/or AT implementation.
Emphasis on orgamizational-level analysis rather than individual learming.
Publications with clear methodology or a robust theoretical framework.

Exclusion Criteria

*  Non-scholarly sources (unless representing significant industry msights).

*  Studies focused solely on technical aspects of AT without an orgamizational learming
context.

*  Papers discussing only individual learming without broader organizational implications.

*  Publications lacking clear methodological or theoretical foundations.

*  Sources focusing exclusively on AT implementation without learming considerations.

The search strategy focused on three major clusters of terms:
1. Core Concepts in Organizational Learning and AT

*  “Organizational learning”
*  “Learning organmization”

2. Classical Theoretical Lenses
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= “Arpymns and Schon” OR “single-loop learning™” OR. “double-loop learning™
= “March exploration-exploitation” OR “exploration and exploitation™
= “Senge systems thinking” OR “fifth discipline™

3. Al-Specific Terms

“Artificial intelligence™ OR “AI”

“Machine learning” OR “automated decision-making™
“Big data analytics™ OR. “real-time analytics™
“Algonthmic feedback”

Table 4. Examples of Boolean Operators Used
Example Query Description

"Organizational | ing" AND "artificial gfozggaimilmﬁnm between general leamning
intelligence”
("Double-loop learning” OR. "reflective inquiry™) To identify studies discussing deep leaming processes in
AND ("machine learning” OR. "automated decision- Al contexts

making™)

("Exploration and exploitation” OR "ambidexterity)  To capiure literature on resource allocation and

AND ("big data" OR "real-time analytics") innovation in AT

"Systems thinking" AND ("algorithmic feedback” To find studies linking systemic feedback with Al tools

OFR. "human-AT collaboration™)

Combinations of relevant keywords were used, such as “organizational learning” “AT”
“machine learming, ™ “Argyrns & Schon,” “March exploration-exploitation ” “Senge systems
thinking ™ “big data analytics,” and “algonthmic feedback ™ Studies were included if they
engaged directly with one of the three theories (Argyris and Schon, March, Senge) or discussed
Al-dniven practices within organizational settings, particularly mn relation to learning and
adaptation. Empirical, conceptual, and review articles were all considered.

Search Results Summary

Imitial Search: Approximately 200 results were identified after removing duplicates.
Title/Abstract Screening: 100 articles were excluded due to msufficient focus on AT n

organizational learning or a lack of connection to learming theories.
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Final Set: 86 articles were selected for full-text review and conceptual coding.

Conceptual Coding Process
Using an 1terative coding process, emergent themes were 1dentified from the literature. Codes
were developed for core constructs such as:

1. Learming Processes: Single-loop learning, double-loop learning, exploration, exploitation,

and systems thinking.

2. Moderating Factors: Leadership, orgamzational culture, ethics, and digital maturity.

3. Contextual Vanables: Orgamzation size, industry context, technical infrastructure, and

workforce capability.

For mstance, articles addressing “single-loop error correction™ or “routine performance
fixes” were tagged under single-loop learning, while those exploring deeper norm questioning
were tagged as double-loop learning. Codes for moderating factors were apphied when studies
discussed the influence of leadership style, cultural readiness, ethical governance, or digital
maturity on AI's impact.

Key Journals & Outlets

Prionity, when possible, was given to sources from high-impact and widely recognized journals
and outlets, including:

Management Science

Organization Science

Business Horizons

Information Systems Journal
Journal of Business Research
MIS Quarterly

MIT Sloan Management Review
Academy of Management Review
Harvard Business Review

Identifying Core Constructs
Building upon the 1mtial literature scan and theoretical review discussed earlier, this research

sought to pinpoint the specific elements most relevant to understanding how AT shapes



organizational learning. Two main sources guided this process: the classical orgamzational
learning theories of Argyns & Schon (1978), March (1991), and Senge (1990), and the emerging
Al-focused literature, which, while fragmented, provided clues to the various mechamisms by
which AT can influence deeper learning processes.

Drawing on Argyris and Schon’s (1978) distinction between single- vs. double-loop learning,
March’s (1991) emphasis on exploration vs. exploitation, and Senge’s (1990) systems thinking
approach, key theoretical dimensions that underlaid orgamzational learning were 1dentified. For
example, error correction vs. norm questiomng, short-term efficiency vs. long-term mnovation,
and local vs. system-wide adaptation emerged as sigmificant axes along which AT might exert its
influence. These themes served as a conceptual scaffolding for interpreting how AT tools do
more than merely automate tasks.

The second phase mvolved examining Al-related articles across human resource
development (HRD), knowledge management (KM), and broader management domains. While
few articles addressed “orgamizational learming™ explicitly, this cross-domain review revealed
consistent references to four main AT applications: machine learning (ML) and automated
decision-making, human-AlT collaboration, big data and real-time analytics, and algonithmice
feedback. Each of these applications was repeatedly described as a mechanism through which
organizations either expand their knowledge base, reinforce existing routines, or innovate i new
directions. Hence, these four Al tools were abstracted as core constructs that capture how AT
practically manifests in daily operations and strategic imtiatives.

Beyond these theoretical and Al-centric constructs, many studies highlighted contextual
factors — for mnstance, leadership, organizational culture, ethics, digital maturity, and industry

constraints — that sigmficantly shape whether AT accelerates deeper learning or reinforces
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shallow compliance. In parallel, discussions around organization size, technical infrastructure,
and workforce capability prompted the inclusion of boundary conditions to account for
differences in resources, regulatory pressures, and skill sets. As these factors appeared
consistently across diverse sources, they were formalized as additional constructs that sifuate AI-
driven learning within 1ts orgamizational and environmental context.

Having compiled multiple thematic leads, the final step mnvolved validating these constructs
through iterative mapping: each concept or dimension was checked against both the classical
learning theories and the AT literature to ensure relevance and coherence. Constructs that lacked
direct linkage to the 1dentified theones (for example, purely technical aspects without a learming
angle) were either merged mnto broader categories or excluded. The outcome of this refinement
was a concise set of mterrelated constructs — theoretical lenses (single-/double-loop, exploration-
exploitation, systems thinking), AT mechanisms (ML & automated decision-making, human-AT
collaboration, big data & real-time analytics, algorithmic feedback), moderators (leadership,
culture, ethics, digital maturity), and boundary conditions (orgamzation size, industry context,
technical infrastructure, workforce capability) — which, when integrated, formed the basis of the
final conceptual model.

Iterative Refinement

Although the mitial methodology outlined a standard review of literature linking AT and
organizational learning, early searches and discussions with my supervisor revealed himited
direct studies exammming how Al interacts with deeper organizational-level processes as defined
by Argyns & Schén, March, and Senge. Most articles addressed workplace training or HRD
topics —useful but not always alipned with orgamzational learming constructs like single-/double-

loop change, exploration-exploitation, or systemuc feedback loops.



Given these constraints, our approach shifted toward a conceptual framework,
synthesizing classical theories with AT scholarship from diverse fields. This shaft 1s iterative:
each draft of the conceptual model undergoes supervisor review, revealing gaps in the literature
or opportunities to incorporate newly surfaced articles. For instance, feedback reiterated that AT-
focused research commonly addresses individual skills or learning and development programs,

reinforcing the need for a more holistic framework that highlights collective learning dynamucs.

Chapter 5. Analysis and Discussion

Building on the conceptual framework outlined in Chapter 3, this section integrates the
theoretical lenses of Argyris and Schon (1978), March (1991), and Senge (1990) with the four
core Al mechanisms — machine learming and automated decision-making (ML/ADM), human-AT
collaboration, big data and real-time analytics, and algorithmic feedback — to examine how
organizations learn and adapt in today’s digital landscape. While Argynis and Schén highlight
how the differences between single-loop (surface-level) and double-loop (transformative)
learning, March’s exploration-exploitation framework offers insights into balancing short-term
operational efficiency with long-term strategic innovation. Meanwhile, Senge’s systems thinking
underscores the importance of recognmizing interdependencies, feedback loops, and collective

sensemaking.

Thas chapter opens with an in-depth look at how each AT mechanism can, i practice,
reinforce erther superficial or deeper learning behaviors, reviewing Argyns and Schon’s
emphasis on reflective inquiry, March’s tension between exploitation and exploration, and
Senge’s mterconnected systemic view of organizations. It then considers how moderating factors
—namely leadership (Bevilacqua et al , 2025; Divya et al., 2024), organmizational culture (Bley et

al | 2022; Rozman et al , 2023), ethics (Katira1 & Nagato, 2024; Leslie, 2019), and digital
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maturity (Ladu et al., 2024) — shape AT’s capacity to prompt constructive examination or
entrench existing norms. In parallel, boundary conditions — covering organization size, industry
context, technical infrastructure, and workforce capability — further refine our understanding of
why AT may spark profound organizational transformation under certain conditions but yield

more modest or piecemeal outcomes elsewhere.

As these discussions unfold, 1t 1s important to acknowledge certain hnitations of this
conceptual approach, including the fragpmented nature of existing AT scholarship on
organizational learning and the lack of direct empirical evidence tying AT to each theoretical
lens. These constraints — addressed at the close of this chapter — do not undermine the analysis
but rather clarify the need for future validation and adaptation of the proposed model in real-
world contexts.

The discussion that follows will synthesize these insights to evaluate the conceptual
model’s ability to account for Al-specific challenges — such as black-box opacity (Ardichvili,
2022; Banasiewicz, 2021; Bohanec et al , 2017), data-driven routines that shape employee
behavior (Banasiewicz, 2021), and real-time analytics that potentially accelerate both
exploitation and exploration (Chen et al , 2023; Shi et al_, 2024). In doing so, the aim 1s to clanfy
whether AT’s mntroduction fosters only incremental, single-loop corrections or encourages a
double-loop rethinking of fundamental assumptions. This section also weighs how Al mediates
the exploration-exploitation trade-off March originally proposed, and whether Senge’s holistic
systems thinking can accommodate Al's capacity to rewire feedback loops across departments
(Grensund & Aanestad, 2020). By exammning the emergent practices in AT adoption, this chapter
will provide theoretical and practical insights on leveraging AT to enhance, rather than merely

automate, core learning processes in organizations.
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Revisiting Al Tools and Organizational Learning

Thus section evaluates how each of the four key Al tools — machine learming/automated
decision-making (ML/ADM), human-AT collaboration, big data and real-time analytics, and
algonithmic feedback — can enable or hinder deeper organmizational learming. The analysis
connects each tool to the three foundational learming theores to illustrate whether AT fosters
superficial or transformative learning, promotes short-term efficiency or long-term innovation,

and breaks silos or reinforces them.

Machine Learning and Automated Decision-Making

ML systems can expedite error correction by continuously adjusting processes to align
with preset objectives (Bohanec et al | 2017; Johnson et al_, 2022; Wamba-Tagmmdje et al |
2020). Thas rapid alignment supports single-loop learming, whereby dewviations are swiftly
remedied without necessarily questioning underlymg goals or assumptions (Ardichwvili, 2022;
Wilkens, 2020). Conversely, ML-driven insights — especially when unexpected or
counterintmtive — can highlight deeper flaws in strategic direction or entrenched routines,
prompting double-loop inquiries (Bohanec et al | 2017). Whether such transformative learming
occurs depends on the presence of orgamzational checkpoints that challenge the boundaries of
routine, single-loop cormrections (Dwived: et al |, 2021).

ADM often focuses on exploiting known patterns and refining existing processes,
supporting short-term productivity gains (Banasiewicz, 2021; Bohanec et al |, 2017). Yet well-
designed ML systems can simultaneously feed exploration by detecting novel correlations,
suggesting product innovations, or revealing untapped customer segments (Berente et al |, 2021).
The orgamzation’s success i balancing these modes depends on leadership and resource

allocation: while overemphasizing exploitative efficiency can sap resources from radical
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mnovation (Berente et al | 2021; Dwivedi et al |, 2021; Wamba-Tagmmdje et al , 2020; Wilkens,
2020), strategic budgeting for ML experimentation can catalyze new orgamzational possibilities
(Jarrahi, Kenyon, et al_, 2023; Johnson et al., 2022; Kakatkar et al., 2020; Sturm et al_, 2021).
By rapidly processing large data sets and feeding the results back to operators, ML/ADM
tools can form integral parts of feedback loops that transcend departmental silos — improving
real-time decision quality in manufacturing, supply chain management, or customer service.
However, opacity — commonly referred to as the “black box problem™ (Ardichvili, 2022;
Banasiewicz, 2021; Bohanec et al , 2017) — may obstruct a holistic understanding of how
decisions are reached, undermuning the systemic clanty crucial to Senge’s emphasis on
interdependencies and collective sensemaking. If ML outputs are taken at face value without
reflection on root causes or system-wide impacts, the broader potential for holistic learming may

remain untapped.

Human-AI Collaboration

Collaboration between human experts and Al agents can be a major enabler of deeper
reflection, provided orgamzational structures encourage critical dialogues around Al-generated
recommendations (Engstrom et al |, 2024; Herrmann & Pfeiffer, 2023; Jarrahi, 2018; Jarrahi,
Kenyon, et al , 2023). In many cases, collaborative Al allows humans to refine or question Al
outputs, potentially challenging underlying norms or assumptions (Bohanec et al | 2017,
Grensund & Aanestad, 2020; Jarrahi, Askay, et al , 2023). If, however, human-AT interaction 1s
merely used to validate existing routines or to expedite repetitive tasks, the outcome may default
to single-loop corrections, limiting the scope of reflective inquiry (Ardichwvili, 2022; Sturm et al |
2021; Wilkens, 2020).

Human-AT teams can sharpen exploitation through more reliable, data-driven decisions
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and standardized workflows (Berente et al , 2021; Johnson et al_, 2022; Puranam, 2021; Wamba-
Tagmmdje et al, 2020). Human-AT collaboration can foster exploration through creative
problem-solving and novel pattern identification (Jarrahi, 2018; Sturm et al, 2021). Such
collaborations enable organizations to augment their exploratory capabilities through
sophisticated data analysis and strategic innovation (Johnson et al |, 2022). The ambidextrous
potential (O'Reilly & Tushman, 2013) of AT implementations depends on leadership approaches
that balance process optinization with innovation opportunities (Bevilacqua et al | 2025). Rather
than confiming AT to routine automation, effective leaders guide its application toward both
exploitative efficiency gamns and exploratory innovation (Divya et al_ | 2024; Peifer et al , 2022).

Human-AT collaboration enables cross-functional knowledge exchange, where data
scientists and domain experts collaboratively translate Al-dnven msights into meaningful
organizational changes (Ransbotham et al | 2020). This collective sensemaking 15 exemplified in
organizations that form cross-functional Al teams to combine technical and domain expertise
(Agrawal et al , 2024; Bienefeld et al , 2023). This cross-functional synergy murrors the feedback
loops 1n Senge’s systems thinking, ensuring that new msights propagate across departmental
boundarnies. Yet even a well-conceived Al tool can fail to achieve systemic learming 1f
departments remain siloed (Kar et al , 2021; Olan et al , 2022) or if senior leadership does not
cultivate an environment for open data sharing (Bley et al | 2022; Rozman et al , 2023). The key
lies i designing sociotechnical structures — aligning people, processes, and Al technologies to
integrate knowledge system-wide (L1 & Yeo, 2024; Makarius et al |, 2020).
Big Data and Real-Time Analytics

Real-time analytics can heighten error correction by offering near-instant feedback on

operational discrepancies (Banasiewicz, 2021; Chen et al | 2023). This supports single-loop
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learning, as teams swiftly rectify anomalies based on continuously updated dashboards (Calvard,
2016). More profound double-loop reflection emerges when anomalies challenge deep-seated
assumptions (Bohanec et al., 2017), or when real-fime analytics uncover systemic process
failures that spark reevaluation of strategic goals (Jarrahi, Askay, et al | 2023). Organizations
lacking structured reflection practices may never pivot to double-loop mquiry, treating real-time
data as a tool for incremental improvement alone (Ardichvili, 2022; Dwived: et al | 2021;
Wilkens, 2020).

Moreover, real-time analytics enable managers to fine-tune day-to-day routines
(exploitation) while simultaneously offering a testing gpround for experimental changes
(exploration) (Johnson et al , 2022; Shi et al | 2024). By munimizing delays between actions and
outcomes, data-drniven dashboards accelerate learming cycles, letting orgamizations quickly
validate pilot projects or novel solutions (Berente et al | 2021; Sturm et al | 2021). Yet 1f
leadership overemphasizes short-term performance metrics, real-time analytics can devolve into
a continuous push toward exploitation at the expense of more daring or strategic experiments
(Ardichvili, 2022; Wilkens, 2020).

Big data streams and real-time analytics lend themselves to Senge’s notion of feedback
loops, potentially making complex interdependencies visible across multiple functional areas
(Chen et al , 2023; Grensund & Aanestad, 2020). However, without orgamzational mechanisms
for cross-functional collaboration (Agrawal et al | 2024; Bienefeld et al | 2023), such data may
stay siloed — liniting its impact on system-wide adaptation (Olan et al., 2022). Data alone does
not guarantee systems thinking; the orgamizational culture (Bley et al , 2022) and structure must
support the iterative sensemaking and open discussion required to imnterpret data patterns in a

holistic manner (Jarralu, Kenyon, et al., 2023; RoZzman et al , 2023).
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Algorithmic Feedback

Algonthmic performance metrics and continuous comparisons can remforce Model I
norms if employees merely adjust behaviors to meet targets without questioming underlymg goals
(Ardichwvili, 2022; Faraj et al , 2018). This scenario often results in single-loop compliance.
However, the same algorithnuc tools can provoke double-loop inquiries if unexpected feedback
challenges established practices and prompts employees to reexamine embedded assumptions
(Bohanec et al | 2017; Ransbotham et al_, 2020). The orgamzation’s stance — whether receptive
to “mconvement truths™ or defensive (L1 & Yeo, 2024) — often determines whether algorithmic
feedback drives genune reflection or superficial fixes (Bley et al., 2022; Jarrahi, Kenyon, et al ,
2023; Rozman et al , 2023).

Additionally, algonthmic feedback typically emphasizes exploitation by providing real-
time key performance indicators (KPIs), refimng daily routines (Berente et al | 2021; Wamba-
Tagmmdje et al , 2020). Yet 1t can also serve an exploratory function if managers leverage
msights to pivot resources mto new ventures (Kakatkar et al | 2020; Som et al , 2020). For
mstance, a feedback system highlighting an unprofitable product might spark radical remvention
or lead to more cautious cost-cutting, depending on leadership’s appetite for experimentation
versus short-term efficiency (Johnson et al , 2022; Sturm et al , 2021).

By quantifying an individual’s or team’s performance, algorithmic feedback influences
how people perceive interdependencies across the system. Properly designed, these metrics can
form part of broader organizational loops — where changes at one node affect another , 1n a
reinforcing or balancing manner (Chen et al | 2023; Grensund & Aanestad, 2020; Senge, 1990).
However, if the organmization does not integrate these metrics across departments (Agrawal et al |

2024) or if the algonithmic approach remains opaque (Dwivedi et al | 2021; Leshe, 2019), deeper
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system-wide insights may be lost, fragmenting the holistic perspective that Senge champions
(Olan et al_, 2022).

Overall, each AT tool - ML/ADM, human-AT collaboration, big data and real-time
analytics, and algonthmic feedback — intersects differently with Argyris and Schon’s single- and
double-loop learming, March’s exploration-exploitation framework, and Senge’s systems
thinking. The extent to which AT reinforces superficial fixes versus catalyzes deeper
transformation depends not only on the technology’s design but also on orgamzational readiness,
leadership vision, cultural openness, and ethical oversight. The next section expands on these
moderating influences before synthesizing how the interplay among tools, moderators, and
boundary conditions shapes final learning outcomes.

Role of Moderators in AI-Enabled Learning

Although the AT tools outlined offer considerable potential to transform organizational
learning, their actual impact 1s heavily shaped by leadership, culture, ethics, and digital maturity
(Ashok et al , 2022; Bevilacqua et al | 2025; Bley et al | 2022; Ladu et al | 2024; Leslie, 2019).
These moderating factors condition whether AT initiatives reinforce single-loop corrections,
double-loop shifts in norms (Argyris & Schon, 1978), a strategic balance of exploration vs.

exploitation (March, 1991), and a holistic, system-wide perspective (Senge, 1990).

Leadership

Leaders critically determine whether Al-dniven msights remain surface-level fixes or
spark deeper questioning of organizational assumptions (Dwivedi et al | 2021). If top managers
treat AI outputs as infallible — merely demanding quick responses to red-flag metrics —
employees may slip mto Model I behaviors, correcting errors without probing root causes.

Conversely, Model II leadership fosters open discussions around AI's hmitations, data biases,
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and surprising results (Peifer et al | 2022; Wryjayati et al | 2022), thereby prompting double-loop

reflection on whether existing strategies align with broader organizational values.

Leaders also allocate resources between short-term operational demands and long-term
mnovation (Berente et al | 2021). By granting teams the freedom to expenment with new AI
functionalities or invest in generative analytics, leaders encourage exploration rather than
defaulting to routine exploitation (Sturm et al | 2021). A fixation on immediate KPIs may,
however, starve those AT inifiatives that hold fransformative potential (Wamba-Taguimdje et al |

2020), thereby narrowing the orgamzation’s strategic horizons.

Finally, leadership 1s integral to weaving Al data into cross-functional feedback loops
that highlight interdependencies across departments (Agrawal et al | 2024). Leaders who
champion systemic dialogue — for instance, convening multi-departmental reviews of Al-derived
msights — promote a holistic learning culture (Bienefeld et al | 2023). Absent such facilitation, AT
data remain siloed (Olan et al., 2022), undermiming the broad, system-wide perspective Senge
views as essential for enduring adaptability.

Organizational Culture

A learming-oriented culture encourages reflective inquiry — employees are more likely to
examine whether Al-based corrections challenge deeper norms (Rozman et al | 2023). Where
defensive routines and nisk-averse mentalities prevail (L1 & Yeo, 2024), single-loop tweaks
predomunate, foreclosing double-loop remvention. Conversely, cultures that reward candor,
knowledge-sharing, and collaborative critique give Al outputs the chance to provoke meamngful
transformation (Bley et al., 2022).

By shaping orgamizational attitudes toward experimentation, culture influences whether

AT serves short-term efficiency or sparks bold ventures (Makarus et al., 2020). A nisk-tolerant,
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mnovative culture may encourage employees to repurpose Al dashboards for product
prototyping or novel workflows, fueling exploration (Jarrahi, Kenyon, et al_, 2023). Where
norms and metrics prionitize immediate efficiency, Al tools remain focused on marginal

performance gains (Bley et al | 2022).

Cultural openness to collective sensemaking 1s vital for embedding AT insights into
system-wide discussions (Engstrom et al | 2024). A culture that breaks down siloed mindsets and
fosters cross-departmental collaboration ensures that local AT outputs feed broader orgamizational
loops (Ransbotham et al | 2020). Alternatively, siloed or hierarchical cultures mhibit information
flow (Olan et al., 2022), stifling the integrated feedback loops essential to Senge’s systems
perspective.

Ethics
Ethical dilemmas surrounding AT often force orgamzations to question deep-rooted

practices and values (Ashok et al., 2022). Bias in traming data or the potential for disecrininatory
decisions (Leslie, 2019) may prompt double-loop interrogation rather than limiting correction to
superficial error fixes. An orgamization unprepared to confront these 1ssues might revert to
single-loop compliance, simply adjusting parameters without addressing core ethical values.
Ethical constraints also influence how far organizations pursue innovative Al applications
versus exploit proven solutions (Dwivedi et al , 2021). Orgamzations with robust ethical
oversight can explore advanced Al projects, confident in risk mitigation measures (Leslie, 2019),
while those fearing public backlash or regulatory action may rein in certain Al experiments.
Hence, ethical guardrails shape the extent and direction of Al-based exploration, balancing

mnovation with responsible nsk management.
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From a systems-thinking standpoint, ethical considerations form integral parts of
organizational feedback loops. Ethical oversights, such as data privacy breaches, can reverberate
widely — eroding trust in AT tools across the organization (Ashok et al |, 2022; Katira1 & Nagato,
2024; Leshe, 2019). Conversely, transparent ethical gmdelines anchor system-wide adaptation
(Leslie, 2019), ensuning that all participants align on shared values that support sustainable

learning_

Digital Maturity

Orgamzations with high digital maturity typically have robust data infrastructures,
enabling soplisticated AT deployments (Akbanighatar et al | 2023; Kane et al | 2017). This
readiness can facilitate deeper reflection, provided employees possess the data literacy to
question algorithmic outputs (Bratucu et al , 2024). Whereas orgamizations with low maturity,
however, may implement digital technologies superficially (Kane et al_, 2017) (, reinforcing
single-loop tasks and rarely generating the feedback channels essential for double-loop re-
exanunation.

Digitally mature orgamzations are better positioned to experiment with advanced
analytics or generative AT fueling exploration. Conversely, a lower level of digital infrastructure
and data governance nmight linit AT usage to routine automation (Ladu et al | 2024), prioritizing
exploitation for efficiency. Over time, bndging digital shortfalls 1s key (Kane et al_ | 2017) for
sustaining an ambidextrous strategy that balances incremental improvements with radical
discoveries.

In Senge’s systems lens, integration capacity 1s vital: advanced analytics, real-time
monitoring, and cross-platform interoperability help create cohesive feedback loops that traverse

the entire organization. Digital immaturity hampers this holistic adaptation, leading to disjomnted
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or siloed AT pilots (Akbanighatar et al | 2023). Conversely, a well-structured digital ecosystem
provides the technical scaffold for collaborative sensemaking and ongoing systemic learning
(Kane et al_, 2017).

In summary, these four moderators crucially condition whether Al yields incremental or
transformative learning. Each corresponds directly to Argyns & Schon’s depth of reflection,
March’s dual modes of adaptation, and Senge’s holistic synergy. The next section evaluates
boundary conditions — factors like organmization size, industry context, technical infrastructure,
and workforce capability — and how they further refine AI’s orgamizational impact in tandem
with these moderators.

Interplay of Boundary Conditions in the Conceptual Model

While leadership, orgamizational culture, ethics, and digital maturity shape how AT tools
inform orgamizational learning, four boundary conditions — orgamization size, industry context,
technical infrastructure, and workforce capability — further determune where and under what
circumstances Al sparks transformative or superficial effects (Benbya et al , 2020). Large
organizations often benefit from abundant resources and analytics expertise (Banasiewicz, 2021),
potentially fueling double-loop reflection (Argyrnis & Schon, 1978) and ambidexterity (March,
1991), yet they also face complex silos that can linut system-wide insight (Olan et al |, 2022;
Senge, 1990).

Highly regulated or rapidly evolving mdustries add further constraints or pressures
(Katira1 & Nagato, 2024; Leshie, 2019), etther channeling AT deployments toward compliance-
driven, single-loop routines or incentivizing experimentation (Ladu et al | 2024). Meanwlule,
robust technical infrastructures — modem data systems and seamless interoperability — let
organizations embed real-time analytics and algonithmuc feedback across departments, enhancing

feedback loops (Kar et al_, 2021). Outdated systems, however, 1solate AT in siloed pilots (Benbya
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et al | 2020), curbing exploration and undermining system-wide learning potential. Finally, a
capable workforce can critically interpret Al outputs, fosterning collaborative innovation and
deeper reflection (L1 & Yeo, 2024; Makanus et al, 2020), whereas low digital literacy or fear of
AT may confine learmning to surface-level error correction (Booyse & Scheepers, 2024; Engstrom
et al | 2024). Together, these boundary conditions act as environmental “filters” around the
conceptual model, shaping whether AT primanly delivers operational gains or truly enables
strategic renewal and continuous adaptation.
Theoretical Synthesis: Integrating Argyris and Schén, March, and Senge

In bringing together Argyrns & Schon’s (1978) distinction between single- vs. double-
loop reflection, March’s (1991) balance of exploration and exploitation, and Senge’s (1990)
systems-thinking principles, this section provides a unified lens on how Al transforms
organizational learning. While Argyris & Schon emphasize the depth of learning, hughlighting
the move from superficial error correction to questioming entrenched assumptions, March
underscores how orgamzations allocate resources toward erther short-term efficiency or long-
term innovation. Senge, meanwhile, connects these processes to holistic feedback loops, showing
that AT's impact often spans multiple departments and stakeholder groups (Agrawal et al , 2024;
Chen et al , 2023; Grensund & Aanestad, 2020). By synthesizing these viewpomts, AI can
catalyze either incremental improvements or sweeping orgamzational change, contingent on
leadership vision (Bevilacqua et al , 2025; Divya et al_, 2024), cultural readiness cultural
readiness (Bley et al | 2022; Rozman et al , 2023), ethical oversight (Katira1 & Nagato, 2024;
Leshe, 2019), and digital maturity (Kane et al | 2017; Ladu et al , 2024). This integration thus
offers a more comprehensive framework for analyzing how orgamzations truly leam, and

potentially transform, in the face of rapid technological advancement.
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Complementary Insights

Argyrnis and Schon differentiate between superficial (single-loop) corrections and
fundamental (double-loop) questioning of norms. ADM and algonithmic feedback can
madvertently reinforce single-loop behaviors if employees simply “correct” metrics without
reflection (Ardichvili, 2022; Faraj et al., 2018; Wilkens, 2020). Conversely, unexpected AL
outcomes or collaborative AI “thought-partner” scenarios can prompt double-loop inquiry,
compelling teams to reexamine underlying assumptions (Bohanec et al., 2017; Jarrali, Kenyon,
et al , 2023; Ransbotham et al , 2020). Leadership vision and an open culture stand out as crucial
for enabling deeper scrutiny of Al results and thereby fostering double-loop processes (Bley et

al , 2022; Peifer et al_, 2022).

March’s framework emphasizes balancing short-term efficiency (exploitation) with long-
term innovation (exploration). Machine learning and real-time analytics typically optimize daily
routines (exploitation) (Banasiewicz, 2021; Wamba-Taguimdje et al., 2020) but can also
illuminate emerging market needs or encourage experimental uses (exploration)(Kakatkar et al |
2020; Som et al , 2020), especially when leaders allocate time and resources for novel AT
deployments (Johnson et al |, 2022; Sturm et al , 2021). Orgamizational culture (Bley et al | 2022;
RoZman et al., 2023), ethics (Katira1 & Nagato, 2024; Leslie, 2019), and digital maturity (Kane
etal , 2017; Ladu et al , 2024) can enable or constrain the capacity for exploratory AT activities.
In lugh-regulation industries, ethical and compliance concerns nught linmt radical exploration
(Leslie, 2019); 1n resource-rich tech sectors, Al fosters a more ambidextrous approach (Berente

et al, 2021; O’Reilly & Tushman, 2013).

Senge's model underscores interconnected feedback loops across departments and levels

of an orgamzation (Senge, 1990). Tools like real-time analytics and human-AT collaboration can
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supply rapid, data-driven nsights that cross departmental boundaries, enhancing system-wide
reflection (Agrawal et al., 2024; Chen et al_, 2023; Grensund & Aanestad, 2020). Yet "black
box" algonithms (Ardichvili, 2022; Banasiewicz, 2021; Bohanec et al , 2017) or siloed
implementations risk fragmenting the orgamzational perspective rather than umiting 1t (Olan et
al , 2022). Leadership styles that promote collective sensemaking (Bevilacqua et al., 2025;
Bienefeld et al_, 2023), along with a culture of open knowledge exchange (Bley et al , 2022;
RoZman et al., 2023), amplify Senge's feedback loops. Conversely, linited technical
infrastructure or workforce capability can hamper broad-based data sharing, diluting system-

wide awareness (Engstrom et al | 2024; Kar et al |, 2021).

Points of Tension

Argyris and Schon (1978) advocate challenging entrenched beliefs, but in practice, many
AT systems emphasize quick performance fixes (single-loop) to satisfy immediate KPIs
(Ardichvili, 2022; Faraj et al., 2018). If leaders fail to install reflection checkpomts, the
transformative potential of AT remains underutilized (Dwived: et al |, 2021; Wilkens, 2020).
March (1991) warns that orgamizations fixate on exploitative applications risk stagnation. While
real-time analytics or algorithmic decision-making can yield short-term gains (Banasiewicz,
2021; Wamba-Taguimdje et al., 2020), radical AT experiments may be neglected (Berente et al |
2021). Ethical or regulatory concerns can further dissuade exploratory Al usage (Katira1 &
Nagato, 2024; Leshe, 2019). Senge (1990) ughlights system-wide feedback loops that umify
organizational learning, yet technical and cultural barriers often silo Al pilots, restricting
knowledge flow (Kar et al., 2021; Olan et al , 2022). Incomplete data infrastructures or
departmental nivalnes can linit AT's impact to 1solated pockets (Benbya et al., 2020; Booyse &

Scheepers, 2024), preventing a truly holistic transformation.
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Synergy of Lenses

Argyris and Schon (1978) sharpen our focus on the depth of learming outcomes, from
quuck fixes to profound assumption shifts. March (1991) underscores how organizations allocate
scarce resources between exploiting known processes and exploring new horizons. Senge (1990)
ensures an integrated system-wide lens, emphasizing collaborative sensemaking and
interconnected feedback loops. Each Al tool can support either superficial or deeper learning
(Bohanec et al |, 2017; Jarrahu, Askay, et al , 2023), incremental or radical innovation (Johnson et
al , 2022; Sturm et al | 2021), siloed or system-spanning feedback loops (Grensund & Aanestad,

2020).

Whether these potentials manifest depends on the interplay of orgamzational conditions
and human choices. Leadership sets the vision and resource prionties (Bevilacqua et al | 2025;
Divya et al , 2024; Peifer et al., 2022); culture dictates openness to challenge norms (Bley et al |
2022; Rozman et al , 2023); ethics ensures integnity and trust (Katira1 & Nagato, 2024; Leslie,
2019); digital maturity supports seamless data integration (Kane et al , 2017; Ladu et al., 2024)/
Together, these shape whether AT fosters double-loop transformations, balanced exploration, or
holistic system insights. The broader environment affects how feasible or ambitious Al-driven
learning can be (Benbya et al_, 2020; Kar et al | 2021). The synergy among boundary conditions,
moderators, and Al tools determunes how effectively theoretical 1deals translate into practice

(Banasiewicz, 2021; Dwivedi et al_, 2021; Makarius et al_, 2020).

Limitations and Future Research
Theoretical Limitations and Underdeveloped Integration
While some studies hint at AT’s ability to prompt double-loop changes (Bohanec et al

2017; Jarralu, Askay, et al , 2023), the direct linkage between reflective learning frameworks and
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AT adoption remains underexplored. As a result, certain propositions — especially those relating
to how AT tniggers organizational assumptions to be questioned — are extrapolated from
fragmented or indirect evidence. Empirical case studies could investigate whether and how
specific Al interventions directly stimulate deeper reflection or remain confined to single-loop
corrections.

Though Argyris and Schon, March, and Senge provide complementary views on
organizational learning, each theory has known critiques such as measurement 1ssues for double-
loop (Auqui-Caceres & Furlan, 2023; Lipshitz, 2000; Mazutis & Slawinski, 2008), bounded
rationality in exploration-exploitation (source), or simphistic feedback loops in systems thinking
(Flood & Finnestrand, 2020; Kiedrowski, 2006; Ortenblad, 2020). Their combined application
may oversimplify certain power or political dynamics that often shape AT mitiatives (Flood &
Finnestrand, 2020). Studies integrating crifical or power-based frameworks could deepen
understanding of how Al-based changes intersect with organizational politics or resource
distributions.

Methodological Constraints

In exanuning the interplay between AT and orgamizational learming, this thesis primanly
adopts a conceptual orientation rather than relying on newly collected or secondary empirical
data. As a result, the methodological focus 1s on theoretical integration and literature synthesis,
which offers broad insights but also introduces limitations regarding validation and real-world
applicability.

Conceptual Scope
Thus thesis adopts a conceptual design rather than collecting new or secondary data.

Consequently, i1ts emphasis lies m synthesizing diverse literature rather than validating specific
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relationships or causal pathways. Empirical mixed-method approaches — longitudinal surveys,
interviews, or agent-based simulations (Sturm et al , 2021) — could refine or challenge the
proposed model’s assumptions by capturing real-world complexities in AT deployments.
Literature Fragmentation

The scarcity of direct scholarship linking AT and orgamizational learming theores forced
reliance on articles from HRD, KM, and management contexts, each discussing partial aspects
rather than directly relating to the key learming theonies. Targeted reviews or meta-analyses
focusing explicitly on “Al and Orgamzational Learning™ could consolidate emerging studies,
providing stronger empirical support for the conceptual relationships proposed here.
Practical and Contextual Limitations

Beyond methodological constraints, there are practical and contextual challenges that can
affect the generalizability and implementation of the proposed conceptual framework. These
include vanations in industry conditions, differences in organizational size, and a vanety of
technological infrastructures, each of which influences how Al-dniven learming mmtiatives unfold.

Generalizability Across Industries and Scales

Thus thesis” framework posits that boundary conditions crucially affect AT’s role in
learning. However, vanations within and across industries or among small vs. large enterprises
are too broad to be fully captured by a single conceptual model, Comparative case studies or
mndustry-specific investigations could reveal more nuanced pathways. Cross-cultural or
international research might further show how national regulations, and cultural norms influence
Al-dniven learning_

Implementation Realities
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Many orgamizations deploying Al face ethical concerns, skills shortages, and
organizational nertia, none of which are easily resolved by conceptual alipnment alone (Benbya
et al | 2020; Booyse & Scheepers, 2024; Engstrom et al , 2024; Leshie, 2019; Shrivastav, 2022).
Real-world constraimnts such as legacy systems, fragmented data sources, or stakeholder
resistance may prevent double-loop transformations, even with visionary leadership (Benbya et
al , 2020; Dwivedi et al , 2021; Kar et al , 2021). Action research or participatory approaches
where scholars collaborate with practitioners to implement AT across departmental boundaries
could provide deeper insights into the day-to-day challenges that hamper or facilitate system-
wide adaptation.

Avenues for Further Empirical Validation

Developing scales to measure Al-dniven single- vs. double-loop learning or ambidexterity
outcomes could yield robust msights, potentially validated through structural equation modeling
or multi-level analyses. Tracking orgamizations over time — before and after sigmificant AT
implementations — may highlight learning trajectory shifts, providing evidence for whether AT
indeed promotes deeper reflection or remains an operational tool. Field experiments might verify
the effect of moderators on AI's learming outcomes. Extending (Sturm et al | 2021) to mcorporate
aspects of Argyris and Schon’s reflection cycles or Senge’s feedback loops could help model
complex, dynamic AT adoption scenarios under various boundary conditions.

In conclusion, while this conceptual thesis addresses critical gaps by integrating classical
learning theories with contemporary Al scholarship, it primarily generates theoretical
propositions requiring further empirical scrutiny. By highlighting dimensions such as double-
loop learning, exploration-exploitation, and systems thinking, this study underscores the

complexity and promise of Al-enabled organizational learming. Future research — both theoretical
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and applied — can refine these constructs, test their validity in diverse settings, and expand on
how AT nmught become not just a catalyst for efficiency, but a driver of transformative, system-

wide learming across organizations.

Chapter 6. Conclusion

Thus thesis set out to develop a conceptual framework that integrates classical
organizational learning theories — Argyns and Schon’s (1978) single- vs. double-loop model,
March’s (1991) exploration-exploitation perspective, and Senge’s (1990) systems thinking —
with contemporary Al practices. In doing so, 1t aimed to answer the central research question:
Which theoretical perspectives best explain AT’s role mn enabling (or hindering) orgamzational
learning? The aim was to illuminate how artificial intelligence might act as erther a catalyst or
barrier to deeper orgamizational learming, and to understand which factors tip the scales toward
surface-level fixes or transformative reconfigurations of norms, strategies, and systems.

By synthesizing these three theories, the thesis provides a multi-lens viewpomt that
captures both routine error-correction processes (single-loop) and more fundamental questioning
of norms (double-loop), the balancing act between short-term efficiency and long-term
mnovation, and holistic, interdependent dynamics that bind individuals, processes, and
technologies. Central to this contribution 1s the mapping of four key AT mechanisms — machine
learning/automated decision-making (Banasiewicz, 2021; Bohanec et al., 2017) human-AT
collaboration (Jarrahi, 2018; Jarrahi, Askay, et al., 2023; Makarius et al | 2020), big data and
real-time analytics (Chen et al | 2023), and algorithmic feedback (Faraj et al, 2018; Grensund &
Aanestad, 2020) — onto these orgamzational leamning processes. This model aims to clarify how

AT specifically affects reflection, resource allocation, and systemic feedback loops.
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Key Theoretical Insights

Drawing on Argyris and Schon, the framework shows that AT can reinforce single-loop
learning by automating performance metrics and routine corrections (Ardichvili, 2022; Wilkens,
2020) or enable double-loop reflection if organizations deliberately question the broader
assumptions embedded within AT systems (Bohanec et al , 2017). The extent to which AT simply
corrects errors or disrupts entrenched mindsets largely depends on organizational willingness to
challenge algonthmic outputs (Dwivedi et al , 2021).

From March’s exploration-exploitation lens, AT emerges as both a tool for routine
optinization (exploitation) and a potential driver of radical innovation (exploration) (Berente et
al , 2021; Johnson et al , 2022). By rapidly uncovering patterns in large datasets or offering real-
time predictive insights, AT can spotlight new opportunities that foster experimentation
(Kakatkar et al_, 2020; Somni et al_, 2020). Yet without conscious resource allocation and
leadership support, organizations may remain locked in exploitative routines, missing the larger
adaptive potential AT might enable (Wamba-Tagmmdje et al | 2020).

In line with Senge’s systems thunking, AT can reconfigure feedback loops across
departments and functions (Chen et al | 2023; Grensund & Aanestad, 2020). Real-time analytics
not only provide rapid error-correction but also reveals cross-functional dependencies that
encourage team-based sensemaking (Agrawal et al | 2024; Bienefeld et al , 2023). Where data
remains siloed, AT’s system-wide benefits are linited (Olan et al , 2022); when integrated
holistically, AT’s capacity for continuous adaptation can significantly heighten orgamzational
agility.

Across all three theoretical lenses, the role of moderating factors 1s critical. Leadership

sets vision and resource priorities (Bevilacqua et al | 2025; Divya et al_, 2024), orgamizational
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culture determines whether AT mnsights spark reflection or defensiveness (Bley et al., 2022;
RoZman et al., 2023), ethics guide responsible use and nutigate biases (Katira1 & Nagato, 2024;
Leslie, 2019), and digital matunity ensures the technical and infrastructural readiness to exploit
AT’s capabilities (Kane et al, 2017; Ladu et al., 2024). These moderators can amplhify or suppress
AT’s potential for catalyzing deeper learning.

Practical Implications

From a manageral perspective, orgamizations that seek deeper learning outcomes through
AT should structure their AT imtiatives to move beyond basic automation (Benbya et al , 2020).
Cultivating a culture of inquiry, designing deliberate checkpoints for questioning AT
recommendations, and encouraging multi-level dialogues can shuft AT usage from mere single-
loop corrections to genuine double-loop transformations (Bohanec et al | 2017; Jarralu, Askay, et
al , 2023). Additionally, establishing ethical oversight — via transparent governance practices and
robust accountability mechanisms — can ensure algorithmic decisions reman aligned with
organizational and societal values, enhancing trust in Al-driven processes (Katirai & Nagato,
2024; Leslie, 2019).

Leaders play a crucial role in fostening reflection: they can enable open communication,
allocate dedicated resources for expennmental AT projects, and champion cross-functional teams
that bring diverse expertise to bear on AT insights (Bevilacqua et al |, 2025; Peifer et al | 2022).
By doing so, they create a conducive environment for ambidexterity (O'Reilly & Tushman,
2013), balancing the exploitation of existing competencies with the exploration of novel AI-
driven possibilities. Moreover, investing in digital capabilities, from data infrastructures to
employee fraiming (Kane et al , 2017), amplifies AT’s systemuc impact. High digital maturity

correlates with faster scaling of pilot imtiatives, more sophisticated risk management, and an
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organizational habit of iterating toward best practices (Bratucu et al , 2024; Kane et al , 2017,
Ladu et al_ 2024).

Crucially, implementing the theoretical framework in practice demands acknowledging
real-world constraints such as legacy systems, fragpmented data silos, or cultural resistance
(Benbya et al., 2020; Kar et al., 2021). Transitioming from 1solated expeniments to system-wide
AT mtegration may require changes to orgamzational structures (Olan et al , 2022), challenging
yet necessary steps if Al 1s to spur meaningful learning across the orgamzation.

Looking Forward

While this thesis presents a conceptual foundation, it also carries boundaries. The model
has not yet undergone empirical validation within specific orgamzational contexts. Future
research can test these propositions, using in-depth case studies or agent-based simulations to
observe whether (and how) Al triggers genmne double-loop reflection, fosters exploration, or
reconfigures cross-departmental feedback loops.

Moreover, emerging areas, such as generative AT or the mcreasing integration of Al into
strategic decision-making (Agrawal et al., 2024), warrant further study to assess whether the
same moderating factors and boundary conditions apply. As technology evolves, so too must our
frameworks for understanding AT’s influence on reflection, adaptation, and learming.

Ultimately, this thesis underscores AI's transformative potential in orgamzations,
provided leaders, cultures, and systems align to support deeper, systemic learming. By linking the
foundational theonies of Argyris and Schon, March, and Senge to four contemporary Al
mechanisms, it offers both academic and practical pathways for realizing AT as an enabler, not
just of incremental optimization but of reflective, transformational learming. If steered

responsibly and integrated with thoughtful governance and supportive cultural norms, Al can



indeed reshape how organizations adapt, innovate, and thrive in an ever-shifting digital

landscape.
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