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1. Chapter 1: Research problem 

 

1.1. Introduction 

 

Corporate strategy implementation remains persistently fragile despite sustained 

investment in planning, leadership development, and digital transformation; many 

corporates continue to struggle to translate strategic intent into coordinated, corporate  

wide practical actions (Menz et al., 2021). Therefore, the core weakness should not be 

attributed to the formulation of corporate strategy but to the organisational systems 

responsible for its implementation. As a direct consequence, misaligned governance 

forums, unclear decision-making structures, and weak integrated coordination 

mechanisms constrained the consistent translation of strategic intent into coordinated 

corporate-wide actions (Tawse & Tabesh, 2021). Furthermore, structural coordination 

demands intensified with digital transformation, increasing the need for coordination 

across corporate organisations; however, the underlying organisational coordination 

structures lacked the agility required to keep pace with ongoing redesign demands. 

Accordingly, resolving the structural paradox required moving beyond AI adoption to 

examine how, and to what structural extent, AI became embedded within the governance 

and coordination systems that translate corporate strategy into sustained, corporate wide 

action (Tawse & Tabesh, 2021). As a result, AI became strategically consequential 

through its systematic integration into recurring governance forums, decision making 

structures, resource allocation processes, performance management systems, and 

organisational learning processes, rather than being limited to the deployment of technical 

capacity alone (Raisch & Krakowski, 2021). 

 

1.2. Research Problem Statement 

 

Although many corporate organisations adopted AI at an accelerated pace, the 

introduction of the technology did not automatically lead to coordinated corporate ‑wide 

action. AI was often layered onto existing governance and coordination systems without 

corresponding architectural redesign, increasing technological capability while leaving 

corporate‑level coordination structurally fragile (Enholm et al., 2022; Dubey et al., 2021). 

As a result, a gap emerged between the organisation ’s growing technological capability 

and its ability to achieve coordinated organisational action. At the same time, AI adoption 

increased technical capacity; the depth of embedment determined whether AI became 
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part of everyday coordination practices and supported sustained strategic action (Raisch 

& Krakowski, 2021). Against this backdrop, South African multi business corporates were 

characterised by institutional complexity and uneven digital capability (Chilunjika et al., 

2022), creating the contextual conditions for the study to explore how participants 

experienced and interpreted variation in AI embedment under comparable macro level 

conditions. The research problem, therefore, centred on explaining how and why variation 

in AI embedment depth within execution architectures influenced organisations’ ability to 

make sense of and sustain coordinated implementation of corporate ‑level strategy in 

volatile, interdependent environments. 

1.3. Research Purpose 

The purpose of this study was to examine how AI became embedded within corporate 

execution architectures and how variation in the depth of AI embedment shaped the 

coordination and stability of corporate strategy implementation. Although prior research 

often positioned AI as a technological capability linked to analytics outcomes and 

performance improvement, this view offered only a partial explanation of how AI 

influenced strategic organisational action (Friesl et al., 2021; Raisch & Krakowski, 2021). 

Thus, this study adopted a broader perspective, treating AI as an organisational 

mechanism whose strategic value depended on how its outputs were incorporated into 

formal decision making processes. In line with this perspective, the study focused on the 

extent to which AI outputs were integrated into governance forums, resource allocation 

routines, and performance evaluation systems, and how this integration shaped 

coordinated action across corporate business units. At lower levels of embedment, AI was 

limited to an advisory role and could easily be overridden by managers, weakening its 

influence on coordinated action (Raisch & Krakowski, 2021). By contrast, at higher levels 

of embedment, AI shaped organisational outcomes more substantially when it was built 

into formal decision making roles and standardised organisational processes (Raisch & 

Krakowski, 2021). Under these conditions, AI outputs were incorporated into investment 

logic, linked to performance monitoring systems, and reinforced through recurring 

governance reviews and organisational learning cycles, thereby strengthening cross unit 

coordination and corporate performance outcomes (Menz et al., 2021). The execution 

architecture, therefore, provided the structural pathway through which AI adoption 

influenced corporate level outcomes (Menz et al., 2021). The study argued that while 

adopting AI enhanced technological capabilities, their sustained strategic effect depended 

on whether they were integrated into governance structures, connected to performance 

systems, and embedded within day to day institutional practices. Additionally, Hanelt et 
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al. (2021) argued that digital transformation, market volatility, and growing 

interdependence across business units placed increasing pressure on governance 

systems originally designed for more stable and less interconnected environments. 

Consequently, these conditions created meaningful differences in how AI was embedded 

across business units, making the South African corporate context well suited for exploring 

AI embedment in corporate strategy implementation. 

 

 

1.4. Context of the Study 

 

1.4.1. The Persistent Challenge of Corporate Strategy Implementation 

 

Corporate strategy implementation remains one of the most persistent challenges in 

management research, despite continued investment in strategic planning, leadership 

development, and resource allocation. Many organisations struggle to turn strategic intent 

into realised outcomes, with failure rates estimated at 60–70 per cent (Menz et al., 2021; 

Friesl et al., 2021). Govindarajan and Venkataraman (2022) described this recurring 

challenge as an “execution gap”, arguing that breakdowns often occur when organ isations 

fail to sustain cross functional coordination and accountability. However, while the 

execution gap perspective explains where coordination failures occur, it offers only a 

limited understanding of why these failures persist in corporate strategy implementation. 

In contrast, emerging research increasingly views corporate strategy implementation 

failure as a structural problem rooted in architectural misalignment, evident in weaknesses 

in governance, decision making, coordination, and escalation mechanisms that connect 

corporate objectives to operational execution (Kunisch et al., 2020; Menz et al., 2021). 

Taken together, these insights support the argument that corporate implementation failure 

reflects structural weakness within execution systems, in which misaligned governance 

structures, unstable decision making processes, and weak coordination mechanisms 

reduce the organisation’s ability to translate strategic intent into real outcomes. Despite 

the growing recognition of execution architectures as the “missing middle” between 

strategy formulation and realised outcomes, empirical research on how these 

architectures function under conditions of volatility, digital interdependence, and rapid 

feedback cycles remains limited (Tawse & Tabesh, 2021).  

 

1.4.2. Execution Architectures in the Time of Volatility and Interconnectedness 
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In the digital age, volatility, uncertainty, complexity, and ambiguity (VUCA) have 

undermined the stability assumptions underpinning traditional strategy implementation 

models, making corporate strategies increasingly difficult to execute in practice (Biloslavo 

et al., 2024). These models were designed for environments characterised by predictable 

decision cycles, stable conditions, and clearly defined authority structures (Tawse & 

Tabesh, 2021). By contrast, modern corporate environments face continual dis ruption, 

tighter interdependence between business units, and intensified competition, all of which 

have fundamentally changed how organisations coordinate their work (Biloslavo et al., 

2024; Friesl et al., 2021). Consequently, hierarchical, step by step strategy implementation 

approaches no longer meet the demands of digital competition. Governance systems 

originally designed for slower, more stable environments struggled to keep pace with the 

increased speed and complexity of coordination across business units. As coordination 

pressures rose, rigid decision making structures and fixed escalation processes ceased 

to enable control and instead constrained how quickly organisations could respond, 

resulting in delays and coordination breakdowns (Friesl et al., 2021). These coordination 

challenges were further intensified by digital transformation, which increased cross unit 

data flows and redistributed decision making authority without updating the governance 

systems meant to support them. As a result, delays, bottlenecks, and coordination failures 

became indicators of a deeper structural mismatch between older execution architectures 

and the demands of today’s competitive environment (Hanelt et al., 2021). Consequently, 

the main challenge shifted from simply aligning strategic plans to ensuring that execution 

systems were flexible, connected, and adaptive enough to support coordinated action in 

fast moving, highly interconnected environments. 

 

1.4.3. Digital Transformation and Intensified Coordination Demands 

While volatility exposed structural misfits, digital transformation added another layer of 

pressure by increasing the scale, speed, and interconnectedness of coordination across 

corporate organisations, raising the volume of organisational activity, creating more 

simultaneous work processes, and increasing the number of cross ‑unit interfaces that 

required alignment (Friesl et al., 2021). As a result, coordination density intensified: more 

people had to participate in more decisions, at greater speed, and with less time between 

action and response. These conditions placed sustained pressure on governance 

systems, which now had to manage a growing number of coordination points. Digital 
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transformation, therefore, increased both the complexity and frequency of coordination 

demands, meaning that execution architectures had to support more interactions, at a 

faster pace, across more interconnected domains than traditional governance systems 

were designed to handle (Tawse & Tabesh, 2021). Without a corporate organisational 

structural redesign, this expansion in coordination density led to fragmentation, delays, 

and inconsistent alignment at the corporate level (Kunisch et al., 2020). In fast‑changing 

environments with shorter decision cycles, shallow AI embedment became especially 

unstable because using AI in isolated areas of the organisation was not enough to support 

coordinated action across business units without deeper structural integration (Raisch & 

Krakowski, 2021). 

1.4.4. AI: Corporate Organisational Structural Disruptor 

 

AI introduced a significant shift in execution architectures by embedding algorithmic 

decision making into everyday operational processes, changing how decisions were 

generated, shared, and escalated across corporate organisations (Raisch & Krakowski, 

2021). Unlike traditional processes that relied heavily on managerial judgement, AI 

systems became part of day to day work. They reshaped how managers interpreted 

information and made choices, thereby redistributing decision influence and cognitive 

authority within organisations (Enholm et al., 2022). Decision escalation also accelerated 

as AI reduced the time between data production and managerial action, altering the timing 

and rhythm of coordination (Simon et al., 2024). As more coordination tasks were built 

into AI systems, traditional boundaries of decision making authority shifted, and the flow 

of real time data reduced long standing information gaps between business units. 

However, this transparency also increased interdependence, as units became more 

reliant on shared data, integrated platforms, and coordinated organisational responses 

(Friesl et al., 2021). Despite the growing adoption of AI across corporate organisations, 

technological deployment alone did not result in structural integration within governance 

and coordination systems (Enholm et al., 2022). Successful pilots and automation 

initiatives often operated alongside execution architectures that remained largely 

unchanged (Dubey et al., 2021). Consequently, the depth of AI embedment varied 

depending on whether AI remained peripheral to existing processes or became more 

structurally incorporated into corporate wide coordination. Therefore, shallow embedment 

improved local efficiency but did not reshape cross unit coordination, as decision rights 

arrangements and escalation processes stayed static, and performance systems did not 
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absorb algorithmic insights (Friesl et al., 2021; Meske et al., 2022). As a result, capability 

accumulated within individual functions while execution architectures remained 

structurally intact, producing gains that were difficult to scale (Enholm et al., 2022). The 

variation in AI embedment depth was therefore crucial: whereas shallow embedment 

relied on human judgement, deep embedment required redesigning governance forums, 

decision making processes, and accountability systems to rely on AI generated insights 

(Tawse & Tabesh, 2021). At the same time, shallow embedment preserved existing 

architectures, deep embedment institutionalised AI within the structural conditions 

necessary for coordinated corporate level execution (Raisch & Krakowski, 2021). Hence, 

without such architectural adaptation, the redistribution of decision making and the 

acceleration of decision cycles created by AI risked producing fragmentation and uneven 

alignment at the corporate level. 

 

1.4.5. South African context  

 

South Africa is an emerging economy where AI adoption in large corporates has moved 

beyond basic readiness and early pilot projects, creating an opportunity to explore the 

implementation of corporate strategy without the usual constraints associated with early 

stage technological immaturity (Oxford Insights, 2024; Arakpogun et al., 2021). Across 

key sectors, many corporate organisations in South Africa have adopted AI for analytics, 

automation, and decision augmentation, with adoption levels approaching those of more 

developed economies (PwC, 2025a). However, progress in AI adoption did not 

automatically translate into more effective implementation of corporate strategy, as 

organisations continued to face significant execution challenges (Mariani & Borghi, 2023; 

PwC, 2025a). Despite advances in AI, structural constraints persisted, as legacy 

bureaucratic arrangements and extensive transformation mandates increased 

coordination complexity and placed strain on governance systems (Chilunjika et al., 2022). 

At the same time, strengthened board level accountability requirements under King IV and 

King V heightened expectations for strategic oversight while increasing procedural and 

compliance demands, adding further governance burden and complicating cross  unit 

coordination (IoDSA, 2024). Consequently, although AI deployment was relatively 

advanced, many corporate organisations continued to struggle to translate AI initiatives 

into coordinated and sustained corporate level execution (Lee et al., 2023). The core 

constraint is not AI technological capability but the limited integration of AI into 

governance, coordination, and execution systems that support the implementation of 
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corporate strategy (Meske et al., 2022). Arakpogun et al. (2021) described this challenge 

as “AI readiness without embeddedness,” where corporate organisations invested in AI 

infrastructure and technical capabilities but achieved limited strategic impact because AI 

was integrated into core decision making and institutional processes only to a limited 

extent. Therefore, this contrast between high AI adoption and persistent execution strain 

positions South Africa as a relevant boundary context for exploring execution architectures 

that enable or constrain the implementation of AI enabled corporate strategy. 

 

 

1.5 Scope and Contribution of the Study 

 

This study examined how AI became embedded within execution architectures and how 

variation in embedment depth shaped the enactment of coordinated corporate  level 

strategy implementation in South African multi business corporate organisations. The 

focus was on diversified corporates that had already adopted AI, enabling the study to 

examine embedment beyond early stage implementation. These conditions created a 

context in which differences in execution architecture integration could be understood 

through participants’ experiences, interpretations, and organisational practices. The study 

contributed an interpretive account of execution architectures by examining how AI 

integration was enacted, negotiated, and stabilised in everyday organisational life. Rather 

than treating AI as a purely technical capability, the study approached embedment as a 

socially and structurally mediated process shaped by governance integration, decision  

making redesign, performance incorporation, institutionalised learning, and legitimacy 

reinforcement. Through this lens, the study extended corporate strategy implementation 

scholarship beyond issues of technological adoption towards a deeper, practice  based 

understanding of how structural integration and organisational durability were constructed 

under conditions of volatility and interdependence. 

 

Two complementary theoretical perspectives guided this research, offering a multi layered 

explanation of AI as a dynamic enabler of strategy implementation. The Resource Based 

View (RBV) holds that sustainable advantage arises from resources that are valuable, 

rare, inimitable, and non substitutable (VRIN). Applied to AI, this perspective highlights 

that competitive value emerges when AI is embedded in corporate specific processes, 

data infrastructures, and decision routines that competitors cannot easily replicate (Barney 

et al., 2021; Zahra, 2021). Dynamic Capability Theory (DCT) extends this logic by framing 
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AI as a reconfiguration mechanism that enables corporate organisations to sense 

environmental shifts, seize opportunities, and transform resources in response to 

turbulence (Helfat, 2022). However, neither RBV nor DCT specifies how AI enabled 

capabilities become anchored in organisational arrangements that sustain coordinated 

action at the corporate level. This study, therefore, explored how AI became embedded 

within execution architectures and how variation in embedment depth shaped the 

implementation of coordinated corporate level strategy within South African multi business 

corporate organisations. The focus was on diversified corporates that had already adopted 

AI, enabling examination of embedment beyond early stage implementation. This created 

a context in which differences in execution and architecture integration could be 

understood through organisational experiences, interpretations, and practices. The study 

provided an account of execution architectures by examining how AI integration was 

enacted, negotiated, and stabilised in organisational settings. The analysis treated AI 

embedment as a socially and structurally mediated process shaped by governance 

integration, decision making redesign, performance incorporation, institutionalised 

learning, and legitimacy reinforcement. Through this perspective, the study advanced 

corporate strategy implementation research by shifting attention from AI technological 

adoption to a deeper understanding of how structural integration and organisational 

durability were constructed amid volatility and interdependence. 

 

1.5. Research Delimitations 

 

The study focuses on South African multi business corporate organisations with 

operational AI initiatives and does not assess AI model performance, algorithmic 

accuracy, or ethical compliance as standalone technical issues. Instead, the unit of 

analysis is the execution architecture, specifically the governance structures, decision  

making arrangements, coordination mechanisms, and performance systems through 

which AI enabled capabilities are integrated into corporate strategy implementation. The 

research is limited to AI embedment at the corporate level and does not analyse start ups, 

public sector entities, or small corporates. 

 

1.6. Definition of Terms 

 

• Execution Architecture: The system of formal and informal organisational 

arrangements, including governance forums, decision making rights, 
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coordination mechanisms, escalation processes, and performance systems, 

through which corporate strategic intent is translated into coordinated action 

(Tawse & Tabesh, 2021; Friesl et al., 2021). 

• AI Embedment: The extent to which AI enabled capabilities are structurally 

integrated into execution architectures, thereby shaping governance 

processes, decision making routines, and cross functional coordination over 

time (Raisch & Krakowski, 2021). 

• Corporate Strategy Implementation: The coordinated implementation of 

strategic priorities set at the corporate level, that is, the parent or headquarters 

level of a diversified organisation, where decisions on overall direction, 

governance, and resource allocation shape actions across multiple business 

units (Menz et al, 2021). 

 

1.7. Assumptions 

 

This study assumes that participants hold professional roles that provide sufficient visibility 

into AI initiatives within their organisations, enabling examination of embedment rather 

than initial adoption readiness. It further assumes that execution architectures vary across 

organisational contexts and that this variation is reflected in how participants describe the 

integration of AI enabled capabilities into the implementation of coordinated corporate 

strategy. 
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2. Chapter 2: Literature Review 

 

2.1. Corporate Strategy  

 

Corporate strategy was traditionally regarded as the highest form of organisational 

direction, setting the portfolio’s scope, determining how business units were structured, 

and guiding resource allocation to sustain competitive advantage (Barney et al., 2021). 

Scholars also examined how corporate intent was formed and how authority was 

organised within multi‑business corporate organisations (Menz et al., 2021). In contrast, 

several scholars noted that much of corporate strategy research focused primarily on 

structure as the main mechanism through which organisations achieved coordination 

(Kunisch et al., 2020; Tawse & Tabesh, 2021). This focus on corporate structure design 

created the impression that once strategic priorities were defined and corporate structures 

were specified, coordinated action would naturally follow (Menz et al., 2021). While this 

perspective strengthened understanding of corporate‑level design, it offered limited insight 

into how interdependent business units aligned their activities in practice. These 

limitations became more evident in corporate environments where business units were 
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dependent on one another, competed for shared resources, faced cross‑boundary 

trade‑offs, or relied on complementary capabilities (Menz et al., 2021). Therefore, the key 

tension lies between formal design and the coordination that occurs in day ‑to‑day 

organisational practice. Although corporate strategy theory provided strong explanations 

of intent formation and resource allocation, it offered far less explicit theorisation of the 

organisational systems that maintained coordinated action across interdependent units 

once strategic direction had been set (Kunisch et al., 2020; Menz et al., 2021). 

 

2.2. Corporate strategy implementation Gap 

 

Tawse and Tabesh (2021) argued that corporate strategy implementation and execution 

are distinct processes. Implementation concerns the planned design of governance 

structures, decision making allocations, and coordination processes intended to move 

strategic intent through organisational levels. In contrast, execution concerns how these 

arrangements are enacted in practice. Friesl et al. (2021) further indicated that corporate 

strategy execution often occurs under conditions of interdependence, time pressure, and 

competing priorities, highlighting the complexity of the day to day realities of corporate 

organisations. This contrast exposed a central coordination problem at the corporate level: 

high failure rates reflected persistent difficulty in converting strategic intent into sustained, 

organisation wide action, yet offered limited insight into which coordination mechanisms 

were failing (Kunisch et al., 2020; Friesl et al., 2021). These challenges were especially 

evident in corporates where business units were dependent on one another, competed for 

shared resources, faced cross boundary trade offs, and relied on complementary 

capabilities (Menz et al., 2021). Hence, structural clarity did not guarantee coordinated 

action; instead, the gap between formal strategy design and practical coordination 

became increasingly pronounced (Kunisch et al., 2020; Friesl et al., 2021). Tawse and 

Tabesh (2021) described this poorly specified organisational space as the “missing 

middle,” referring to the arrangements that link the articulation of strategic intent to the 

execution of coordinated and adaptive action over time. The “missing middle" challenge 

redirected analytical attention to governance forums, decision processes, escalation 

pathways, and cross unit interfaces as the systems through which alignment is enacted in 

practice (Menz et al., 2021). Execution architecture theory, therefore, shifted focus away 

from structure alone and towards the organisational systems that sustain coordination in 

daily work. Corporate coordination became effective only when these mechanisms were 

enacted consistently, reinforced through feedback, and treated as binding under pressure. 
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When enactment was weak, strategic intent remained formally specified yet became 

operationally unstable, resulting in fragmentation and drift (Tawse & Tabesh, 2021; Friesl 

et al., 2021). Despite these advances, a theoretical gap remained. Execution architecture 

theory clarified how coordination mechanisms were configured but offered a limited 

explanation of how variation in their institutionalisation depth influenced coordinated 

performance under technological change and rising interdependence (Tawse & Tabesh, 

2021; Menz et al., 2021). This unresolved tension created a need for deeper insight into 

how execution architectures operate in practice, particularly as corporate organisations 

confront increasingly volatile and interdependent environments. 

 

2.3. Execution Architecture Maturity and Variation 

 

Execution architecture maturity refers to the extent to which coordination mechanisms are 

consistently applied and treated as binding in everyday organisational practice (Tawse & 

Tabesh, 2021; Friesl et al., 2021). As Tawse and Tabesh (2021) argued, many corporate 

organisations establish formal governance structures to support strategy implementation; 

however, their existence does not guarantee coordinated action across interdependent 

units, and structural design alone often proves insufficient when trade offs intensify and 

decision pressure increases. The critical question is whether governance frameworks 

actively shape behaviour when strategic tensions escalate, as governance maturity 

depends on enforceability and the capacity of coordination mechanisms to influence 

strategic decision making under pressure (Kunisch et al., 2020; Tawse & Tabesh, 2021). 

Repeated enactment of coordination structures can stabilise behaviour under predictable 

conditions; however, coordination stability weakens as informational velocity and 

interdependence increase (Hanelt et al., 2021). Rising organisational complexity exposes 

the limits of formally designed coordination systems, as processes that appear reliable 

during routine operations often fail to retain authority when high stakes resource decisions 

are required (Kunisch et al., 2020). This distinction creates a need to differentiate 

corporate strategy institutionalisation from stabilisation, where institutionalisation refers to 

the repeated use of governance forums, escalation pathways, and decision making 

structures. In contrast, stabilisation concerns whether these mechanisms retain authority 

when challenged by conflicting priorities or user time pressures (Kunisch et al., 2020). 

Stabilisation is evident when clear thresholds trigger compulsory review, decision rights 

limit individual overrides, and governance processes are adapted in response to new 

information (Friesl et al., 2021). By contrast, weak stabilisation occurs when coordination 
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relies heavily on managerial discretion, leading to inconsistent application of escalation 

rules (Tawse & Tabesh, 2021). In such circumstances, escalation procedures that appear 

coherent in policy documents fail to shape real trade off decisions, creating a gap between 

governance in design and governance in use, as coordination practices are applied 

unevenly across corporate organisations (Zeng et al., 2023; Menz et al., 2021). Corporate 

organisations often follow procedures formally but struggle to align decisions across 

interdependent units, whereas others with similar governance structures achieve stronger 

alignment because authority is interpreted and enforced more consistently (Kunisch et al., 

2020; Tawse & Tabesh, 2021). The divergence in stabilisation is especially important 

when AI becomes part of execution architectures. AI enabled decision systems rely on 

clear authority boundaries, disciplined escalation, and consistent coordination routines to 

shape consequential decisions. Where stabilisation is weak, AI remains peripheral and 

easily overridden; where stabilisation is strong, AI outputs become part of the binding 

decision making process. Therefore, the institutionalisation–stabilisation distinction 

provides the conceptual foundation for understanding why AI embedment varies across 

corporate organisations and why similar governance structures produce different 

execution outcomes. As complexity increases, organisations frequently add governance 

layers such as steering committees, corporate forums, and cross unit councils. However, 

more structures do not necessarily produce better coordination; additional layers increase 

interaction without improving escalation discipline or sequencing clarity (Menz et al., 

2021). Coordination that appears coherent in documentation often weakens under time 

pressure when authority boundaries remain ambiguous (Friesl et al., 2021). By contrast, 

organisations with fewer structural layers sustain coherence when authority is consistently 

applied across units (Tawse & Tabesh, 2021). Higher execution architecture maturity is 

characterised by stable authority, disciplined escalation, consistent application of decision 

rights, and shared performance systems that reinforce cross unit alignment (Friesl et al., 

2021; Tawse & Tabesh, 2021). Under high maturity, coordination evolves through ongoing 

feedback, cross unit dialogue, and reflection on emerging performance signals. Managers 

review results, clarify trade offs, recalibrate thresholds, and adjust decision practices as 

new information surfaces, so coordination functions as a continuous learning system 

(Friesl et al., 2021; Kunisch et al., 2020). Therefore, execution architectures that embed 

regular review cycles and cross unit adjustment mechanisms are better able to absorb 

rapid information flows without weakening authority (Tawse & Tabesh, 2021; Hanelt et al., 

2021). Ultimately, differences along the maturity continuum are shaped by the interaction 

between institutionalisation and stabilisation. Governance designs are limited in their 
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ability to produce corporate strategy execution capability; organisations vary in their ability 

to execute effectively depending on whether coordination mechanisms retain authority 

when strategic pressure intensifies (Tawse & Tabesh, 2021; Friesl et al., 2021). 

 

2.4. Escalation Discipline as Coordination Infrastructure  

 

Research into execution architecture showed that coordinated action in corporations 

depended on how governance forums, decision rights, and cross unit interactions were 

organised (Tawse & Tabesh, 2021; Friesl et al., 2021). However, formal decision making 

structures often failed to ensure that interdependent trade offs between business units 

were properly escalated and resolved. In practice, structural design provided the 

framework for coordination but did not guarantee that it occurred when it was most 

needed. Even with well defined corporate structures, coordination frequently broke down 

under pressure, indicating that structure alone was insufficient for effective execution 

(Kunisch et al., 2020). To address this limitation, the concept of escalation discipline 

emphasised the importance of enforcing governance rules as coordination pressures 

increased. It examined whether escalation thresholds were triggered when required, 

whether decision processes followed the intended sequence, and whether decision right 

boundaries prevented managers from bypassing agreed governance procedures as 

disagreements intensified (Friesl et al., 2021; Tawse & Tabesh, 2021). From this 

perspective, coordinated corporate action depended not only on the presence of 

governance structures but also on the consistent activation and enforcement of escalation 

mechanisms under conditions of interdependence. Thus, the focus was on whether 

escalation thresholds were triggered when required, whether decision processes followed 

the correct sequence, and whether decision right boundaries prevented managers from 

bypassing agreed governance rules as disagreements emerged (Friesl et al., 2021; 

Tawse & Tabesh, 2021). The relevance of escalation discipline became even more 

pronounced as AI enabled systems increased informational tempo and cross unit visibility. 

Predictive analytics expanded transparency, accelerated decision cycles, and heightened 

interdependence across business units, thereby generating more frequent and time 

sensitive trade off decisions that could not be resolved informally. As information moved 

faster, interdependent decisions appeared more often and needed to be resolved more 

quickly. In these conditions, escalation discipline became more than a supporting feature 

of the execution architecture; it became a key factor in determining whether strategy could 

be coordinated effectively (Hanelt et al., 2021; Kunisch et al., 2020). When escalation 
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norms were followed, predictive signals were translated into enterprise level decisions. 

When they were not, conflict remained at the local level or was settled informally, thereby 

weakening coordination across business units. In these situations, escalation procedures 

that looked clear in policy documents did not influence actual trade off decisions, revealing 

gaps between governance as written and governance as practised (Zeng et al., 2023). 

Coordination practices were also applied unevenly across corporate organisations (Menz 

et al., 2021). Some  corporate organistation followed formal procedures yet struggled to 

align decisions across interdependent units, whereas others with similar governance 

structures achieved stronger alignment because authority was interpreted and enforced 

more consistently (Kunisch et al., 2020; Tawse & Tabesh, 2021). As complexity increased, 

organisations often added governance layers such as steering committees, enterprise 

forums, and cross unit councils (Menz et al., 2021). However, additional structures did not 

necessarily improve escalation discipline; although interaction increased, sequencing 

clarity and decision authority often remained ambiguous. Coordination that appeared 

coherent in documentation weakened under time pressure when authority boundaries 

were unclear (Friesl et al., 2021). In contrast, organisations with fewer structural layers 

sustained coherence when authority was consistently applied across units (Tawse & 

Tabesh, 2021). Higher execution architecture maturity was characterised by stable 

authority, disciplined escalation, consistent application of decision rights, and shared 

performance systems that reinforced cross unit alignment (Friesl et al., 2021; Tawse & 

Tabesh, 2021). When execution architectures were highly mature, coordination improved 

because teams used ongoing feedback, cross unit conversations, and regular reflection 

on performance signals. Managers reviewed results, discussed trade offs, adjusted 

thresholds, and revised their decision making practices as new information became 

available (Friesl et al., 2021; Kunisch et al., 2020). In this way, coordination worked like a 

continuous learning system rather than a fixed set of rules. Therefore, execution 

architectures that were built with regular review cycles and cross unit adjustments were 

better able to handle fast moving information without weakening authority (Tawse & 

Tabesh, 2021; Hanelt et al., 2021). 

 

2.5. Corporate Strategy Implementation in the Digitalisation Era 

 

Digital transformation, particularly the faster flow of information driven by AI, has increased 

the coordination demands on execution architectures in multi business organisations with 

high interdependence (Hanelt et al., 2021). Digital transformation, therefore, served as a 
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practical stress test of the maturity of execution architecture, revealing whether 

coordination mechanisms were actively used or merely documented (Zeng et al., 2023). 

Consequently, digitalisation created disruptions as decision cycles accelerated and 

governance forums designed for periodic review were increasingly confronted with real 

time information, altering the pace and structure of coordination across corporate 

organisations (Friesl et al., 2021). As information began moving faster within the corporate 

organisation, additional pressure was placed on the execution architectures, which were 

required to interpret and prioritise multiple signals while maintaining cross unit coherence. 

When governance processes could not keep up with the speed of information flows, issues 

circulated without producing timely or binding corporate level decisions. Recent AI 

research often positioned adoption levels and analytical strength as primary drivers of 

organisational performance, and capability building was presented as a natural 

progression in which deeper data systems, more accurate models, and wider deployment 

were expected to deliver higher productivity and stronger competitive positions 

(Brynjolfsson et al., 2021; Mikalef et al., 2021). Over time, analytical intensity came to be 

treated as a proxy for strategic maturity, creating the expectation that organisations 

investing earlier or more aggressively would outperform their peers. This logic depended 

on the belief that technical deployment would automatically generate coordinated 

organisational outcomes. However, empirical studies challenged this view, and Enholm et 

al. (2022) and Meske et al. (2022) found that organisations with similar levels of AI 

adoption often achieved very different corporate level results. Some  corporate 

organistation kept predictive tools confined to functional silos, even with advanced 

systems in place, while others gained broader benefits from far fewer applications. 

Adoption levels did not reliably predict coordinated execution, and the inconsistency 

reflected structural issues. The contrast became clearer when AI capability research was 

compared with work on execution architectures. AI studies focused on model 

performance, system integration, and oversight, while strategy implementation research 

examined how governance forums, decision making roles, and escalation norms 

supported cross unit alignment (Tawse & Tabesh, 2021; Friesl et al., 2021). The distinction 

is critical because adding AI tools to workflows did not automatically change authority 

boundaries, adjust escalation rules, or alter governance processes. Hence, information 

could move between units without gaining organisational significance when AI outputs 

were only advisory, and their effects remained local. When these outputs informed formal 

discussions and guided strategic choices, they carried organisational weight and 

influenced decisions across the corporate (Christie & Tippmann, 2024; Friesl et al., 2021). 
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However, the differences pointed to a broader literature gap: AI governance research has 

highlighted oversight and transparency but focuses mainly on risk and compliance, with 

limited attention to how coordination was maintained (Birkstedt et al., 2023). The 

challenge was that AI adoption alone could not explain coordinated outcomes, hence the 

shift in attention to how AI generated decision inputs were integrated into corporate 

strategic implementation.  

 

 

 

2.6. Authority Redistribution Under AI Conditions  

 

Execution architecture research has traditionally focused on how decisions move through 

governance forums, escalation pathways, and cross unit interfaces. However, it paid far 

less attention to how the introduction of AI changes the authority on which these 

mechanisms rely (Enholm et al., 2022). Earlier work assumed that formal authority 

structures and decision sequences would remain aligned and operate smoothly. However, 

once AI generated outputs entered strategic processes, this alignment became far less 

predictable (Friesl et al., 2021). Organisations began relying more heavily on data driven 

triggers, and escalation thresholds increasingly reflected algorithmic recommendations. 

As algorithmic influence expanded, the space for managerial judgement narrowed. It 

therefore became critical for governance structures to adapt. Where they did not, two 

parallel sources of decision making authority emerged: one based on human judgment 

and the other on AI outputs, with limited guidance on which should take precedence 

(Enholm et al., 2022). 

This situation created more than uncertainty; it directly weakened the enforceability of 

decision rights. Business units could selectively use either managerial judgement or 

algorithmic evidence to support their preferred positions, making cross unit coordination 

more difficult. In this sense, conflicting sources of authority emerged not because of 

individual behaviour, but because the execution architecture itself produced inconsistent 

authority signals. Although hybrid human–AI decision making is often treated as an 

optimisation issue centred on accuracy or bias (Fügener et al., 2022), the deeper 

challenge was structural. When AI began influencing decisions, governance processes 

needed to adjust; otherwise, escalation discipline weakened, and organisational alignment 

suffered. Under algorithmic conditions, governance maturity needed to be robust, as 

formal structures often appeared sound in design but operated inconsistently in practice 
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(Zeng et al., 2023). Redistributing authority required redesigning governance architecture, 

not simply encouraging managers to behave differently. Stabilising execution in an AI 

enabled environment depended on integrating algorithmic influence into the structures 

and routines that guided decision making. Organisations that introduced data triggered 

review points, clarified override rules, and embedded model governance practices into 

decision forums were more likely to see authority realigned and coordination improve 

(Tawse & Tabesh, 2021; Pitelis et al., 2024). In contrast,  corporate organistation that did 

not adjust their governance structures found that predictive systems increased 

disagreement and blurred responsibility, exposing structural weaknesses even when their 

AI technology was advanced (Enholm et al., 2022). 

These insights have significant theoretical implications. Execution architecture theory 

views stable authority as essential for coordinated corporate action. AI made this stability 

conditional. While AI expanded an organisation’s sensing and predictive capacity (Raisch 

& Krakowski, 2021), it also reshaped the authority structures that turn insights into binding 

decisions. Differences in execution outcomes, therefore, reflected not only how widely AI 

was adopted but also how effectively organisations recognised, formalised, and stabilised 

these shifts in authority. Under AI enabled conditions, authority coherence became 

something organisations had to actively maintain, rather than something guaranteed by 

formal structure alone (Friesl et al., 2021; Zeng et al., 2023). 

 

 

2.7. AI and Strategy Implementation 

 

Execution architecture theory explained decision making allocations as fixed by structure 

and supported by hierarchy, assuming that once authority boundaries were set, they 

would remain in place when units depended on one another (Tawse & Tabesh, 2021; 

Friesl et al., 2021). Coordination was therefore viewed as arising from clearly assigned 

decision rights, recognised governance forums, and consistent escalation steps, which 

together provided a predictable way to resolve trade-offs and keep units aligned (Friesl et 

al., 2021). As organisations adopted AI tools, changes became visible in everyday 

decision processes. Predictive dashboards often shaped attention before meetings even 

started, highlighting deviations, flagging risks, and triggering reviews when predefined 

thresholds were crossed (Christie & Tippmann, 2024). Formal decision rights did not 

disappear, but what felt urgent increasingly followed algorithmic signals. Hierarchical 

authority remained in place yet influence gradually shifted toward data driven outputs that 
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framed discussions and prioritised issues (Berente et al., 2021). The research on 

execution architecture described escalation channels and governance forums in detail but 

gave less attention to how changes in what counted as credible evidence could unsettle 

these arrangements. The theory assumed that formal authority and the sequencing of 

decisions would remain aligned (Friesl et al., 2021). AI adoption showed that this 

alignment was not automatic. Where escalation rules were formally updated to reflect 

predictive thresholds, coordination generally stabilised. Where governance structures 

were left unchanged, two sources of authority operated in parallel: managerial judgement 

and algorithmic recommendation, with no clear guidance on when one should override the 

other (Enholm et al., 2022).  

 

 

2.8. Execution Architectures, AI, and Sustained Competitive Advantage 

 

AI literature suggested that advanced analytics could become a source of competitive 

advantage; however, AI tools spread quickly and were relatively easy for competitors to 

access or replicate, which limited their value as standalone assets (Raisch & Krakowski, 

2021; Enholm et al., 2022). As a result, AI capabilities on their own delivered only short-

lived performance gains, because competitors could adopt similar tools quickly and the 

benefits faded unless predictive insights were incorporated into the organisation’s decision 

making processes (Enholm et al., 2022). In contrast, effective seizing necessitated 

synchronised commitment amid uncertainty, particularly as AI generated probabilities 

impacted escalation decisions and redefined authority boundaries (Raisch & Krakowski, 

2021; Christie & Tippmann, 2024). Reconfiguration added another layer, requiring that 

governance routines, decision roles, and coordination processes be changed continually  

as interdependencies changed (Helfat, 2022; Pitelis et al., 2024). Because of this,  

corporate organisations usually saw only short-term gains from AI unless they built 

predictive insights into their everyday decision-making processes (Enholm et al., 2022).In 

diversified corporate organisation where units depend on one another, the real 

differentiator was not the algorithm itself but the execution architecture that linked sensing, 

seizing, and reconfiguration across the portfolio (Pitelis et al., 2024; Laamanen et al., 

2025; Friesl et al., 2021). 

AI broadened organisational sensing by helping managers detect risks, opportunities, and 

cross‑unit connections more quickly (Raisch & Krakowski, 2021). However, faster sensing 

did not automatically create better performance. Without disciplined review forums, 
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managers became overloaded with agendas, priorities shifted constantly, and tensions 

grew between units (Menz et al., 2021; Enholm et al., 2022). In contrast, effective seizing 

required organisations to commit to decisions even in the face of uncertainty, especially 

as AI generated insights began to influence escalation decisions and shift authority 

boundaries (Raisch & Krakowski, 2021; Christie & Tippmann, 2024). Reconfiguration 

added another challenge, as organisations needed to continuously adjust governance 

routines, decision roles, and coordination processes as relationships and 

interdependencies between units evolved (Helfat, 2022; Pitelis et al., 2024). 

In this context, execution‑architecture maturity became the pivotal factor. Less mature 

architectures struggled: faster sensing collided with weak coordination, causing constant 

shifts in priorities and encouraging units to optimise locally rather than align 

enterprise‑wide (Friesl et al., 2021; Enholm et al., 2022). More mature architectures 

performed very differently. Predictive signals were stabilised through clear escalation 

rules, structured deliberation forums, and consistent authority arrangements. AI‑supported 

decisions then became repeatable, corporate‑level actions instead of scattered local 

responses (Zeng et al., 2023; Menz et al., 2021). The contrast highlighted a deeper point: 

long term advantage depended less on the AI model's technical strength and more on 

how organisations structured their governance systems. However, where it became 

difficult to copy AI is the everyday practices through which teams interpreted predictions, 

escalated issues, and aligned decisions across business units (Friesl et al., 2021; 

Laamanen et al., 2025). Sustained advantage, therefore, emerged only when execution 

architectures were mature enough to connect AI signals with coordinated strategic action. 

When execution architecture maturity was low, AI remained on the margins, producing 

only small, short lived improvements. When maturity was higher, AI became embedded 

in stable organisational routines, which allowed organisations to sense changes more 

effectively, make aligned strategic commitments, and continuously adjust their 

coordination processes across interdependent units (Helfat, 2022; Pitelis et al., 2024). 

Therefore, execution architecture maturity was the structural mechanism that allowed AI 

capabilities to translate into a durable corporate advantage. 

 

2.9. Micro foundations of Execution Under AI Enabled Conditions 

 

 

Early research on execution architectures focused on governance structures, coordination 

mechanisms, and the allocation of decision rights at the organisational level. However, 
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this structurally oriented view left unresolved how these architectures translated into 

everyday managerial practice (Friesl et al., 2021; Tawse & Tabesh, 2021). In contrast to 

design centred assumptions that execution systems would operate automatically once 

established, microfoundational studies demonstrated that organisational capabilities 

materialised only through the cognition, judgement, and interaction of individuals working 

within these systems (Felin et al., 2022; Santangelo et al., 2021). From this perspective, 

execution architectures did not replace managerial agency; instead, they conditioned how 

managers interpreted strategic intent, exercised discretion, and coordinated 

interdependent work (Christie & Tippmann, 2024; Tawse & Tabesh, 2021). 

When these architectures were only weakly enacted, coordination failures emerged even 

where governance structures appeared robust on paper, exposing a persistent gap 

between designed systems and execution in practice (Menz et al., 2021; Santangelo et 

al., 2021). Execution architectures, therefore, functioned as enabling constraints, guiding 

but not determining managerial behaviour (Tawse & Tabesh, 2021; Felin et al., 2022). 

This stood in contrast to behavioural explanations that attributed execution gaps to 

resistance or misalignment. Instead, microfoundational research located breakdowns in 

the interplay between organisational systems and managers’ sensemaking processes 

(Felin et al., 2022; Christie & Tippmann, 2024). Christie and Tippmann (2024) further 

showed that strategic intent shifted as it travelled through organisational layers, with 

managers continuously reinterpreting priorities in light of local conditions, incentives, and 

time pressures. Without shared interpretive frames or structured interaction mechanisms, 

execution architectures failed to stabilise meaning, resulting in fragmented enactment 

across business units (Santangelo et al., 2021; Tawse & Tabesh, 2021). 

 

AI adoption intensified these microfoundational dynamics by transforming the cognitive 

and interactional processes through which execution architectures operated (Raisch & 

Krakowski, 2021; Schrage & Kiron, 2025). Unlike traditional information systems that 

merely supported decision making, AI systems performed sensing, analysis, and 

recommendation functions, reshaping how managers identify problems, allocate attention, 

and assess strategic options (Laamanen et al., 2025; Raisch & Krakowski, 2021). This 

redistribution of cognitive responsibilities shifted the balance between human judgment 

and organisational control, as AI systems affected the information managers encountered 

and the decision environments in which they interpreted it (Schrage & Kiron, 2025; 

Berente et al., 2021). Where execution architectures lacked clear delegation rules, 

validation procedures, and escalation rights for AI assisted decisions, managers often 



 28 

found themselves in an uncomfortable bind with no guidance on how to interpret 

algorithmic outputs. Some leaned too heavily on AI recommendations, while others 

rejected them outright, unable to integrate them into existing routines (Berente et al., 2021; 

Vössing et al., 2022). These divergent responses fractured coherent enactment, 

weakening coordinated corporate action across units (Vössing et al., 2022; Menz et al., 

2021). By contrast, organisations that intentionally embedded AI into execution 

architectures, both procedurally and technologically, created far more stable conditions 

for managerial engagement with AI. Rather than expecting managers to “figure it out,” 

these organisations defined clear human–AI interaction protocols, specifying who owned 

which decisions, when algorithmic recommendations should be accepted or challenged, 

and how disagreements or uncertainties should be escalated (Fügener et al., 2022; 

Raisch & Krakowski, 2021). These structured protocols reflected the broader 

microfoundational insight that effective human–AI collaboration depended not only on 

technical integration but also on the institutionalisation of roles, boundaries, and 

interaction routines (Felin et al., 2022; Raisch & Krakowski, 2021). As a result, hybrid 

decision processes stabilised, and AI insights strengthened and extended managerial 

judgement, creating a more decisive and coordinated execution environment (Fügener et 

al., 2022; Raisch & Krakowski, 2021). Managers gained access to richer analytical signals, 

and because their roles and rights were unambiguous, they could integrate these signals 

confidently into day to day decisions. This clarity strengthened everyday execution, 

helping managers use AI in ways that stayed aligned with strategic priorities. It gave them 

a clearer sense of when to rely on AI, when to pause, and how to move decisions forward 

with confidence. 

 

Evidence from experimental and field studies made this even clearer. Hybrid human–AI 

teams performed better than either humans or algorithms working alone, but only when 

task ownership, delegation boundaries, and override rights were spelt out plainly and 

consistently (Fügener et al., 2022). These findings challenged the common idea that 

“better algorithms” automatically lead to better execution. In practice, the way the 

organisation was set up shaped how well AI could contribute, influencing whether 

algorithmic insights brought teams together or pulled them apart (Krakowski et al., 2023; 

Raisch & Krakowski, 2021). When execution architecture was strong, AI became a real 

strategic asset. When it was weak, AI created confusion, delays, and mixed signals across 

the corporation. Furthermore, trust and explainability also played an important role in how 

managers used AI. Therefore, when AI systems had less transparency in how the outputs 
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were generated, managers often reacted in extreme ways. Some managers relied entirely 

on the AI, while others avoided it altogether. Both responses made execution more difficult 

and reduced consistency across teams (Rai et al., 2021; Shin, 2023). In contrast, 

explainable AI helped managers understand why certain recommendations were 

produced, allowing them to question, interpret, and apply AI insights more carefully in their 

specific context. In this way, explainability made AI easier to manage and integrate into 

organisational decision making (Rai et al., 2021; Shin, 2023). When explanation standards 

and escalation pathways were built into governance processes, AI supported decisions 

remained aligned with existing authority structures. This helped maintain coordination 

across the organisation and strengthened strategy implementation (Christie & Tippmann, 

2024; Tawse & Tabesh, 2021). 

 

Overall, microfoundational research showed that execution architectures succeeded 

under AI enabled conditions not through technical integration alone, but through the 

institutionalisation of interaction routines, sensemaking practices, and accountability 

mechanisms that enabled humans and algorithms to act as coordinated decision making 

agents (Felin et al., 2022; Raisch & Krakowski, 2021). Without these microfoundational 

conditions, AI adoption amplified variation in interpretation and action, exacerbating rather 

than resolving longstanding execution gaps (Enholm et al., 2022). Thus, analysing AI 

enabled execution architectures required attention not only to organisational design but 

also to the micro level processes through which governance, coordination, and human–

AI collaboration were enacted, particularly in multi business settings where authority was 

distributed and decision cycles were compressed (Tawse & Tabesh, 2021; Menz et al., 

2021). 

 

2.10. Data Management Maturity as a Prerequisite for Execution Architectures 

 

Execution architecture research initially emphasised governance forums, decision making 

allocations, and escalation processes as the key mechanisms linking strategy to 

coordinated action (Friesl et al., 2021; Menz et al., 2021). Tawse and Tabesh (2021) 

described these mechanisms as the core infrastructure supporting alignment. However, 

this structural focus gave limited attention to informational coherence, even though 

information flows directly shaped how coordination worked. In data intensive and 

interdependent environments, this assumption became limiting. Coordination depended 

not only on structural design but also on whether participants worked from a shared and 
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stable evidence base (Kunisch et al., 2020). In diversified portfolios, performance metrics 

and forecasting models often guided prioritisation and resource allocation (Menz et al., 

2021). When these metrics were contested, governance forums shifted from adjudication 

to negotiation, with business units defending their positions using different datasets, 

demonstrating that control over definitions and data lineage shaped how issues were 

interpreted (Otto et al., 2023). As a result, coordination weakened due to a fragmented 

evidence base. Consequently, execution architectures retained their formal design but lost 

coherence in practice (Friesl et al., 2021; Tawse & Tabesh, 2021). In contrast, early AI 

readiness studies focused mainly on technical infrastructure, computational capacity, and 

analytical tools, and later research shifted attention to data governance, highlighting the 

importance of clear ownership, accountable stewardship, shared definitions, and 

transparent data lineage for reducing interpretive drif t and supporting legitimate 

governance decisions (Brynjolfsson et al., 2021). In this view, data governance maturity 

served as a supporting condition for effective execution architecture (Otto et al., 2023; 

Raisch & Krakowski, 2021). 

Enholm et al. (2022) suggested that AI often amplifies existing coordination weaknesses. 

They found that AI systems could reproduce inconsistencies in data, processes, or 

decision rules while presenting their outputs as objective and technically credible. As a 

result, flawed patterns risked becoming stabilised rather than corrected. 

 

Raisch and Krakowski (2021) extended this argument by showing that algorithmic 

authority does more than support decision making; it reshapes what counts as valid 

evidence in governance forums. When predictive outputs are treated as analytically 

superior or more “neutral” than managerial judgment, the standards by which proposals 

are evaluated begin to shift. Over time, this recalibration of evidentiary norms alters how 

authority is exercised, contested, and legitimised within organisational decision systems. 

As information moved faster, sensing accelerated more quickly than evidentiary 

alignment, creating a growing coordination burden (Hanelt et al., 2021). When shared 

standards were weak, interpretive divergence appeared before formal review (Felin et al., 

2022). In contrast, where standards were institutionalised, disagreements were contained, 

and coordination remained stable (Otto et al., 2023). 

Data governance maturity, therefore, acted as a structural precondition for AI enabled 

execution. It stabilised meaning, supported legitimate decision making, and enabled 

predictive signals to translate into coordinated corporate level action (Friesl et al., 2021; 

Pitelis et al., 2024). Without strong evidentiary discipline, governance forums risked 
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maintaining the appearance of alignment, holding regular meetings, reviewing 

dashboards, and formally recording decisions, despite the substantive basis of 

coordination being weakened beneath the surface (Tawse & Tabesh, 2021; Enholm et al., 

2022). 

 

2.11. Corporate Culture as an Informal Execution Architecture 

 

Corporate Culture as an Informal Execution Architecture (Clean Version). Research on 

execution architectures has largely focused on formal governance frameworks and 

coordination protocols, often overlooking the cultural contexts in which these systems are 

interpreted and enacted in everyday organisational life (Friesl et al., 2021; Christie & 

Tippmann, 2024). In practice, formal rules do not operate in isolation. Corporate culture 

functions as an informal execution architecture that can either reinforce or quietly 

undermine formal decision making authority, accountability arrangements, and 

coordination practices across organisational units (Graham et al., 2022). Christie and 

Tippmann (2024) showed that culture shapes how managers perceive what is acceptable, 

expected, or risky, thereby influencing how judgments are exercised, how conflicts are 

handled, and how coordination unfolds across organisational boundaries. While formal 

governance systems specify who has authority and which procedures should be followed, 

culture provides the interpretive lens through which those rules are applied or selectively 

ignored in practice (Schein, 2010). 

When cultural norms reinforce transparency, shared responsibility, and cross unit 

collaboration, execution architectures are enacted more consistently, even under 

distributed authority (Gorton et al., 2022). By contrast, when cultures prioritise hierarchy, 

risk avoidance, or unit autonomy, formal coordination mechanisms are often bypassed or 

applied inconsistently, weakening enterprise level coherence (Mpete & Maier, 2024). 

Empirical evidence shows that identical governance templates yield divergent execution 

outcomes across cultural contexts, revealing a limitation in execution architecture theory, 

which has focused heavily on structural design while underspecifying how normative 

conditions shape enactment (Gorton et al., 2022; Mpete & Maier, 2024). Culture 

influences whether managers encourage or discourage escalation, whether data is shared 

or withheld, and whether enterprise level objectives are prioritised over local optimisation 

(Zaman, 2024). During an AI enabled transformation, culture plays an even more 

important role. Cultures that encourage experimentation, learning, and data driven 

decision making create conditions that facilitate embedding AI in execution architectures. 
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As a result, AI insights can cross units and inform corporate level decisions (Dubey et al., 

2022; Behl et al., 2022). These norms also make managers more willing to use digital 

tools and question established routines, thereby strengthening coordination practices and 

supporting a more flexible, adaptive sensemaking across the organisation (Raisch & 

Krakowski, 2021). In such environments, AI adoption often reinforces existing 

organisational processes because the culture supports the integration of new insights into 

day to day coordination rather than resisting them (Dubey et al., 2022; Behl et al., 2022). 

By contrast, hierarchical or risk averse cultures discourage healthy challenge of 

managerial authority and algorithmic recommendations, limiting the extent to which AI can 

be integrated into enterprise level execution systems (Berente et al., 2021; Raisch & 

Krakowski, 2021). In such settings, AI initiatives remain narrowly confined to functional 

silos, reflecting existing cultural patterns. As a result, even substantial investments in AI 

produce limited system wide effects because cultural barriers prevent algorithmic insights 

from informing cross unit coordination (Berente et al., 2021; Enholm et al., 2022). At the 

microfoundational level, culture provides shared interpretive frames that reduce 

differences in how managers understand strategic intent and algorithmic insights across 

organisational layers (Santangelo et al., 2021). When such meaning structures are weak, 

managers interpret governance arrangements inconsistently, leading to fragmented 

execution even when formal architectures appear robust (Tawse & Tabesh, 2021). 

Corporate culture, therefore, operates as a parallel coordination system, determining 

whether execution architectures produce coherent corporate action or devolve into 

localised optimisation (Santangelo et al., 2021; Tawse & Tabesh, 2021).  Execution 

Architectures as Adaptive, Learning Driven Systems  

Early research on execution architectures often treated coordination systems as stable, 

almost fixed structures designed to keep organisations aligned with established strategies 

(Tawse & Tabesh, 2021). This approach worked in predictable environments, but as 

conditions became more turbulent and digitalisation and AI accelerated decision ‑making, 

these assumptions quickly felt outdated. Managers were no longer operating in stable 

settings, and static systems struggled to keep pace with rapid change. Organisations 

increasingly need execution architectures that could adapt and respond, rather than 

simply enforce plans made under earlier conditions (Pitelis et al., 2024). A 

dynamic‑capabilities lens helped explain this shift, as effective execution architectures did 

far more than assign responsibilities; they created ways for teams to learn and adjust 

together, were built with feedback loops, repeated decision cycles, and simple learning 

routines that helped organisations recalibrate how they executed strategy as 
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circumstances changed (Laamanen et al., 2025). Holm et al. (2025) argued that these 

systems worked in two directions: they pushed strategic intent downward so that teams 

understood priorities, and they pulled insights upward from local operations so that leaders 

could see issues early, interpret signals, and use that learning to shape enterprise ‑level 

decisions. Without these feedback pathways, organisations often drift. Sensing and 

seizing activities occurred, but they failed to connect, and teams struggled to translate 

insights into coordinated action (Pedraja‑Rejas et al., 2025). Given this perspective, many 

organisations struggled not because they lacked information, but because they lacked 

structures that helped teams share, interpret, and act on information together 

(Pedraja‑Rejas et al., 2025). Adaptive execution architectures addressed this by creating 

governance forums for ongoing prioritisation, escalation mechanisms that resolved 

cross‑unit tensions quickly, and coordination processes that turned learning into routine 

practice (Pitelis et al., 2024). AI adoption made these needs even more urgent, and AI 

has dramatically expanded sensing and prediction capabilities. However, speed alone d id 

not produce learning; more often, insights gained from AI are siloed when there are no 

execution architectures or integration mechanisms, leaving local teams with more data 

but little influence on enterprise‑level decisions (Laamanen et al., 2025). Where 

architectures incorporated AI outputs into structured, feedback‑enabled forums, 

organisations were able to shift priorities, reallocate resources, and adjust coordination 

processes in line with changing conditions (Holm et al., 2025). The contrast was clear; 

execution architectures with strong adaptive capacity used AI to strengthen resilience and 

maintain strategic alignment. However, without these architectures, capacity became 

overwhelmed as rapid information flows outpaced decision routines, creating instability 

(Enholm et al., 2022). In these settings, AI adoption risked increasing volatility, reducing 

organisational coherence, and worsening strategic drift (Zhao et al., 2025). Overall, these 

developments reframed execution architectures as adaptive, learning‑driven 

infrastructures that connected dynamic‑capability processes to enterprise‑level coherence 

(Pitelis et al., 2024). Laamanen et al. (2025) further emphasised that effectiveness 

depended not only on the allocation of decision rights but also on how well organisations 

integrated feedback, built cross‑unit learning routines, and adjusted coordination 

mechanisms as interdependencies evolved. AI Embedment and Execution Architecture 

Maturity 

Execution architecture theory holds that coordinated corporate action depends on the 

institutionalisation of governance forums, decision making allocations, and escalation 

processes that support alignment across interdependent units (Tawse & Tabesh, 2021; 
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Friesl et al., 2021). From this perspective, technological capability alone cannot create 

sustained advantage unless it is embedded in repeatable and enforceable coordination 

systems. AI embedment, therefore, became a direct test of the maturity of execution 

architecture under conditions of faster information flow and stronger interdependence. 

At shallow levels of embedment, AI activity often sat on the margins of the organisation. 

Projects remained in analytics teams, innovation labs, or pilot initiatives, disconnected 

from routine governance practices (Enholm et al., 2022; Hanelt et al., 2021). Predictive 

tools improved operational accuracy and reporting, but core authority structures, 

escalation rules, and cross unit routines remained largely unchanged. In these situations, 

AI operated as a technical add on rather than a coordination mechanism shaping 

corporate level decisions. Adoption signalled experimentation, yet decision rights and 

portfolio discussions continued as before. As institutional theory notes, formal systems 

can exist without widespread use, making deployment appear symbolic rather than 

embedded in practice (Zeng et al., 2023). Deep embedment, by contrast, requires 

execution architectures that can turn predictive signals into binding organisational 

consequences. Algorithmic outputs entered recurring governance forums, structured trade 

off discussions, and formal escalation triggers, becoming consequential in corporate 

decision making (Raisch & Krakowski, 2021; Friesl et al., 2021). Under these conditions, 

AI influenced prioritisation, resource allocation, and cross unit coordination in regular and 

enforceable ways (Pitelis et al., 2024). Maturity determined whether predictive signals 

triggered mandatory review, reshaped authority allocations, and entered stabilised 

portfolio deliberations. Depth of institutionalisation ensured routinisation and 

enforceability, while adaptive capacity enabled recalibration of coordination mechanisms 

as interdependencies shifted. Progression from shallow to deep embedment was neither 

automatic nor linear, leaving corporate organisations at a partial stage of integration, 

where digital platforms and governance templates existed formally but were weakly 

enacted in everyday use (Menz et al., 2021; Zeng et al., 2023). As Tawse and Tabesh 

(2021) noted, coordination mechanisms could be clearly documented yet still fail in 

practice. These challenges intensified when algorithmic signals accelerated decision 

cycles and increased cross unit tensions. Variation in AI outcomes, therefore, reflected 

differences in the maturity of execution architecture. Effective embedment allowed AI to 

become part of everyday managerial practice, stabilising sensing, seizing, and 

reconfiguration across the corporate (Teece, 2018; Pitelis et al., 2024). Where maturity 

was shallow or fragmented, predictive systems increased information velocity without 

producing stable corporate level action, thereby amplifying fragmentation rather than 
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reducing it (Enholm et al., 2022). AI embedment was thus not a question of scaling 

technology but of institutionalising coordination. The decisive factor was not the number 

of deployed models but whether execution architectures could stabilise predictive 

authority across distributed units. Execution architecture maturity functioned as the 

organisational mechanism through which AI capabilities translated into sustained 

corporate level coordination (Friesl et al., 2021; Pitelis et al., 2024). AI embedment, in this 

sense, represented an architectural transformation. It required ongoing stabilisation, 

enforcement, and recalibration of governance, authority, and escalation systems across 

interdependent business units. Without execution architecture maturity, AI remained 

reversible and peripheral; with it, predictive systems became institutionalised components 

of coordinated corporate strategy implementation. Execution Architectures as 

Conditioning Mechanisms of Coordinated Action 

Corporate strategy research has long focused on how organisational structures are set 

up, treating portfolio design, authority rules, and resource allocation as the main ways 

large organisations achieve coordinated action (Menz et al., 2021; Barney et al., 2021). 

At the same time, work on dynamic capabilities describes adaptation as an organisation’s 

ability to sense changes and respond to them (Teece, 2018; Helfat, 2022). AI focused 

studies reinforced this view by showing that advanced analytics would improve decision 

quality, speed, and performance outcomes (Brynjolfsson et al., 2021; Mikalef et al., 2021). 

However, corporate organisations with stronger data infrastructure and analytics 

capabilities were better positioned to translate these tools into gains in forecasting 

accuracy, efficiency, and customer insight. Performance improvements depended not only 

on algorithms but also on their integration into managerial processes and strategic 

priorities. Across these perspectives, capability seemed to come first, with positive 

outcomes expected to follow. However, studies indicated that capability did not always 

lead to coordinated strategic action, even in organisations that had invested heavily in it 

(Friesl et al., 2021; Enholm et al., 2022). The theoretical gap, therefore, concerned not 

whether organisations developed analytical or adaptive capabilities, but why organisations 

with similar capabilities still diverged in corporate level coherence. 

Execution architecture theory repositioned coordination as an organisational 

accomplishment enacted through governance forums, decision making allocations, and 

escalation processes (Tawse & Tabesh, 2021). This shift moved attention away from 

formal structural design and towards the everyday governance practices that kept 

organisations aligned. Although these practices were institutionalised, they were not 

automatically effective. Hence, governance routines could persist in form but lose their 
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practical influence amid volatility and rapid information flows. Institutional arrangements 

did not guarantee authority that carried consequences (Zeng et al., 2023; Hanelt et al., 

2021). Understanding execution architectures as conditioning mechanisms helped clarify 

this ambiguity. The conditioning did not imply direct causation; it described the structural 

features that determined whether a capability became consequential at the corporate 

level. Execution architectures did not produce sensing or analytical capability themselves; 

instead, they shaped whether those capabilities were stabilised within decision processes 

that mattered. When authority limits were respected, escalation discipline was enforced, 

governance cadence kept pace with information speed, and performance tools channelled 

predictive outputs into recurring reviews, capability gained organisational impact (Friesl et 

al., 2021; Pitelis et al., 2024). Where these elements were weak, identical capabilities 

remained advisory, reversible, or trapped in local units despite similar technical maturity 

(Kunisch et al., 2020; Enholm et al., 2022).  

Structural density alone did not differentiate performance; enforceable coordination did. 

This conditioning logic also revealed blind spots across adjacent theories. The resource 

based view specified what made capabilities valuable but said little about the 

organisational systems needed to enact them collectively (Barney et al., 2021). Dynamic 

capabilities theory explained adaptation, but often assumed that coordination systems 

would absorb rapid sensing without destabilisation (Teece, 2018). AI governance literature 

discussed oversight and accountability, but often underplayed the fact that algorithmic 

outputs were routed through cross unit decision making routines (Raisch & Krakowski, 

2021). Across these traditions, the assumption that capability automatically produced 

durable corporate coherence was rarely questioned under algorithmic conditions. This gap 

became more important as AI compressed sensing cycles and surfaced cross boundary 

tensions more frequently (Hanelt et al., 2021). Faster signals did not guarantee 

coordinated response. In some organisations, predictive outputs triggered structured 

escalation and binding portfolio deliberation; in others, the same signals intensified 

fragmentation by encouraging local optimisation and timing conflicts (Enholm et al., 2022; 

Christie & Tippmann, 2024). This divergence could not be explained by technical depth 

alone. It reflected whether execution architectures kept authority stable under strain. 

Execution architectures, therefore, acted as conditioning systems that shaped how AI 

embedment unfolded. As capability expansion increased information speed and shifted 

informational authority, architectural stabilisation determined whether that speed was 

converted into coherent corporate level adjustment or dispersed into short term gains. 

Variation in AI enabled outcomes was thus less about analytical sophistication and more 
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about whether coordination infrastructures made predictive decision making binding 

across interdependent units. The analytical focus, therefore, moved from capability 

accumulation to the structural conditions that made capability strategically meaningful. 

South Africa as an Empirical Context: Institutional Fragility and AI‑Enabled Execution 

Execution‑architecture maturity did not develop in isolation. In emerging markets, the 

conditions required for stable coordination were significantly harder to sustain. Regulatory 

volatility, infrastructure gaps, and uneven organisational capabilities made it difficult for  

corporate organistation to maintain consistent governance routines (Arakpogun et al., 

2021; Ade‑Ibijola & Okonkwo, 2023). These pressures did more than slow digital or AI 

adoption they disrupted efforts to stabilise the governance routines required for deep AI 

embedment, making it harder for organisations to integrate new technologies into 

everyday decision‑making (Arakpogun et al., 2021; Ade‑Ibijola & Okonkwo, 2023). 

Infrastructure instability frequently broke escalation processes, making cross ‑unit 

coordination less reliable and harder to reproduce (Chilunjika et al., 2022; Mpete & Maier, 

2024). Hence, regulatory complexity often forced  corporate organistation to continually 

adjust who held decision making authority, making it difficult to maintain stable routines 

across the organisation (Tawse & Tabesh, 2021; Hanelt et al., 2021). Differences in skills 

across business units added another challenge. Some teams were able to work 

confidently with AI, while others were not, resulting in uneven use of AI insights in 

governance forums (Lee et al., 2023; Raisch & Krakowski, 2021). 

Studies of emerging markets also showed that institutional fragility widened gaps in 

authority, resources, and shared understanding across diversified  corporate organistation 

(Mpete & Maier, 2024; Arakpogun et al., 2021). This produced an important theoretical 

insight: institutional fragility widened the gap in execution‑architecture maturity, making 

the depth of AI embedment far more important for performance outcomes. 

Where coordination mechanisms were both institutionalised and routinely recalibrated, 

predictive systems were absorbed into corporate decision routines, even under volatile 

conditions (Pitelis et al., 2024; Holm et al., 2025). Where maturity was shallow, however, 

faster sensing only increased noise, pushing more information through the system without 

building alignment and leading to fragmented or conflicting responses (Enholm et al., 

2022; Hanelt et al., 2021). Consequently, performance variation depended less on the 

sophistication of AI models and more on the execution architecture’s ability to sustain 

coordinated action under institutional strain (Friesl et al., 2021; Tawse & Tabesh, 2021). 

South Africa, therefore, served not only as a geographic context but as a boundary 

condition for theory development. Showing that coordination maturity mediates AI 
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outcomes under institutional fragility strengthens the relevance of these insights beyond 

stable or resource‑rich environments. If institutionalisation depth and adaptive capacity 

shape the strategic effects of AI under volatility and constraint, execution ‑architecture 

maturity becomes a central explanatory construct for AI‑enabled performance in emerging 

markets. Competing Explanations for Variation in AI Enabled Strategy Implementation 

Corporate strategy research has long shown that portfolio choices, authority 

arrangements, and resource allocation shape coordinated action in diversified 

organisations (Barney et al., 2021; Menz et al., 2021). Much of this work, however, 

assumed that once structures were in place, alignment would follow automatically. Friesl 

et al. (2021) and Kunisch et al. (2020) argued that a poorly defined strategy did not cause 

many coordination breakdowns. Instead, problems emerged when execution systems 

struggled to cope with rising interdependence across units. Structures might clearly 

allocate authority on paper, yet this formal clarity did not ensure consistent authority in 

day to day practice. As interdependence increased, gaps between designed roles and 

enacted coordination became more visible, exposing weaknesses in the sequencing, 

escalation, and enforcement of decisions. 

As digital capability became a more prominent explanation for uneven AI outcomes, 

organisations with strong data infrastructure, skilled analytics teams, and advanced 

machine learning systems were widely expected to perform better (Brynjolfsson et al., 

2021; Mikalef et al., 2021). This expectation treated capability as a reliable means of 

achieving coordinated impact. However, evidence did not consistently support this link. 

Resource based reasoning reinforced the focus on capability by tying advantage to 

proprietary data and accumulated expertise. However, it mainly clarified how 

organisations generated predictive insight rather than how that insight shaped cross unit 

priorities or gained binding force. Enholm et al. (2022) and Raisch and Krakowski (2021) 

suggested that even technologically advanced organisations struggled with fragmented 

coordination and contested decision rights, and that AI analytical depth alone did not 

guarantee corporate level coherence. 

Cultural and leadership explanations pointed in a different direction, emphasising 

executive sponsorship, experimentation norms, and data driven mindsets (Dubey et al., 

2022; Berente et al., 2021). Leadership support helped legitimise AI and reduce resistance 

to hybrid decision making (Raisch & Krakowski, 2021). However, cultural enthusiasm did 

not automatically clarify authority boundaries or strengthen escalation discipline. 

Organisations could support analytics publicly while leaving override practices unclear and 

adjudication inconsistent. Culture shaped interpretation, but it did not secure enforceability 
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(Christie & Tippmann, 2024). Governance centred explanations offered a different 

perspective, and oversight committees, ethical frameworks, and compliance documents 

were often presented as signs that AI was being embedded responsibly and with maturity 

(Papagiannidis et al., 2022). However, Zeng et al. (2023) cautioned that governance “in 

form” did not necessarily translate into governance “in use.” Escalation pathways could 

be clearly documented, yet still bypassed when timelines tightened. Review forums might 

meet regularly but exert little real influence on decisions (Friesl et al., 2021). In this sense, 

formalisation increased transparency and structure, but it did not automatically ensure that 

governance mechanisms carried binding authority or practical consequences. The 

existence of governance architecture did not explain whether escalation thresholds were 

actually enforced. Across capability, culture, and governance explanations, scholars 

described intentions and inputs more thoroughly than coordination outcomes. Divergence 

persisted even among organisations facing similar institutional environments and 

reporting similar levels of AI investment (Enholm et al., 2022). The key issue was not 

whether AI was adopted, promoted, or overseen, but whether predictive decision making 

became binding within the coordination system. Research on execution architecture 

offered a partial bridge. Tawse and Tabesh (2021) described institutionalisation as the 

repeated enactment of governance forums, decision making allocations, and escalation 

processes. However, repetition did not guarantee resilience. Hanelt et al. (2021) and Zeng 

et al. (2023) showed that routines could be followed frequently yet weaken under fast 

information flows and rising interdependence. What differentiated outcomes was 

architectural stabilisation, whether escalation discipline held, whether authority shifts 

under AI were resolved rather than contested, and whether performance tools reinforced 

shared priorities. When escalation thresholds triggered mandatory review, decision 

making allocations limited discretionary override, and predictive signals were embedded 

in performance dashboards and portfolio discussions, coordination mechanisms retained 

their authority (Friesl et al., 2021; Menz et al., 2021). In these cases, algorithmic insights 

were not only circulated but also institutionalised. Where stabilisation was weak, AI 

increased sensing speed without supporting adjudication, intensifying fragmentation 

despite technical sophistication (Enholm et al., 2022). Variation in AI enabled strategy 

implementation, therefore, could not be explained by capability, culture, or governance 

templates alone. It depended on whether execution architectures acted as conditioning 

systems that turned predictive capability into stable, corporate level coordination. What 

remained under explained in the literature was how AI generated decision inputs moved 

from analytical output to binding organisational authority under strain. Understanding this 



 40 

conditioning process became essential for explaining how disruption translated into 

sustained strategy execution. 

 

The reviewed literature offered valuable insights into corporate coordination and 

technological capabilities. Corporate strategy scholars have explained how diversified 

organisations configure portfolios, structure authority, and allocate resources (Barney et 

al., 2021; Menz et al., 2021). Research on execution architecture extended this 

understanding by emphasising governance forums, decision making allocations, and 

escalation processes as the “missing middle” through which coordination is enacted 

(Tawse & Tabesh, 2021; Friesl et al., 2021). In parallel, AI research has demonstrated 

that analytical capabilities have improved sensing capacity and expanded the range of 

data driven support available to managers (Brynjolfsson et al., 2021; Raisch & Krakowski, 

2021). 

However, when these fields are examined together, key limitations become apparent. 

Adoption centred explanations clarified how organisations built capability but did not 

explain why corporate level outcomes varied at similar levels of technical sophistication 

(Enholm et al., 2022). Cultural and leadership perspectives described managerial 

openness to analytics but did not ensure decision rights were maintained under pressure 

(Dubey et al., 2022). Governance frameworks outlined oversight structures, ye t 

formalisation alone did not guarantee that escalation norms maintained authority when 

information moved faster (Zeng et al., 2023; Hanelt et al., 2021). Institutionalisation 

captured repetition, but it did not fully account for stabilisation. 

 

3. Chapter 3: Research Problem 

 

3.1. introduction 

Corporate strategy implementation remains a coordination challenge: organisations can 

set strategic intent but often struggle to translate it into coherent action across the 

corporate landscape when units depend on one another (Tawse & Tabesh, 2021; Friesl 

et al., 2021). Research on execution architecture attributes this difficulty to a “missing 

middle”: the forums, decision rights, and escalation routines that carry strategy into daily 

work. Outcomes vary not simply because these structures exist, but because their 

authority can weaken under increasing coordination pressures (Friesl et al., 2021; Hanelt 

et al., 2021). The adoption of AI has accelerated and transformed information flow within 

organisations, often speeding up decision making (Raisch & Krakowski, 2021). However, 
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many corporate organisations implemented algorithms without adjusting governance 

practices that need to act on these signals, leaving predictive insights as mere suggestions 

(Papagiannidis et al., 2022). Even when organisations report similar AI capabilities, their 

coordination practices can differ markedly, indicating that technical sophistication alone 

does not explain these outcomes (Enholm et al., 2022). This study examined how the 

maturity of the execution architecture influenced whether AI became meaningful for 

coordination, and how varying levels of adoption, especially the ability to sustain authority 

during faster decision cycles, affected implementation and long term results. This tension 

was particularly evident in South African multi business corporates, where rapid digital 

growth coexisted with uneven governance practices (Oxford Insights, 2024). When 

institutions face pressure, these contrasts become more pronounced, making the maturity 

of execution architecture clearer as a mechanism shaping coordinated action. The 

research questions, therefore, shift from how AI is embedded into organisational 

structures to how it influences coordination in practice, and ultimately, how AI enabled 

outcomes endure over time. 

 

3.2 . Research Questions 

 

RQ1: How is AI embedded within execution architectures to enable corporate 

strategy implementation in South African multi business corporates? 

 

Research on execution architecture indicates that governance forums, decision making 

allocations, and escalation processes form the basic structures through which coordinated 

corporate action is organised (Tawse & Tabesh, 2021; Friesl et al., 2021). However, this 

work does not explain how these arrangements shift when AI changes the inputs to its 

decisions and reshapes how information carries weight (Raisch & Krakowski, 2021). 

Likewise, AI research focuses mainly on adoption and oversight, without indicating how 

algorithmic systems become part of everyday governance and performance routines 

(Papagiannidis et al., 2022). Consequently, the unresolved challenge is architectural: how 

and where AI enters execution structures, and how deeply it becomes embedded in 

forums, decision making, and performance systems. RQ1 examines differences in 

embedment depth as a structural condition of execution architecture maturity under AI 

driven decision making speed. 
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RQ2: Through which organisational mechanisms does AI enable adaptive, iterative, 

and cross functional strategy implementation? 

 

Embedding AI within governance structures does not, on its own, explain how coordination 

unfolds under conditions of volatility and interdependence. While research on execution 

architecture specifies forums, decision making allocations, and escalation processes 

(Tawse & Tabesh, 2021; Friesl et al., 2021), it leaves open how these arrangements are 

enacted when AI accelerates information flows and redistributes authority (Raisch & 

Krakowski, 2021). The unresolved issue is not structural presence, but whether embedded 

AI reshapes how managers interpret signals, escalate tensions, and stabilise cross  unit 

trade offs in real time. AI governance scholars similarly emphasise oversight and 

accountability (Birkstedt et al., 2023). However, it pays limited attention to how predictive 

signals become integrated into the lived coordination routines through which adaptive 

implementation occurs. Under algorithmic acceleration, coordination depends on whether 

AI enabled insight is contested, adjudicated, and stabilised within governance processes 

that must hold under pressure (Hanelt et al., 2021). RQ2 therefore shifts the analytical 

lens from architectural configuration to enacted coordination, examining how AI 

embedment becomes consequential in everyday cross functional strategy work. 

 

RQ3: How does embedding AI within execution architectures enable organisations 

to convert AI adoption into longer term organisational advantage in South Africa? 

 

AI capability on its own is unlikely to create lasting advantage, especially as analytical 

tools become easier to access and copy (Barney et al., 2021; Enholm et al., 2022). What 

remains less clearly explained is how AI moves from a technical tool to something that 

shapes organisational outcomes. Strategy research indicates that durable performance 

depends on how well new tools are woven into coordination systems that guide shared 

action over time (Friesl et al., 2021). However, this work did not specify how execution 

architectures helped turn AI capability into sustained results; hence, the differences 

among organisations with similar AI strength showed that the depth of integration, 

especially the ability to maintain authority stability as decision making sped up, shaped 

whether predictive systems meaningfully influenced governance, performance, and 

learning practices (Meske et al., 2022). RQ3, therefore, examined how execution 

architecture maturity acted as the mechanism that turned AI adoption into a durable 



 43 

organisational advantage amid volatility and institutional pressure in South Africa (Teece, 

2020). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

4. Chapter 4: Research Methodology  

 

4.1 Research Methodology Introduction 

This study investigates how participants described AI, regarded as an organisational input, 

as integrated into daily coordination frameworks within South African multi business 

corporations. It also examines how variations in this integration are interpreted as shaping 

the implementation of coordinated strategies and organisational resilience. The focus was 

on the organisational “missing middle”: governance forums, decis ion making processes, 

escalation routines, cross unit interfaces, and performance systems through which 

strategy is enacted (Tawse & Tabesh, 2021; Friesl et al., 2021). Therefore, execution 

architectures were understood as enacted coordination systems, whose stability emerged 

through routine interactions within governance processes. The unit of analysis was 

participants’ accounts of these architectures, specifically how they described the systems 

through which AI enabled insights entered and influenced binding decision making. The 

study did not aim to verify performance outcomes independently; claims about resilience 

and strategic effects reflected participants’ descriptions of how architectural reinforcement 

occurred. Accordingly, the maturity of execution architecture was treated as a second  

order interpretive concept, relating to the stabilisation of coordinated authority under 
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interdependence and rapid decision cycles. Since maturity was not directly observable, 

embedment depth served as the empirical indicator. Embedment depth represented how 

participants described AI gaining routine authority within governance and performance 

systems. Variations in embedment depth were interpreted as differences in maturity 

across participant accounts. Throughout the narratives, maturity appeared to influence 

whether AI capability remained advisory or became structurally significant for corpora te 

coordination, a pattern that consistently emerged from participants’ descriptions. The 

methodological choices were directly derived from this framing and aligned withhe study’s 

focus on structural embedment (RQ1), 

 

 

 

4.2 Research Design 

This study adopted a qualitative, process oriented research design. The aim was to 

examine how organisational participants described and interpreted AI embedment within 

execution architectures, and how patterned differences across accounts revealed 

variation in the stabilisation of coordinated authority. Research on execution architecture 

had often relied on structural mapping, surveys, or formal governance analysis to describe 

coordination arrangements. While these approaches helped identify structural 

configurations, they offered limited insight into how authority was enacted, negotiated, and 

reproduced in daily practice. The design, therefore, prioritised interpretive access to lived 

coordination processes; execution architectures were treated as both discursively 

articulated and practically enacted systems sustained through governance interaction. 

Because these arrangements were not visible solely in documentation, the study required 

access to participants situated accounts of how governance forums, escalation routines, 

and decision making structures operated under AI enabled information acceleration. The 

study was situated in large, diversified South African multi business corporations where 

AI initiatives were active at the corporate or business unit level; this boundary was 

theoretically grounded. Under reciprocal interdependence, business units needed to share 

resources, resolve trade offs, and rely on stabilised governance arrangements to maintain 

coordinated action (Friesl et al., 2021; Tawse & Tabesh, 2021). AI enabled information 

acceleration increased sequencing pressures and authority shifts, making differences in 

architectural stability more apparent. The organisations functioned as contextual 

environments; this was not a comparative case study. Structural equivalence was neither 



 45 

assumed nor required. Instead, interpretive comparison across participant narratives 

allowed for systematic identification of patterned variation in how AI was described as 

entering governance systems. 

 

The unit of analysis was participants’ accounts of corporate  level execution architecture, 

specifically the governance forums, authority allocations, escalation processes, and 

coordination routines through which AI enabled inputs were interpreted and incorporated 

into binding cross unit processes. The design allowed the embedment depth to serve as 

the observable analytical bridge through which the maturity of the execution architecture 

was reconstructed from participants' accounts. While many AI and corporate strategy 

studies relied on capability indices or performance modelling, this research instead 

examined enacted governance practices, as described by participants, to evaluate how 

predictive authority appeared to stabilise within coordination systems. 

 

4.2.1 Research Philosophy 

The study adopted an interpretivist–constructivist philosophy to explore how AI becomes 

embedded in the implementation of everyday corporate strategy. Ontologically, execution 

architectures were understood as enacted coordination systems, with stability emerging 

through interaction, negotiation, and routine governance practices through which 

managers execute strategy (Bell et al., 2019; Yanow & Schwartz Shea, 2015). Authority 

was seen as something produced through organizational action, shaped by how 

managers interact with AI and with one another in real decision making settings. 

Epistemologically, knowledge was regarded as co constructed through dialogue between 

the researcher and participants (Creswell, 2018). This perspective aligned with the study’s 

interest in how managers described AI's integration into their governance frameworks and 

how those descriptions revealed shifts in shared authority. The maturity of execution 

architecture was approached as an interpretive construct, inferred from consistent 

participants' interpretations and experiences. 

 

 

4.2.2 Approach to Theory Development  

The study employed an abductive approach to developing theory. Previous research on 

execution architecture has provided strong conceptual foundations for governance forums 

and decision making systems (Friesl et al., 2021; Menz et al., 2021), but it has not yet 



 46 

explained how these arrangements are interpreted and recalibrated amid AI enabled 

acceleration. The research problem required clarifying and expanding existing constructs 

through empirical insights. The study used sensitising concepts from execution 

architecture and dynamic capability research (Barney et al., 2021) to guide analysis 

without pre defining categories. By applying abductive reasoning (Timmermans & Tavory, 

2012), analysis oscillated between participant accounts and theoretical framing, allowing 

new patterns to influence the emerging interpretation. Through this iterative process, 

execution architecture maturity was reconceptualised as the mechanism through which AI 

capabilities are stabilised within corporate level coordination systems. This understanding 

arose directly from participants’ descriptions, which detailed how AI entered governance 

forums, shifted authority, and shaped coordinated strategic actions. Theory served as a 

developing interpretive framework, supporting the reconstruction of these patterns; the 

maturity of their execution architecture was regarded as a second order construct inferred 

from the patterned accounts of embedment depth and stabilised coordination. 

 

 

 

4.2.3 Research Strategy 

 

The study employed a qualitative, multi participant interview approach, with semi 

structured interviews serving as the primary data generation method (Bryman, 2016; 

Saunders et al., 2019). Understanding AI enabled execution‑architecture maturity was 

achieved through participants' descriptions of how governance forums operated, how 

authority shifted, and how predictive outputs were integrated into coordination routines. 

These accounts provided the empirical basis for evaluating maturity. The sampling 

strategy was purposive and aimed to capture diversity across organisational contexts. 

Particular emphasis was placed on differences in regulatory intensity, governance density, 

and operational complexity, as these offered contrasting scenarios for AI integration. The 

predominance of senior and middle managers, including senior leaders, aligned well with 

the study’s focus on execution architecture. These individuals were most directly involved 

in governance forums, escalation decisions, and cross unit coordination. Senior leaders 

typically participated in enterprise level decision making forums, providing strategic 

oversight. Conversely, senior and middle managers played a crucial role in translating 



 47 

these decisions into operational coordination across business units. Including both groups 

offered valuable insights into how governance decisions were interpreted and enacted at  

Different organisational levels. This focus improved analytical access to the 

authority‑recalibration processes central to the research questions. The execution 

architecture was interpretively reconstructed from participant accounts through iterative 

coding, cross participant comparison, and the deliberate inclusion of contradictory cases. 

Additionally, memos for reflexive analysis supported this process by tracing how patterns 

emerged across the dataset. These steps helped ensure that the interpretation remained 

rooted in participant accounts and aligned with the study’s abductive approach, enabling 

the empirical refinement of the execution‑architecture constructs under AI‑enabled 

conditions. 

 

4.2.4 Time Horizon 

The study adopted a cross sectional time horizon, with data collected at a single point in 

time, and participants were asked to describe their current governance arrangements and 

recent developments in AI embedment (Saunders et al., 2019). While participants 

occasionally referred to past events or ongoing adjustments, these accounts were treated 

as retrospective sense making, helping to contextualize their present experiences. This 

aided in creating clear interpretive boundaries and aligned with the study’s focus on 

institutionalization and depth of inquiry.  

 

4.2.5 Choice of Methodology 

The study employed a mono method qualitative design; the research examined how 

managers interpreted AI integration within governance structures and how variations in 

the depth of integration influenced coordinated actions (Saunders et al., 2019). Execution 

architecture maturity was not directly observable through formal structures. Instead, 

participants demonstrated it through their descriptions of governance forums, authority 

reallocations, escalation routines, and performance artefacts. Therefore, depth of  

embedment served as the analytical lens through which execution architecture maturity 

was interpreted as a second order construct. A qualitative approach was crucial because 

the study aimed to understand how predictive authority was enacted, challenged, 

stabilised, or resisted in everyday governance interactions, insights that emerge only 

through interpretive accounts. The methodological goal was to achieve theoretical 

refinement: to clarify how participants reconstructed the maturity of execution architecture 
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and how they linked AI capabilities to stabilised coordination under conditions of 

interdependence and rapid information flows.  

 

4.3 Population 

The population comprised corporate participants directly engaged in AI enabled strategic 

activities within large South African multi business organisations. Participants were 

selected for their close involvement in corporate level coordination, including governance 

forums, decision making discussions, escalation processes, funding allocations, and 

structural integration efforts where AI initiatives interacted with execution architectures. 

The population was theoretically limited to roles situated closest to these coordination 

systems (Saunders et al., 2019). Large, diversified organisations were chosen because 

high interdependence across business units increases coordination complexity. Under 

these conditions, governance stabilisation becomes more evident, especially in 

environments with accelerated information flows (Friesl et al., 2021; Tawse & Tabesh, 

2021). AI enabled information flows intensified sequencing pressures and required 

frequent adjustments to authority and coordination processes. These dynamics made 

differences in execution architecture maturity more apparent in participants’ accounts. The 

South African institutional context, characterised by regulatory complexity, uneven digital 

capabilities, and economic volatility, added its own coordination challenges. These 

conditions fostered a setting in which architectural stability or strain became particularly 

noticeable as predictive systems were integrated into decision making routines. Therefore, 

the study focused on participants positioned closest to corporate level coordination 

structures, ensuring 

 

4.4. Units of Analysis. 

The unit of analysis was participant accounts of corporate level execution architecture, 

defined as the patterned configuration and enactment of governance forums, decision  

making allocations, escalation processes, and coordination routines through which 

strategic intent and AI enabled insight entered binding cross unit processes (Tawse & 

Tabesh, 2021; Friesl et al., 2021). Data were generated through interviews with individual 

managers, but individuals were not treated as analytical units. Participants acted as 

informed observers of coordination systems. The study did not examine isolated AI 

projects or technical models. Instead, analysis centred on how predictive outputs were 
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described as entering corporate level governance processes across interdependent 

business units (Menz et al., 2021; Raisch & Krakowski, 2021). The analytical emphasis 

rested on variation in execution architecture maturity, specifically institutionalisation depth 

and adaptive capacity, and how this variation was articulated in participant accounts as 

shaping the embedment and coordination consequences of AI under fast moving 

information conditions (Pitelis et al., 2024). AI capability was treated as an organisational 

input, and execution architecture maturity was interpreted, within participant narratives, as 

the mechanism through which that input appeared stabilised within routine cross  unit 

coordination systems; no independent verification of structural maturity or performance 

consequences was undertaken. 

 

4.5 Sampling 

Purposive sampling was used to identify participants directly involved in AI‑related 

strategic activities (Taherdoost, 2022). Inclusion required that participants work closely 

with corporate‑level coordination processes, including AI prioritisation, governance 

discussions, funding allocations, escalation processes, and structural‑integration work 

linked to execution architectures. Sampling was therefore aligned with the unit of analysis, 

namely corporate‑level coordination systems. To enable disciplined interpretive 

comparison, the study intentionally sought variation across hierarchical levels, functional 

areas, and sector contexts. Although several participants came from banking, the diversity 

of internal roles provided a rich contrast, and additional participants from non‑financial 

organisations strengthened cross‑sector analysis. Governance patterns observed in 

banking were systematically compared with those in non‑financial settings to determine 

whether the identified mechanisms reflected the regulatory context or broader 

coordination dynamics. A total of thirteen semi‑structured interviews were conducted. 

Sample adequacy was evaluated in terms of abductive mechanism identification rather 

than numerical saturation. Across interviews, recurring descriptions linked AI embedment 

to recalibrating authority, integrating governance, incorporating performance, and learning 

coordination. Later interviews refined these explanations but did not introduce new 

architectural mechanisms. Within an abductive logic, theoretical sufficiency was reached 

when empirical variation converged into a coherent explanatory pattern that held across 

heterogeneous contexts (Timmermans & Tavory, 2012). The mechanisms identified in this 

study were not confined to a single organisation or role; they appeared across 

governance‑dense and less‑regulated environments. This cross‑context stability provided 
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strong analytical justification for the sample's adequacy. The sampling position, therefore, 

supported disciplined theoretical inference regarding the maturity of execution architecture 

under algorithmic conditions. 

 

4.6 Research Instrument and Operationalisation 

 

A semi structured interview guide was created to investigate how AI initiatives were 

positioned and integrated within operational frameworks. The guide aligned with the 

research questions and aimed to gather detailed information about governance forums, 

changes in authority, escalation processes, performance systems, and coordination 

learning. 

Operationalisation focused on embedment depth as the visible sign of 

execution‑architecture maturity. Four sensitising domains guided the inquiry: 

 

• Governance integration 

• Decision‑making recalibration 

• Performance‑system incorporation 

• Ongoing coordination and learning processes 

 

These domains reflected core dimensions identified in execution‑architecture 

scholarship, including governance forums, authority structures, coordination interfaces, 

and performance systems (Tawse & Tabesh, 2021; Friesl et al., 2021; Menz et al., 

2021). Participants were asked to describe concrete organisational practices, approval 

routes, escalation triggers, reporting routines, performance metrics, and learning 

adaptations linked to AI initiatives. Embedment depth was interpreted in relation to: 

 

• the degree of formalisation within governance routines 

• the cross‑functional reach of predictive inputs 

• the stability and routinisation of use over time 

• The extent to which predictive outputs were relied upon in binding decision 

processes 

 

Execution‑architecture maturity was regarded as an interpretive concept rather than a 

directly observable trait. It was deduced from patterned descriptions of how AI‑enabled 

insights entered coordination systems, held authority, and recalibrated decision routines 
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across these domains. Embedment depth was analytically adequate because maturity 

was defined through stabilised authority enactment, which became visible through the 

routinised embedment of AI in governance practice. 

 

 

4.7 Recruitment, Data Collection and Ethical Procedures 

 

Participants were recruited through targeted professional outreach, based on their 

involvement in corporate level AI governance and coordination processes (Taherdoost, 

2022). Initial contact was made via email and LinkedIn, outlining the purpose of the study, 

the inclusion criteria, and the voluntary nature of participation. Individuals who met the 

criteria and agreed to participate received an information sheet and consent form in line 

with institutional requirements. A total of thirteen semi structured interviews were 

conducted. Interviews were held online to accommodate geographic dispersion and the 

schedules of senior participants. Each interview lasted between 45 and 60 minutes, 

providing sufficient depth to explore governance structures, shifts in decision making 

authority, escalation routines, performance systems, and coordination practices related to 

AI embedment. All interviews were recorded with participants’ permission. Recordings 

were stored securely in authenticated cloud storage and backed up on a password 

protected computer accessible only to the researcher. Audio files were transcribed 

verbatim. To protect anonymity, transcripts were stripped of identifying information, and 

coded identifiers were assigned to each participant. Ethical approval was obtained from 

the Gordon Institute of Business Science (GIBS) at the University of Pretoria. Informed 

consent was collected prior to each interview, and participants were reminded of their right 

to withdraw at any time without penalty. All data were stored and managed in accordance 

with institutional ethics guidelines. Access to raw data, transcripts, and analytic files 

remained restricted to the researcher, ensuring confidentiality, data integrity, and secure 

long term storage. 

 

4.8 Data Analysis 

Data were analysed using reflexive thematic analysis, consistent with the study’s 

interpretivist and abductive orientation (Braun & Clarke, 2006, 2020). The analytic aim 

was to understand how participants described AI embedment within execution 

architectures and how patterned variation appeared across organisational contexts. 

Analysis proceeded iteratively. Transcripts were read multiple times to build familiarity. 
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Initial coding stayed close to participants’ language and focused on governance 

integration, authority adjustments, escalation practices, coordination routines, and 

performance artefacts (Adeoye Olatunde & Olenik, 2021). Sensitising concepts from 

execution architecture research guided interpretive attention without predetermining 

themes (Friesl et al., 2021; Menz et al., 2021). Analysis moved back and forth between 

the empirical material and theoretical framing, consistent with abductive reasoning 

(Timmermans & Tavory, 2012). When accounts revealed tensions between formal design 

and enacted coordination, theoretical categories were reconsidered and refined. A discon 

corporate organistation ing case search strategy was used in subsequent analytic rounds. 

Accounts where AI embedment did not align with architectural stabilisation were examined 

to avoid premature thematic closure. Governance domains guided coding but did not 

define expected outcomes; inconsistencies were retained to avoid assuming maturity 

based solely on domain presence. Cross participant comparison examined similarities and 

contrasts across hierarchical levels and sectors. Four interpretive lenses shaped the 

analysis: governance integration, decision making recalibration, performance 

incorporation, and coordination learning. Embedment depth was interpreted through 

recurring descriptions of formalisation, cross functional reach, stability over time, and 

reliance on AI enabled inputs in binding decision making processes. Execution 

architecture maturity was inferred from patterned accounts of authority stabilisation or 

strain under fast information flows. Reflexive memos documented analytic decisions, 

theoretical shifts, and areas of uncertainty. ATLAS.ti supported coding traceability and 

helped maintain an auditable analytic record. 

 

4.9 Trustworthiness and Quality Assurance 

Trustworthiness was assessed using the criteria of credibility, transferability, 

dependability, and con corporate organistation ability (Nowell et al., 2017), applied in line 

with reflexive thematic principles (Braun & Clarke, 2020). Credibility was strengthened by 

comparing accounts across executive leaders, senior managers, and middle managers. 

These perspectives described many of the same AI initiatives, allowing us to see where 

their experiences aligned and where they diverged. The differences in participants’ views 

were just as important as the similarities. They helped show how AI embedment was 

understood in practice and highlighted the everyday complexity of coordinating work 

across large organisations. All perspectives, including those that contradicted each other, 

were included in the analysis because they provided valuable insight into how AI was 

experienced in different parts of the organisation. These contrasting views revealed the 
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practical challenges of working with AI in complex corporate environments and showed 

that coordination pressures were experienced across different roles. 

 

Transferability was supported by clearly describing participant roles, organisational 

sectors, and the broader context in which AI was being introduced into governance and 

decision making processes (Tracy, 2010). Providing this context helps readers judge 

whether the findings may apply to other organisations facing similar challenges, such as 

high interdependence between business units, strong governance demands, and rapidly 

increasing data flows. Context matters because the way AI becomes part of organisational 

life is shaped not only by internal design choices but also by the external environment in 

which organisations operate. 

 

Dependability was supported through a clear and consistent analytical process. Coding 

was carried out in three stages. The analysis focused on how participants described 

governance routines, shifts in authority, and everyday coordination practices linked to AI. 

These initial insights were then grouped into broader execution architectural categories 

that reflected different levels of AI embedment. In the final stage of analysis, accounts 

from different participants were compared to refine the themes and highlight moments 

where experiences challenged earlier interpretations. Reflexive memos captured the 

researcher’s thinking throughout the process, and ATLAS. It provided a clear link between 

interview transcripts, codes, and the final themes. 

Con corporate organistation ability was supported through ongoing reflexive engagement. 

The researcher’s professional background in AI governance offered useful context, though 

it also required active awareness to avoid assuming how authority naturally operates once 

AI is introduced. To support this awareness, the analysis paid close attention to both 

stabilising and destabilising experiences. This included confident AI use, but also signs of 

fragility, reversals, informal workarounds, and coordination breakdowns that can arise 

when predictive systems enter decision making processes. Considering these contrasting 

experiences ensured that the findings reflected the full range of participant perspectives. 

Therefore, these practices strengthened the study's trustworthiness and supported its 

overall aim: to understand how execution architectures evolve as AI becomes part of 

everyday coordination work. This approach also kept the analysis grounded in participants 

lived organisational experience while contributing to a deeper theoretical understanding 

of AI embedment and strategy implementation. 
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4.10 Limitations 

The study worked within specific interpretive, methodological, and contextual boundaries. 

A cross sectional time horizon was utilised (Bryman, 2016), meaning that participant 

accounts reflected AI embedment at a particular moment in the institutionalisation of 

execution‑architecture maturity. The reconstruction of mediation processes was therefore 

based on participants' narratives of their experiences at that time. Participants interviewed 

were mainly from senior and strategic roles; their perspectives provided valuable insights 

into architectural framing and corporate level coordination, yet they might not fully capture 

operational friction or localised forms of resistance that occur deeper within organisational 

layers (Harvey, 2011). As a result, the findings reflect how coordinated authority was 

perceived and stabilised within governance spaces, rather than offering a bottom up 

operational view. The study relied on narrated accounts (Silverman, 2016). 

Execution‑architecture maturity was inferred from patterned descriptions of governance 

routines, authority shifts, escalation pathways, and coordination practices. This 

interpretive approach allowed participants’ experiences to shape the analysis , but also 

meant that maturity was understood through articulation rather than direct observation. 

 

The empirical setting was limited to large South African multi‑business corporations 

operating in an environment characterised by regulatory complexity, uneven digital 

capability, and economic volatility. These conditions increased coordination pressures and 

made architectural stability or strain more noticeable. In environments with lower 

interdependence, simpler structures, or more predictable condition execution, architecture 

maturity may manifest differently or have a less significant impact on AI integration. These 

boundaries clarify the study’s contribution. It refined the concept of execution‑architecture 

maturity as an interpretively reconstructed organisational process under conditions of 

interdependence and rapid information flow. The goal was to achieve depth of insight, not 

universal generalisability, and the findings should be interpreted within that context. 
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5. Chapter 5 

 

5.1 Introduction  

Chapter 5 presented the empirical findings from thirteen semi structured interviews 

conducted with participants from South African corporate organisations. The chapter 

outlined how AI was adopted and, more importantly, how it became embedded or 

remained unembedded within organisational execution architectures to support the 

implementation of corporate strategy. Findings were organised around the three research 

questions introduced in Chapter 3. Section 5.4 presented findings for RQ1, describing 

variation in embedment depth across governance forums, decision making arrangements, 

coordination routines, escalation processes, and performance systems. Section 5.5 

reported findings for RQ2, identifying the organisational mechanisms through which AI 

initiatives were enabled, contested, stabilised, or constrained in practice, and Section 5.6 

addressed RQ3, explaining how participants linked embedment depth to outcomes they 

experienced as more durable, scalable, or difficult to reverse. This chapter focused on 
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reporting patterns reflected in participants’ descriptions of recurring systems and 

practices. Theoretical interpretation and integration were developed in Chapter 6. 

 

5.2 Sample Overview  

The study drew on fourteen semi structured interviews conducted via Microsoft Teams 

with participants from major South African corporate sectors, including banking, 

telecommunications, ICT and managed services, manufacturing, petroleum, and 

professional services. The sample was intentionally constructed to capture differences in 

governance demands, regulatory scrutiny, and operational complexity; therefore, these 

differences helped reveal how AI embedment unfolded within diverse execution 

architectures. 

 

Participants represented middle, senior, and executive management levels, with most 

positioned at the senior level. This distribution made it possible to understand how AI 

embedment was experienced at points where strategy, decision rights, and daily 

operations intersected. The sample included individuals working in data and AI, digital 

transformation, engineering, operations, strategy, and risk or assurance functions. 

Bringing together both technical specialists and governance focused leaders yielded 

complementary perspectives. It allowed the study to capture how AI was experienced by 

those building and implementing systems as well as those responsible for oversight, 

decision making, and performance outcomes. Participants working in strategy consulting 

and ICT advisory roles added cross sector insights drawn from engagements with multiple 

corporate organisations. The variation in sectors and roles supported architectural 

triangulation, as governance forums, escalation processes, coordination routines, and 

performance systems were described from different organisational vantage points. 

Convergence across these accounts increased confidence that the identified patterns 

reflected recurring structural dynamics. Although the sample maximised variation, it was 

not statistically representative. Financial services participants were more prominent, 

reflecting both higher AI maturity in the sector and access constraints. The governance 

intensity of banking environments may have emphasised authority and escalation related 

mechanisms more strongly than in less regulated sectors. For this reason, findings were 

presented as analytically transferable; the predominance of senior level participants 

privileged architectural and strategic perspectives, potentially underrepresenting frontline 

adaptation or localised resistance. Because interviews were conducted virtually, the 

findings reflected participants’ descriptions of organisational systems with no direct 
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observation of practice. The study was further bound by the South African corporate 

context, characterised by strong compliance demands, cost pressures, and legacy system 

coexistence, conditions likely to shape the pace and form of AI embedment.  

 

Table 1 summarises the population sample by sector, functional area, and 

management level. 

Pseudonym Sector / Industry Functional Area Level of Management  

Participant A 

Professional Services 

Industry: Telecoms & 

Mining 

Data Management & AI Senior Manager 

Participant B Banking Digital Transformation Executive 

Participant C Banking Data Management & AI Executive 

Participant D Telecommunications AI Middle Management 

Participant E Manufacturing Engineering Middle Management 

Participant F 
ICT Mining      & 

Manufacturing 
Engineering Middle Management 

Participant G Petroleum Digital Management Senior Manager 

Participant H Banking Digital Transformation Senior Manager 

Participant I Banking Data Management & AI Senior Manager 

Participant J Banking Strategy Middle Management 

Participant K Banking Digital Transformation Senior Manager 

Participant L Telecommunications Digital Operations Senior Manager 

Participant M Banking Data Management & AI Senior Manager 

 

 

5.3 Analytic Process  

The analysis employed an iterative, reflexive thematic approach consistent with the 

qualitative design outlined in Chapter 4 (Braun & Clarke, 2006, 2020). Transcripts were 

examined inductively to understand how participants described AI across governance 

forums, decision making structures, allocation systems, coordination routines, escalation 

practices, assurance processes, and performance reviews. Initial open coding captured 

detailed organisational descriptions, which were then compared and grouped into broader 

categories that reflected recurring dimensions of the execution architecture (Saldaña, 

2009). The purpose of the analysis was explanatory; categories were developed into 

higher order themes aligned with the research questions, supporting a shift from individual 
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accounts to recurring patterns in embedment depth and organisational mechanisms. 

Cross case comparisons helped distinguish what was structurally consistent from what 

was context specific. Deliberately retaining contrasting and deviant interviews in the 

analysis sharpened conceptual boundaries and prevented overstating uniformity. Cases 

that did not fit emerging patterns were examined carefully to clarify where explanations 

held and where they did not, thereby strengthening analytical precision. Observing similar 

coordination dynamics in contexts with different external pressures and structura l 

arrangements further increased confidence that the findings reflected underlying 

execution mechanisms rather than sector specific conditions. Mechanisms were retained 

when they appeared across multiple organisational settings. For example, escalation 

recalibration, governance coherence, and measurement formalisation were described in 

banking, telecommunications, ICT, and manufacturing sectors. This convergence 

reinforced confidence that the patterns identified represented recurring architectural 

properties. Rival explanations were evaluated to test the sufficiency of the analysis. 

Alternative explanations, such as digital maturity, regulatory pressure, organisational size, 

or visible leadership support, were carefully considered alongside the observed 

differences in embedment depth. If digital maturity alone had driven outcomes, 

organisations with similar analytical capabilities would have displayed similar levels of 

structural integration. The data did not support this; organisations with comparable 

technological sophistication showed markedly different degrees of embedment. In some 

cases, escalation logic and allocation criteria remained unchanged despite substantial 

investment in advanced analytics. Conversely, some organisations with fewer AI initiatives 

achieved deeper strategic impact because predictive thresholds had been formally 

incorporated into their governance routines. These contrasts suggested that differences 

in authority configuration explained embedment depth more reliably than capability levels 

alone. 

 

The deviant and regression interviews also influenced the analysis, and the Participants 

described AI initiatives that stalled, plateaued, or even reversed, often after funding cuts 

or leadership changes. These accounts helped illustrate what made embedment durable. 

Participants further indicated that when predictive systems were not formally integrated 

into escalation pathways or anchored in performance evaluation processes, progress was 

fragile. In such cases, AI relied on individual sponsorship rather than embedded authority, 

and durability seemed to depend on whether structural reinforcement within the 

implementation framework supported integration beyond initial enthusiasm or executive 
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backing. In these instances, embedment appeared reliant on sustained structural 

reinforcement within the execution architecture rather than on technological sophistication 

alone. Participants with consulting and advisory roles who worked across multiple 

industries further assisted in cross contextual comparison. Their exposure to different 

governance systems helped assess whether the identified mechanisms were organisation  

specific or recurring across contexts. Convergence between cross industry observations 

and single organisation accounts strengthened confidence that the mechanisms reflected 

recurring aspects of the execution architecture under algorithmic conditions. 

 

5.4.  RQ1 Findings Introduction   

Research Question 1 explored how AI was integrated into execution architectures to 

support the implementation of corporate strategy in South African organisations. 

Throughout interviews, participants observed that AI was present in automation, analytics 

models, decision support tools, and workflow enhancements. However, they consistently 

distinguished between AI use and AI integration. AI use refers to local tools that improve 

tasks or decisions within a workflow. AI integration, on the other hand, occurred only when 

AI outputs were incorporated and reinforced within recurring execution systems such as 

governance forums, investment and prioritisation processes, decision making structures, 

escalation routines, cross unit coordination practices, and performance cycles. Variation 

in the depth of AI integration was not primarily explained by sector or access to AI 

technologies. Instead, differences stemmed from how execution architectures routed, 

reinforced, and stabilised AI outputs. Participants described five interdependent structural 

dimensions that determined whether AI remained local and reversible or became part of 

organisational coordination: translation of corporate strategy implementation through the 

middle layer, coherence in governance and clarity in decision making, operational 

integration beyond task level improvements, foundations in data and platform 

infrastructure, and formalisation of measurement through review and performance cycles. 

Participants further noted that South African conditions, including volatile budget cycles, 

legacy system coexistence, uneven digital infrastructure, and strong governance 

expectations, heightened the fragility of initiatives not formally anchored. Under these 

circumstances, even technically stable tools remained vulnerable to regression if 

execution architectures failed to stabilise predictive outputs within governance routines. 

Across all interviews, the same five structural dimensions influenced whether AI stayed 

within local workflows or entered enterprise level coordination systems. The following 

sections explore how these structural conditions affected the depth of AI integration, using 
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participant accounts to illustrate when AI outputs remained local and when they became 

incorporated into coordinated strategy implementation processes. 

 

 

5.4.1 Theme 1: Strategy Translation and Middle Layer Mediation (Participant)  

 

Across interviews, participants described recurring challenges in translating AI strategy 

statements into practical operational action. Many explained that AI or digital priorities 

were formally expressed at senior levels, but the connection to daily routines, targets, and 

ownership structures was inconsistent. Participant L highlighted this gap: 

“We talk about AI at the top, but it does not always cascade into the day to day 

operations. The strategy is clear, but it does not land the same way across all levels.” 

A similar view was shared in a manufacturing context, where Participant E noted: 

“The strategy is communicated, but it does not cascade down into operations. People 

fall back into their old ways because nothing links the strategy to their targets.” 

Across these accounts, participants emphasised the practical work required to specify 

what strategy meant for daily actions, who owned which decisions, which processes 

needed to change, how AI outputs were meant to be used, and how performance would 

be assessed. Where these details were unclear, AI initiatives stayed within individual 

teams, were interpreted inconsistently, or progressed in parallel without shared direction. 

Ownership ambiguity appeared repeatedly. Participant L reflected on earlier stages of 

implementation: 

“Now it is becoming part of our KPIs… but before that, teams did not know what they 

were supposed to do with AI. The ownership was not clear.” 

Participant P described how uncertainty about the mandate and approvals stalled efforts: 

“Where it does not work is when it is department led and not a top down decision. Then 

it goes through long cycles and stalls because nobody knows who must approve or own 

the next step.” 
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Participants consistently located this translation work within the middle management layer. 

They described translation as a concrete activity: interpreting priorities, defining scope, 

clarifying accountability, aligning initiatives with budget cycles, and embedding AI outputs 

into operational routines. Participant L explained: 

“Middle managers like myself have to sit with the team and say: looking at the strategy, 

what gaps do we have and what efficiencies must we bring? That is how we translate 

the priorities.” 

Participant P echoed this: 

“Middle managers are the translation layer. They take the strategic intent and turn it into 

concrete actions like: use these dashboards, automate these steps.” 

Participants also described how contextual constraints shaped continuity. Budget cycle 

timing influenced which initiatives progressed. As Participant P put it: 

“Decision making is messy. Sometimes it is whoever has the budget before the year's  

end. That is where AI gets stuck, not because of the tech, but because of the budget 

cycle.” 

Risk and governance practices were also described as shaping the formalisation of AI use 

cases. Participant M noted: 

“Risk assessments and governance are done in isolation by different partners. That 

alone shapes how use cases get formalised.” 

Participants described sponsorship changes, shifting priorities, and funding resets as 

moments that revealed how deeply AI initiatives were anchored. Tools and models could 

remain technically functional, but their momentum would fade if ownership were unclear, 

outputs were not linked to targets, or review routines were not maintained. Conversely, 

when ownership, KPI linkages, and workflow adjustments were clearly specified, initiatives 

were more likely to survive leadership or budget changes. 

Overall, participant accounts showed that having an AI strategy did not guarantee 

operational integration. Deeper embedment occurred where strategic intent had been 

translated into clear ownership, workflow adjustments, and performance linkages that 
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shaped everyday routines and held  corporate organistation  through routine 

organisational shifts. 

5.4.2 Theme 2: Governance Coherence and Decision Processes  

 Across interviews, participants highlighted governance arrangements as key to 

advancing AI initiatives beyond initial trials. They described governance practically 

covering approval processes, decision rights, escalation routines, and accountability 

measures, which determined whether AI outputs became part of formal decision making. 

Governance was seen not just as policy documents but as daily interactions involving 

review forums, risk assessments, compliance checks, and executive endorsement 

processes. 

Participants described three broad patterns in governance practice. 

The first pattern involved heavily layered approval processes. This was most common in 

telecommunications, banking, and manufacturing environments. Participants described 

long decision chains that included AI committees, legal review, risk assessment, 

compliance sign off, and executive approval. These layers introduced delays and 

complicated progression. As Participant D noted: 

“There are so many governance layers, AI committee, legal, risk, that sometimes the 

opportunity passes before we get approval.” 

Participant E shared a related concern: 

“The multi layered governance structure often slows projects down or leads to rejection 

because not everyone understands the use case.” 

Participants accepted that these layers reflected regulatory and risk requirements, yet they 

also recognised that extended review cycles slowed iteration. Teams adapted by 

narrowing the use case scope or selecting low risk initiatives more likely to gain approval. 

In these accounts, governance shaped which ideas progressed and how quickly they 

moved beyond pilot phases. 

A contrasting pattern emerged, with decision rights and escalation routes unclear. 

Participants described situations in which ownership was ambiguous and cross functional 

coordination uncertain. As Participant J stated: 
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“There is no clear owner; everyone touches AI, but no one is accountable for it.” 

Participant G described similar challenges: 

“Inconsistent processes and no single process owner created major barriers when we 

tried to scale across departments.” 

Across the interviews, AI pilots advanced within individual teams but stalled when 

enterprise level alignment was required. Governance existed “in principle,” but participants 

described it as inconsistently applied in practice. As a result, initiatives remained localised 

or slowed significantly during cross unit approval. 

A smaller set of participants described governance as structured but proportionate. In 

these organisations, approval criteria and escalation processes were transparent, 

predictable, and aligned with business needs. Participant I explained: 

“We take AI use cases through the investment committee, and decisions are made using 

business cases and value criteria.” 

Participant F emphasised governance as an enabler rather than a barrier: 

“We use structured IT governance, risk management, and compliance processes to 

support AI adoption rather than to block it.” 

Participants described these environments as providing clearer expectations for 

documentation, evaluation, and decision thresholds. Predictability reduced uncertainty 

and supported momentum. 

Participants also linked governance patterns to regression. In several accounts, initiatives 

passed formal review but were not built into routine planning or performance discussions. 

When budget resets or leadership changes occurred, momentum dropped because the 

initiatives had not been anchored in recurring governance forums. Conversely, where AI 

was integrated into standing investment or oversight structures, participants described 

greater continuity through reprioritisation cycles. 

Across interviews, governance coherence shaped how AI initiatives entered and moved 

through formal decision processes. Layered structures slowed progression, unclear 

authority created drift, and predictable governance supported stability. Participants did not 
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view governance as the sole determinant of embedment, but they consistently linked 

governance design to the pace, consistency, and scalability of AI initiatives across their 

organisations. 

 

5.4.3 Theme 3 :Operational Augmentation Within Existing Structures  

Across interviews, participants described AI as delivering visible operational 

improvements while leaving broader organisational structures largely unchanged. They 

spoke about faster analysis, automated routine tasks, improved monitoring, and clearer 

workflow visibility. These gains were described as useful and performance enhancing, yet 

participants did not report widespread changes to decision hierarchies, escalation paths, 

or coordination structures. 

Many participants explained that AI initiatives were often placed in controlled, lower risk 

areas where outputs could be easily checked. As Participant, I noted: 

“We start with areas where the risk is low, and the outputs are easy to check.” 

Participant H described a similar pattern: 

“We tend to pilot AI in spaces where there is less exposure because it is easier to 

manage and monitor.” 

Participants said this approach reduced uncertainty and supported learning, but it also 

kept AI contained within specific workflows. In these accounts, AI improved how tasks 

were done but did not change how decisions were escalated or coordinated across the 

organisation. 

Human–AI collaboration reinforced this pattern. Participant J commented: 

“AI provides recommendations, but a human still makes the final call.” 

Participant M added: 

“The system can suggest, but it does not decide; accountability still sits with the person.” 

Participants treated this configuration as standard practice rather than a temporary stage. 

AI outputs were included in reports and dashboards, but final authority remained with 
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named decision makers. Even where AI contributed to KPIs, participants did not describe 

shifts in who held accountability. 

Several participants also explained that AI often entered organisations through broader 

system upgrades or transformation programmes. As Participant K stated: 

“AI usually comes in when we implement new systems or upgrades; it is not something 

that changes the structure, it is more like an add on.” 

Across the interviews, existing governance forums, approval processes, and coordination 

rhythms remained intact. AI was layered onto these systems rather than reshaping them. 

Participants frequently described a pattern of pilot proliferation. As Participant D observed: 

“There are a lot of pilots happening, but they sit within single teams and do not really 

connect to wider organisational processes.” 

Participant F made a similar point: 

“Where AI works, it is usually because someone in the team is driving it.” 

Participant D added that such initiatives were often vulnerable: 

“If the person driving it leaves, the AI work usually stops.” 

These accounts underscored that local success did not automatically translate into 

organisation wide continuity. Changes in sponsorship, budgets, or priorities often exposed 

the limits of operational augmentation. Tools and models could remain technically 

functional but lose influence when attention shifted or ownership was unclear. 

Across sectors, participants described similar patterns with sector specific constraints. In 

banking and telecommunications contexts, AI was more often integrated into reporting 

and monitoring routines. Manufacturing and petroleum participants described how legacy 

systems and operational rigidity limited progression beyond pilot stages. Despite these 

differences, participants consistently described AI as enhancing workflows rather than 

transforming organisational structures. 

A smaller number of participants shared examples of more formal routing of AI outputs 

through investment committees or performance dashboards. Participants I and C 
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described such routing as helping to maintain momentum beyond individual advocacy. 

Even across the interviews, however, participants did not report major changes to decision 

hierarchies. AI informed decisions, but it did not overhaul the underlying authority 

structure. 

Across interviews, participants portrayed operational augmentation as the common 

pattern and structural redesign as the exception. AI improved specific workflows, 

strengthened monitoring, and enhanced analytical capacity, but broader changes to 

authority or coordination structures were rarely described. In their accounts, augmentation 

was the primary form of integration. 

 

 

5.4.4 Theme 4: Data and Platform Foundations 

Across interviews, participants consistently linked the progress of AI initiatives to the 

quality and readiness of organisational data and platform environments. They described 

data not as a minor technical issue but as a central factor shaping how far AI outputs could 

travel beyond local workflows. Poor data quality, inconsistent definitions, fragmented 

systems, and limited platform capability all affected whether predictive insights could be 

scaled or remained confined to individual teams. 

Participants repeatedly emphasised accuracy and availability. As a participant, I 

explained: 

“Data challenges make it hard for the models to be accurate enough for broader use.” 

Participant G described a similar constraint: 

“Some AI projects failed simply because the data was not available when it was 

needed.” 

In these accounts, participants noted that model development was often possible, but 

broader use required consistent definitions, clear data lineage, and comparability across 

units. Fragmentation appeared across banking, telecommunications, manufacturing, and 

petroleum environments. Participant M stated: 
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“Data fragmentation is a barrier; it slows things down and stops AI from being used 

across the organisation.” 

Participant L highlighted the operational burden: 

“We spend more time reconciling data from different systems than training the model.” 

Participants noted that differing definitions and incompatible system architectures meant 

that solutions built in one domain could work locally but required additional validation and 

reconciliation before being used elsewhere. 

These gaps led to compensatory practices. Participant D explained: 

“You always have to validate the output because you cannot fully trust it with the data 

issues we have.” 

While validation built confidence locally, participants indicated that it also signalled caution 

when AI outputs were considered for broader decision processes. In contexts where data 

lineage and consistency were weak, AI outputs tended to remain advisory rather than 

authoritative. 

Participants also described platform capacity as shaping scalability. Participant F noted: 

“The infrastructure we have limits what we can do with AI.” 

Participant K added: 

“We cannot put models into production at scale because the platform is not ready and 

the costs do not get approved.” 

Production deployment required integration with legacy systems, compliance frameworks, 

and capital approval processes. Where these integrations were incomplete or costly, AI 

initiatives stayed within isolated teams. 

Sectoral differences appeared but were uneven. Banking and telecommunications 

participants described more mature data governance frameworks and scalable platforms, 

yet even within those organisations, maturity varied across business units. Manufacturing 

and petroleum participants more often described legacy systems and fragmented 
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architectures as limiting reuse across units. No sector was described as consistently 

mature across all divisions. 

Participants also linked data and platform conditions to the broader South African context. 

Legacy system coexistence, cost sensitivity, and stringent approval thresholds influenced 

the pace of platform renewal. Under these constraints, pilots advanced locally, but scaling 

required navigating longer approval and integration cycles. 

Importantly, participants did not present data quality as sufficient on its own for deeper 

embedment. Participant C noted: 

“Where the data is clean, AI really helps.” 

The participants described several cases in which clean data did not lead to broader 

adoption because governance routing or measurement structures were misaligned. 

Conversely, formal approval without scalable platforms resulted in stalled implementation. 

Across accounts, data and platform conditions interacted with organisational dynamics. 

Overall, participants described data and platform foundations as shaping the credibility, 

portability, and scalability of AI initiatives. Where fragmentation persisted, AI initiatives 

stayed within individual teams. Where data governance was stronger and platforms were 

production ready, participants reported greater ease in extending AI across organisational 

settings. Infrastructure shaped how widely and sustainably AI could be embedded. 

 

5.4.5 Theme 5 Measurement Formalisation and Performance Visibility  

Across interviews, participants described measurement practices as shaping whether AI 

initiatives moved beyond pilot activity into recurring organisational routines. They 

discussed measurement in terms of KPI linkage, attribution clarity, scheduled review 

cycles, and the evidence supporting investment decisions. Participants frequently 

emphasised the difficulty of isolating AI’s contribution in complex environments where 

many interventions occur simultaneously. As a participant, I explained: 

“It is difficult to measure AI because you can see improvements, but you cannot 

always prove what part was because of AI.” 

Participant H echoed this challenge: 



 69 

“We struggle to quantify the ROI, so the value stays informal and is talked about 

but not tracked.” 

In these accounts, AI initiatives created perceived benefits, but without an agreed upon 

attribution logic, participants felt uncertain about presenting these benefits in formal 

forums. Value was recognised informally but not always captured in structured 

performance artefacts. Where KPI linkage had been formalised, participants described  

greater visibility in executive discussions. As Participant C noted: 

“When the KPIs are tied to AI outputs, it becomes easier to indicate the impact and gain 

support.” 

In such contexts, AI performance was integrated into dashboards, reporting packs, and 

standing review forums. Participants described this integration as reducing dependence 

on individual advocacy and improving continuity across reporting cycles. 

Several participants described partial measurement practices. Metrics existed, but review 

processes or accountability structures were inconsistent. Participant D observed: 

“There is no proper review process to determine whether AI is still performing or adding 

value; it gets implemented and then left.” 

In these situations, initiatives were described as drifting after deployment. Models 

continued to run, but active validation and performance discussions faded over time. 

Participants also connected measurement to scaling decisions. As Participant F stated: 

“If you cannot indicate the impact, it does not get scaled; it just stays a local tool.” 

Participants described measurement as a gatekeeper in the life of an AI initiative. Projects 

with clearer evidence of value were more likely to reach capital allocation discussions and 

be considered for wider deployment. Several participants noted that budget cycles and 

funding resets often revealed whether an AI initiative had been formally recognised within 

the organisation. During reprioritisation, initiatives without strong performance evidence 

were more likely to be paused or moved down the list. At the same time, those with 

documented metrics tended to carry through funding shifts with greater continuity. 
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Participants emphasised, however, that measurement did not work in isolation. Clear KPI 

linkage had limited influence when it was not connected to governance pathways, and 

governance approval without strong measurement left initiatives vulnerable during review 

cycles. Across interviews, participants described measurement as working in 

combination with governance routing, platform readiness, and decision structures. 

Across the internet, measurement formalisation shaped how visible, defensible, and 

prioritised AI initiatives became. Where attribution logic, KPI linkage, and recurring review 

processes were in place, participants spoke of AI initiatives as more likely to remain visible 

and supported within organisational decision making systems. Where measurement 

remained informal or disconnected from governance forums, AI outputs were described 

as more fragile and more likely to lose traction during organisational shifts. 

 

 

5.5 Configurational Alignment and Levels of AI Embedment  

 

Research Question 1 explored how AI became embedded within organisational systems. 

Across all sectors, AI activity was evident, but the depth of embedment differed. 

Participants explained that this variation was shaped less by algorithmic sophistication 

and more by the extent to which AI outputs were incorporated into recurring governance, 

investment, and performance routines. Five structural dimensions influenced this 

incorporation: the translation of strategic intent into operational artefacts, governance 

coherence, workflow integration, data and platform readiness, and the formalisation of 

measurement. The degree of embedment reflected how these dimensions aligned in 

practice. When alignment was partial, AI remained limited in scope. When alignment was 

stronger, AI outputs were used more regularly in day to day organisational processes. The 

patterns became clearer when comparing organisations, and a participant noted that 

progress slowed because governance was layered and slow, even though workflow 

integration had improved. In others, teams experimented quickly but then lost momentum 

because ownership was unclear or escalation routes were not well defined. There were 

also cases where data remained fragmented, making reuse difficult even after governance 

forums approved the work; no single factor shaped embedment in isolation. Instead, 

movement forward or backwards happened whenever one or more of these conditions 

shifted. Participants described three recurring patterns. In fragmented embedment, 

initiatives were localised, ownership was unclear, governance was inconsistent, da ta 
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portability was low, and measurement practices were informal. Pilots advanced within 

teams but stalled when broader coordination became necessary. In process  level 

embedment, AI influenced workflows and reporting routines were defined. However, cross 

unit portability, consistent review cycles, and escalation practices remained uneven, 

limiting broader adoption within enterprise processes. In more institutionalised 

configurations, AI initiatives were channelled through formal governance forums, linked to 

KPIs, supported by scalable platforms, and embedded in recurring review cycles. Under 

these conditions, initiatives were more resilient during funding adjustments and leadership 

transitions. Participants did not view these patterns as linear stages; movement between 

them occurred when translation clarity, governance routing, measurement discipline, or 

infrastructural readiness strengthened or weakened, and funding resets and changes in 

sponsorship often revealed the true depth of embedment. Overall, variation reflected 

differences in structural alignment. AI became more stable within organisational routines 

when its outputs were consistently acknowledged in governance, investment, and 

performance discussions. Where alignment was weak, initiatives remained vulnerable 

even when technically sound. 

 

5.5.1 RQ2 Findings introduction   

 

While RQ1 focused on differences in the extent to which AI became embedded, RQ2 

examined how AI initiatives progressed or stalled across different organisational domains. 

Participants often described cases in which technically workable initiatives stalled at 

handover points among development, approval, and operational use. The interest here is 

therefore in the arrangements through which AI outputs were interpreted, authorised, 

questioned, and maintained during implementation. Across interviews, participants  

explained that coordinated execution depended on alignment across several 

organisational arrangements. Progress required shared understanding between technical 

and operational teams, clear decision routes for escalation and funding, leadership 

behaviours that either supported or limited iteration, and assurance practices that made 

use defensible. When one arrangement worked, but others were misaligned, initiatives 

tended to slow down, narrow in scope, or remain confined to technical teams. Participants’ 

accounts centred on four recurring arrangements: cross functional coordination, decision 

making, allocation and investment governance, leadership behaviour and cultural 

orientation, and assurance practices. Execution depth varied according to how these 
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arrangements operated together across development, approval, deployment, and ongoing 

review. 

 

5.5.1 Theme 1: Cross Functional Coordination as the Core Execution Mechanism   

Across sectors, participants described cross functional coordination as the central 

mechanism through which AI outputs became usable in practice. AI initiatives required 

ongoing interaction across problem definition, data preparation, model development, 

compliance review, workflow fit, and post deployment monitoring. When coordination was 

irregular, informal, or dependent on personal relationships, AI outputs often remained 

within technical teams and struggled to translate into operational processes. Coordination 

also shaped how AI outputs were interpreted. Participants repeatedly noted that the same 

output was read differently across professional groups. As a participant, I explained: 

“Data science speaks one language and operations speaks another; the same 

output means different things to each side.” 

Technical teams focused on accuracy and optimisation, operations on workflow feasibility, 

and risk functions on defensibility. Without structured spaces for shared interpretation, 

these perspectives remained separate, and technically strong outputs often s talled at 

handover points. Where coordination was formalised through recurring review forums, 

joint scoping sessions, and shared design workshops, participants described smoother 

translation into workflow decisions. As Participant, I further noted: 

“You collaborate across skills, or what the model does never becomes real value.” 

Early alignment reduced downstream escalation and redesign, and AI outputs were 

interpreted collectively before deployment. Coordination quality varied across the 

interviews. In some ICT and financial services contexts, multi disciplinary forums were 

described as part of established delivery rhythms, with clear roles for business, data, and 

risk stakeholders. In several manufacturing and logistics settings, coordination was 

described as reactive and project specific, activated mainly when friction emerged. 

Temporal misalignment created additional constraints, and AI iteration cycles outpaced 

budgeting, compliance, and operational rhythms. As Participant K observed: 

“AI moves fast; the organisation moves slow. That gap is where most of the friction 

happens.” 
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Data science teams refined models rapidly, while operational forums met quarterly , and 

governance review cycles remained fixed, with many execution challenges attributed to 

this rhythm gap. In a minority of interviews, coordination relied heavily on informal 

networks. As Participant G reflected: 

“Some of the coordination depends on who you know rather than a formal process.” 

These informal arrangements supported early experimentation but were viewed as fragile. 

When personnel changed or priorities shifted, coordination collapsed, and initiatives 

stalled. Informal brokerage accelerated early movement but did not sustain alignment 

during scaling. Two distinct coordination breakdown pathways were described. In some 

cases, early interpretive alignment was missing, leading to downstream operational 

resistance or increased risk. In others, formal coordination structures existed, but timing 

rhythms were misaligned, creating friction despite shared intent. Both pathways produced 

delays, one through interpretive gaps, the other through synchronisation gaps. Several 

participants noted that these challenges were intensified in South Africa's corporate 

environment due to high compliance expectations and multi layered oversight, which 

increased the number of stakeholders involved. At the same time, cost pressure limited 

the availability of dedicated cross functional time. When coordination forums were not 

embedded into delivery and performance cycles, AI initiatives became vulnerable during 

annual reprioritisation. Informal arrangements, in particular, rarely survived budget resets 

or leadership turnover. Across the interviews, cross functional coordination operated both 

as an interpretive alignment mechanism and a timing alignment mechanism. When 

incorporated through recurring forums with clear roles and aligned rhythm, coordination 

reduced friction, supported a shared understanding of AI outputs, and enabled movement 

through organisational decision systems. When episodic, informal, or misaligned in timing, 

AI initiatives stalled at translation boundaries or remained confined to technical teams. 

Participants also described contexts where coordination was strong but later constrained 

by unclear decision rights or weak investment governance, indicating that coordination 

enabled progress but required reinforcement from other mechanisms to sustain 

movement. 

5.5.2 Theme 2: Decision Rights and Investment Governance in Coordinated AI 

Execution 
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Across interviews, participants consistently linked AI progress to how decision authority 

and funding processes operated in practice. Decision rights shaped who could prioritise, 

escalate, fund, pause, or scale initiatives. Where ownership and escalation routes were 

clear, initiatives were described as moving more predictably from development into 

operational adoption. Where authority was diffuse or procedurally dense, initiatives often 

slowed or stalled during scaling transitions. Several participants also described smoother 

transitions from pilots into operations when a named business owner carried budget 

accountability and performance responsibility. As Participant H explained: 

“Once an operational executive takes ownership, the project stops being a data 

experiment and becomes part of how the business runs.” 

In these contexts, escalation routes were defined, and resourcing mandates were explicit. 

Participants described clearer continuity beyond the build phase. In other interviews, 

authority was formally present but procedurally layered. Sequential approval gates across 

architecture, legal, compliance, and risk extended timelines and shaped initiative scope. 

As Participant D observed: 

“There are so many governance layers that sometimes the opportunity passes 

before we get approval.” 

Participants explained that extended review cycles influenced behaviour, and teams 

gravitated toward lower risk use cases that were more likely to secure approval within 

existing timelines. The constraint was linked to review tempo and procedural density rather 

than a lack of authority. A different pattern emerged, with ownership ambiguous. As 

Participant J stated: 

“There is no clear owner. Everyone touches AI, but no one is accountable for it.” 

Participant F described the consequence: 

“We built the solution, but when we tried to roll it out, the business said it was not 

their priority.” 

Across the interviews, development capacity existed, but no unit assumed sustained 

responsibility for operational integration. Participants described technically viable 

initiatives that paused at scaling transitions due to a contested mandate, and Capital 
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allocation practices further shaped continuity. Several participants linked funding cycles 

directly to execution tempo. Participant E noted: 

“Funding shifts quickly. AI is the first thing to be paused when budgets tighten.” 

Similarly, Participant M reflected: 

“Investment decisions are often IT driven and managed by separate committees… 

when the funding cycle changes, priorities shift, and AI work slows down.” 

Participants described stop–start funding as disrupting progression beyond pilot phases, 

even when formal approval had been secured. In contrast, where funding was protected 

or aligned with lifecycle stages, initiatives maintained continuity through iteration. A 

minority of interviews described proportionate governance arrangements. In these 

contexts, oversight intensity varied according to use case risk and development stage. 

Participant C explained: 

“Routine automation initiatives underwent lighter review processes, while higher 

risk models required more scrutiny.” 

Decision rights were explicit, escalation routes were predictable, and approval tempo 

aligned with delivery rhythms, enabling progression without removing oversight. Across 

interviews, authority configuration influenced both direction and tempo. Dense approval 

systems introduced delays and narrowed the scope of initiatives. Diffuse authority created 

drift and stalled scaling transitions. Clear ownership and aligned capital allocation 

supported continuity. Participants also described how these dynamics were amplified in 

the South African corporate environment. Compliance intensity increased the number of 

stakeholders involved in approvals, extending review timelines. Budget cycle volatility 

heightened the vulnerability of initiatives delayed in governance forums. Under these 

conditions, initiatives without protected funding or explicit mandate were described as 

more susceptible to reprioritisation. Overall, participants portrayed decision rights and 

investment governance as shaping how AI initiatives moved from development into 

sustained operational use. Where authority was explicit, escalation routes were defined, 

and funding continuity aligned with lifecycle stages, initiatives progressed more 

consistently. Where authority was layered, ambiguous, or disrupted by funding shifts, 

initiatives often slowed, narrowed in scope, or stalled during scaling. 
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5.5.3 Theme 3 Cultural Orientation and Leadership Behaviour as Legitimacy 

Mechanisms (Corrected with Attribution) 

Across interviews, participants described cultural orientation and leadership behaviour as 

shaping whether AI initiatives were treated as legitimate organisational priorities or as 

discretionary experiments. Whereas decision rights structured formal authority (Theme 2), 

cultural and leadership dynamics influenced whether participants were willing to exercise 

that authority in the face of uncertainty. Legitimacy was therefore both behavioural and 

structural. 

In several telecommunications and corporate contexts, participants described hierarchical 

and risk sensitive environments in which experimentation required visible evidence before 

receiving sustained support. As Participant L observed: 

“Older leadership slows adoption because they are more resistant to change.” 

Similarly, Participant G explained how evidentiary expectations shaped momentum: 

“Leadership wanted evidence of value, but there were no systems to measure it, 

so interest faded when quick wins did not materialise.” 

In these interviews, tolerance for iteration was limited, and AI initiatives were expected to 

show rapid, measurable impact. When measurement systems were immature or early 

gains were ambiguous, participants described momentum slowing, especially during 

funding and review cycles. By contrast, several ICT and banking participants described 

environments where experimentation was structured and embedded into recurring review 

forums. As Participant F explained: 

“Post implementation reviews and dashboards help us refine AI use cases and 

identify where performance needs to improve.” 

In these contexts, iteration occurred through scheduled review cycles. Participants 

described culture not as abstract openness but as observable practices: review frequency, 

willingness to revisit assumptions, and structured recalibration after deployment. 

Therefore, leadership positioning further shaped legitimacy. Participant L noted that AI 

gained continuity when visibly endorsed and embedded into performance systems: 
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“Now it is becoming embedded as part of our KPIs… because it is forced from the 

top layer.” 

Embedding AI into KPIs signalled enterprise priority and reduced discretionary 

interpretation. Participants described this inclusion as strengthening continuity beyond 

individual advocacy. Conversely, when sponsorship was absent or ambiguous, initiatives 

were described as stalling during scaling transitions. As Participant P stated: 

“Where it does not work is when it is department led and not a top down decision… 

it goes through a longer cycle and stalls.” 

In these settings, leadership framing influenced whether AI was treated as an enterprise 

mandate or remained a departmental initiative requiring repeated justification. Participants 

also described tension between strategic endorsement and delegated authority. As 

Participant M reflected: 

“Middle managers are the execution layer but need more autonomy to make 

decisions.” 

This tension contributed to uneven adoption across functions. Participants described 

contexts where AI was strategically supported, yet the pace of experimentation slowed 

because decision making remained centralised. Throughout the interviews, two main 

patterns emerged: environments that require strong evidence before iteration and those 

that integrate structured experimentation into regular routines. Participants often linked 

these patterns to cost pressures and reprioritisation cycles within South African 

corporations, where visible returns were expected within limited timeframes. Overall, 

participants identified cultural orientation and leadership behaviour as key factors of 

legitimacy. Visible sponsorship, KPI integration, and scheduled review practices 

reinforced AI as a corporate priority. The lack of sponsorship, rigid evidence requirements, 

or limited autonomy reduced tolerance for experimentation and delayed progress. 

Participants also mentioned settings in which supportive climates existed, but coordination 

or authority structures still limited scaling. Legitimacy influenced willingness to act, while 

organisational mechanisms determined how far initiatives advanced. 

5.5.4 Theme 4 Risk, Ethics, and Assurance as Stabilising and Destabilising 

Configurations 
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Across interviews, participants described risk oversight, explainability, and monitoring 

practices as shaping whether AI initiatives advanced into higher stakes organisational 

processes. Assurance was positioned as influencing escalation, but its effect varied 

depending on how it was embedded into organisational rhythms. Participants described 

configurations that stabilised progression and others that introduced delays or fragility. In 

several interviews, assurance enabled escalation by reducing uncertainty and increasing 

organisational confidence, with explainability and lineage transparency being described 

as fundamental. As Participant L emphasised: 

“You must always know what data was used and why the model gave that output.” 

Similarly, Participant B explained: 

“Once lineage was visible, the discussion moved to how we could use it 

operationally, not whether we were allowed to use it at all.” 

In these interviews, traceability shifted scrutiny from permission to the application of the 

AI model's logic; documentation and decision logs became explicit. Participants described 

escalation discussions as becoming more focused on operational integration rather than 

legitimacy concerns. Early involvement of risk stakeholders was also seen as stabilising. 

As Participant, I stated: 

“Risk is involved early, before you build, not after. That avoids surprises later.” 

Participants described upstream engagement as clarifying constraints during scoping and 

reducing the need for late stage redesign, with risk review occurring alongside 

development rather than sequentially, aligning assurance processes more closely with AI 

iteration cycles. Human in the loop arrangements were described as additional stabilising 

structures. As Participant J noted: 

“AI provides recommendations, but a human still makes the final call.” 

Participants described these configurations as preserving accountability while allowing AI 

outputs to be introduced gradually into operational routines. Where such oversight was 

embedded in recurring review forums, AI recommendations were revisited across 

successive cycles and increasingly incorporated into decision making processes. In 

contrast, participants also described assurance configurations that constrained 
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progression. In some contexts, oversight was sequential and procedurally dense. As 

Participant G observed: 

“The oversight is so cautious that even low risk use cases take months to approve.” 

Participants explained that extended approval cycles conflicted with AI iteration tempo. 

Prolonged review reduced appetite for experimentation and pushed teams toward lower 

risk, more easily defensible use cases. Delay rather than rejection was often the binding 

constraint. Other participants described instability arising from insufficient lifecycle 

monitoring once models were live. As Participant D reflected: 

“We do not consistently monitor AI once it is live. Things drift, and we only notice 

when there is a problem.” 

In these contexts, escalation became reactive when drift surfaced unexpectedly. 

Participants described the absence of scheduled reassessment and structured monitoring 

as limiting sustained confidence in AI outputs. Although excessive procedural layering and 

weak lifecycle monitoring represent opposite conditions, both were described as 

constraining progression—one through delay and the other through discontinuity. 

Assurance was also described as mediating professional tensions. Technical teams 

prioritised optimisation, business units emphasised operational tempo, and risk functions 

prioritised defensibility. When assurance was integrated into recurring cross functional 

forums, these perspectives were addressed earlier in the lifecycle. Where oversight was 

delayed or sequential, participants described increased rework and friction between 

domains. Several participants noted heightened evidentiary expectations in regulated 

banking and telecommunications contexts. Compliance intensity increased escalation 

thresholds, and cost pressure heightened sensitivity to approval delays. Under these 

conditions, proportionate and lifecycle integrated assurance was described as particularly 

consequential for progression. Across the interviews, risk, ethics, and assurance did not 

operate uniformly as barriers or enablers. Participants emphasised that their effect 

depended on configuration. When embedded early, proportionate, and aligned with 

delivery rhythms, assurance supported escalation and coordinated execution. When 

sequentially layered or weakly institutionalised, it introduced latency or exposed initiatives 

to drift. Participants consistently described execution depth as shaped less by the 

presence of oversight than by how and when assurance practices were integrated into 

recurring organisational processes. 
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5.5.5 RQ2: Integrated Findings 

Across interviews, participants described coordinated AI execution as progressing when 

cross functional coordination, decision making authority, leadership reinforcement, and 

assurance practices worked together across development, approval, deployment, and 

operational use. No single mechanism was described as sufficient. Initiatives advanced 

when these arrangements operated in harmony and slowed when they did not. 

Participants more often cited breakdowns caused by misalignment rather than by the 

complete absence of mechanisms. Technically viable solutions stalled at operational 

handover when no unit accepted long term ownership or budget responsibility. In some 

cases, ownership was on paper, but coordination routines were irregular, leading to 

cautious or partial adoption of the workflow. Participants consistently noted that 

coordination and authority were interdependent; neither functioned well in isolation. Time 

mismatch was frequently mentioned; participants explained that AI development occurred 

in short, iterative cycles, while governance and assurance forums operated on slower, 

quarterly or step by step schedules. When these rhythms did not align, approval was 

delayed, the scope of work was narrowed, and deployment slowed. Even with oversight 

structures in place, friction persisted because the review pace did not match the pace of 

development. Leadership reinforcement also shaped continuity; participants described 

situations in which leaders verbally endorsed AI but did not establish regular review forums 

or allocate protected time for iteration, leading to uneven progress. Conversely, when AI 

was included in standing governance agendas and review cycles ran predictably, 

refinement was more stable and less reliant on individual champions. 

Assurance practices further influenced progress. Early and proportionate risk involvement 

reduced late stage rework and facilitated smoother escalation. When oversight was only 

introduced after development was completed, participants reported rework, scope cuts, 

and new bottlenecks. The effectiveness of assurance depended on how and when it was 

integrated into coordination and authority processes. Across sectors, participants 

described different breakdown patterns. In regulated banking and telecommunications 

settings, the biggest pressure appeared at escalation points. Layered review processes 

increased the amount of evidence required to move forward, often slowing momentum. In 

ICT organisations, owners often become unclear during scaling. In manufacturing and 

petroleum contexts, long standing structures and rigid operating models made redesign 

difficult, even when coordination was good, and leaders were supportive. Although 

specific pain points varied, execution slowed whenever coordination, authority, cadence, 
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and reinforcement of leadership did not work together. Participants also noted that 

volatility in budget cycles, cost pressures, and compliance requirements heightened 

sensitivity to delays. Under tight timeframes, initiatives lacking stable coordination and 

clear ownership were more likely to be deprioritised. A smaller number of interviews 

described more stable configurations. These included recurring cross functional forums 

on predictable schedules, named owners with aligned budget authority, leadership 

embedding AI into governance routines, and early integration of assurance in the lifecycle. 

In such contexts, iteration and escalation occurred within established organisational 

processes. Throughout the interviews, participants consistently contrasted technical 

capability with organisational momentum; the AI model's sophistication alone did not 

determine progress. Initiatives advanced when coordination, authority, leadership 

reinforcement, and assurance practices operated together across phases. When these  

arrangements were misaligned, initiatives remained in pilot mode, stalled during scaling, 

or required repeated renegotiation at each transition. Overall, coordinated AI execution 

was described in organisational rather than purely technical terms and was embedded 

within recurring governance and review systems. 

5.6 R Q3: Integrated Findings 

Research Question 3 explored how participants described the longer term consequences 

of AI becoming embedded in organisational systems. While RQ1 focused on differences 

in embedment depth, RQ2 examined the organisational arrangements that shaped 

coordinated execution, and RQ3 turned to questions of durability and competitive effect 

over time. Across the interviews, participants indicated that there was a clear distinction 

between having AI activity in the organisation and achieving sustained competitive impact. 

Many described operational improvements, faster analysis, automation, stronger 

monitoring, and better decision support. But they did not automatically see these gains as 

creating a competitive advantage. Several participants separated visible efficiency 

improvements from outcomes that were reinforced through recurring organisational 

routines, and were therefore less exposed to sponsorship changes, reprioritisation, or 

budget cuts. Participants did not attribute long term performance differences solely to 

model sophistication. Instead, they described durability emerging when AI outputs were 

tied to formal measurement systems, built into organisation specific workflows and 

governance processes, recalibrated through regular review routines, and supported by 

consistent leadership and assurance practices. Where embedment was localised or 

weakly reinforced, improvements were described as short lived, contested, or limited to 
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individual teams. Importantly, competitive effects were not seen as an automatic or 

immediate result of adoption. In several accounts, early gains faded when measurement 

links were weak, when review routines broke down, or when sponsorship changed. 

Participants described sustained differentiation in contexts where AI outputs were 

repeatedly measured, discussed, defended, and adjusted within ongoing governance and 

performance forums. In their accounts, durability was associated with reinforcement over 

time. AI related value became more resilient when it was routinised within organisational 

systems, rather than dependent on individual champions or isolated metrics. The sections 

that follow examine four reinforcing conditions participants linked to durability: 

measurement formalisation, structural integration and complementarity, institutionalised 

learning and recalibration, and legitimacy reinforcement. Together, these accounts 

describe how, in some settings, AI contributed to more sustained performance differences 

within the constraints of South African corporate environments. 

5.6.1 Theme 1 Measurement and Value  

Across interviews, participants drew a line between AI initiatives that improved day to day 

operations and those that had a longer term organisational impact. Operational 

improvements, faster analysis, automation, better monitoring, and stronger decision 

support were common across the board. However, participants did not always see these 

gains as creating sustained competitive value. Instead, durability was described when AI 

impact became visible inside formal performance and governance systems. In banking, 

measurement was closely tied to formal decision spaces. Participants spoke about 

executive packs, risk committees, and model approval forums as moments when 

quantified results shaped what moved forward. As Participant B put it: 

“If it shows up in the pack, it becomes real.” 

Participant C added: 

“When the KPIs are tied to the model, it becomes part of how we run the business.” 

Participant M noted the link to funding: 

“If you can show the impact in rands and minutes, nobody pushes back when 

funding cycles come.” 
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Across these accounts, measurement shaped whether an initiative entered portfolio 

discussions and whether it received continued support. In telecommunications, 

participants linked measurement to responsiveness and market position. Participant L 

reflected on competitive pressure: 

“One would not ignore it if you are competing with external companies… if you look 

at MTN and Vodacom.” 

The same participant tied AI use to revenue and market share: 

“Is my revenue growing or am I declining as an organisation?” 

“Are you able to adjust, and are you getting the market share?” 

Here, measurement was discussed less in terms of internal governance and more in 

relation to external performance and speed. Structural embedment linked to measurement 

also varied across sectors. In banking, participants described embedment as involving 

multiple systems and compliance routines. Participant, I mentioned validating handovers: 

“from system number two… to system number three… to system number four,” 

By showing how AI outputs depended on connected systems, Participant B highlighted 

the need for ethical and risk review before deployment, and Measurement was tied to 

lineage clarity and governance oversight. In ICT and consulting settings, participants 

emphasised codified processes and the enforcement of policies. Participant P explained: 

“I promote policy enforcement once the processes are implemented.” 

Here, irreversibility was linked to rewriting workflows and formalising procedures. 

In manufacturing, participants focused on operational integrity and data reliability. 

Participant E commented: 

 “Failures occurred when the focus was solely on automation without ensuring data 

validity.” 

Measurement stabilised performance only when the underlying inputs were dependable. 

Participants also described how measurement interacted with other organisational 

processes. In banking, quantified impact and governance legitimacy were closely linked. 
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Visibility in executive packs and KPI systems made review easier and helped maintain 

continuity. Learning processes were tied to structural reinforcement. Participant K 

highlighted cadence differences: 

“The model can update weekly; the organisation moves quarterly.” 

Participant F added: 

“Learning is not just adjusting the model; it is adjusting the process around it.” 

Recalibration, in these accounts, involved adapting workflows and review thresholds along 

with model refinement. Competitive framing differed by sector. Telecommunications 

participants used more explicit market language, emphasising speed and difficulty of  

imitation. Participant L noted: 

“It then becomes difficult for traditional companies even to imitate it because this 

one has already moved 10 steps forward.” 

Consulting accounts echoed this, describing initiatives as “hard to imitate.” In banking, 

competitive framing is centred on the licence to operate, risk accuracy, and reputation. 

Participant M stated: 

“In the banking industry, it is highly regulated and has high awareness around risk 

appetite and license keeping, the license to operate.” 

Participant B stressed the importance of avoiding reputational harm. 

Across interviews, participants did not describe AI as generating a competitive advantage 

on its own. Instead, AI enhanced sector specific capabilities: customer responsiveness 

and pricing agility in telecommunications; governance credibility and risk accuracy in 

banking; operational discipline in manufacturing; and policy enforcement and process 

codification in ICT. When AI outputs were incorporated into performance systems, linked 

to workflows and governance structures, updated through regular review cycles, and 

recognised as legitimate and defensible, initiatives were seen as more stable and less 

prone to reversal. Conversely, when one or more of these elements were weak, initiatives 

were more likely to stall, lose momentum, or be deprioritised. Across sectors, the 

competitive impact varied depending on organisational configuration and context. 

Participants consistently distinguished between operational improvements and lasting 



 85 

organisational effects, associating durability with measurement visibility, structural 

integration, learning routines, and legitimacy within recurring review systems. Throughout 

the interviews, participants made a clear distinction between merely using AI tools and 

structurally integrating them into the organisation. Tools and models were described as 

widely accessible across sectors. What determined durability, in their view, was not just 

access to technology but the degree to which AI outputs were embedded into organisation 

specific systems, routines, and capabilities. In banking, participants linked durability to 

close integration with data ecosystems and governance structures. 

“Competitors can buy the same model, but they cannot buy the way our people 

understand the processes and data behind it.” 

Participant J echoed this view: 

“You do not get a strategic advantage from a tool. You get it from the people who 

know how to apply it in your business.” 

In these accounts, advantage came from embedding AI into approval steps, lineage 

processes, and risk evaluation, not from the model alone. Participant I illustrated this by 

describing validations running: 

“from system number two… to system number three… to system number four,” 

This highlights how multi system dependencies tie AI outputs into broader organisational 

infrastructure. In telecommunications, embedment was described in relation to 

performance discipline and operational tempo. Participant L noted: 

“AI initiatives had become embedded as part of our KPIs… your boss or executive 

will say: what AI initiatives are you embedding in your day to day work?” 

Here, integration happened through performance routines and direct executive attention. 

AI was also tied to rapid adjustments in network operations: 

“We can pick up certain themes… then decide what the next move in terms of user 

base or congestion is.” 

Durability in this sector was described less through formal governance and more through 

everyday operational decision making and responsiveness to market shifts. In consulting 
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and ICT contexts, participants described embedment through process redesign and the 

development of internal capability. Participant P stressed the importance of early 

alignment: success depended on whether AI was embedded. 

 “as part of the strategic roadmap from day one, or if it was just another shiny tool 

that someone bought.” 

Durability was described as emerging when workflows were rewritten, and end users were 

involved early. Participant P added: 

“We did not just automate the broken process… we actually involved the end users 

from day one, did proper change management, did piloting as well.” 

Skills transfer was also seen as central: 

“Skills transfer is often not regarded as a success criterion… without the knowledge 

transfer, they depend on vendors forever.” 

In these accounts, capability depth, not just automation, shaped whether AI became part 

of the organisation rather than a temporary add on. Manufacturing interviews focused on 

operational coherence and data validity. Participant E captured this challenge plainly: 

“We have got the data, we have put the data in, we have got the data out, we have 

got a report. Now what?” 

Participants noted that failures occurred: 

“When the focus was solely on automation without ensuring data validity.” 

Here, embedment depended on disciplined inputs and stable routines. AI that improved 

reporting but did not sit within workflow checkpoints was described as easily replaceable. 

AI integrated into production processes and data control points was described as  more 

embedded. Across sectors, participants distinguished between loosely coupled 

deployments and tightly integrated configurations, with modular tools used for isolated 

tasks considered easier to replace. In contrast, AI linked to decision checkpoints, approval 

routines, workflow thresholds, or codified operating standards was described as far harder 

to remove, because removal required wider process change. Internal capability depth also 

mattered. Participant C noted: 
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“Internal capability speeds everything up, alignment, fixes, iteration.” 

Participants associated in house expertise with better alignment between AI outputs and 

operational context, quicker adaptation, and less reliance on external vendors. In 

telecommunications, this capability depth was also tied to speed. Participant L observed: 

“When organisations moved quickly with AI, it then became difficult for traditional 

companies even to imitate it because they had already moved 10 steps forward.” 

In these accounts, embedment reflected accumulated learning and organisational tempo, 

not governance architecture alone. Across interviews, participants did not attribute 

durability to algorithmic sophistication by itself. Instead, they linked sustained ef fect to how 

tightly AI outputs were tied to sector specific systems: governance and lineage in banking; 

performance discipline and operational tempo in telecommunications; process redesign 

and capability transfer in consulting; and operational validity in manufacturing. When 

integration was shallow, AI outputs were described as replaceable. 

5.6.2 Institutionalised Learning and Adaptation  

Across interviews, participants described AI performance as changing after deployment 

rather than stabilising at launch. Improvement in their accounts came from repeated use, 

structured review, and ongoing adjustment, not from initial model accuracy alone. In 

several banking interviews, learning was linked to formal review rhythms. Participant C 

noted: 

“It is not the first version of the model that gives an advantage; it is the tenth version 

after we have learned from the data and the operations.” 

Advantage, in this view, came from cumulative refinement over many iterations. 

Participant K highlighted the importance of timing: 

“The model can update weekly; the organisation moves quarterly. The ones who 

align those cycles improve much faster.” 

Participants explained that when model update cycles and organisational review forums 

moved at similar speeds, performance improved more quickly. When updates outpaced 

governance, recalibration slowed, and gains levelled off. Learning was also described as 

extending beyond the model itself. Participant F explained: 
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“Learning is not just adjusting the model; it is adjusting the process around it.” 

In these accounts, improvement required changes to workflow thresholds, decision 

checkpoints, and escalation logic. Recalibration involved adapting surrounding routines 

as much as tuning the model. Participants also described reinforcing usage loops. 

Participant M stated: 

“The more the teams use it, the better the data gets, and the better the model gets.” 

Increased use generated richer operational data, which supported further refinement and 

strengthened reliance. When usage was part of recurring routines, participants described 

improvement as compounding over time. In telecommunications contexts, learning was 

framed in terms of responsiveness. Participant L described using AI to detect themes and 

congestion patterns, then: 

“decide what the next move in terms of user base or congestion is.” 

Here, adaptation was tied to market tempo, pricing agility, and customer responsiveness 

rather than formal governance cycles, and the majority of Participants also noted fragility 

when recalibration was not routinised. Participant A observed: 

“Learning only sticks when it is built into the system; otherwise, every new cycle 

starts from scratch.” 

Participant B added: 

“When learning is documented and reviewed, it survives people moving.” 

Where review processes were informal or reactive, improvement was described as 

vulnerable to turnover, budget cuts, or shifting priorities. Early gains often plateaued when 

structured reassessment was missing. Across the interviews, participants linked sustained 

performance to the routinisation of recalibration. Learning that was embedded within 

regular review forums, documented processes, and stable usage routines was described 

as more durable. Where refinement was episodic or depended on specific individuals, 

improvements were described as temporary or easily reversed. Participants therefore 

drew a clear distinction between deployment and institutionalised adaptation. AI was 

described as having competitive consequences not at first implementation, but when 

repeated refinement was built into organisational cycles and survived routine disruption 
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5.6.3 Legitimacy, Trust, and Ethical Embeddedness  

In interviews, participants described legitimacy and trust as shaping whether AI initiatives 

were accepted, sustained, or resisted, with AI technical performance alone not considered 

sufficient. Acceptance depended on how AI was understood ethically, culturally, and 

institutionally across different organisational settings. In telecommunications interviews, 

internal trust and cultural acceptance were raised frequently. Participant L noted: 

“People were worried AI would take their jobs… the culture of fear hindered the 

strategy.” 

Resistance here was linked to concerns about job security and organisational culture, not 

model accuracy. Consulting participants echoed this pattern. Participant P observed: 

“In this fear based culture, you get resistance disguised as concerns… suddenly everyone 

is worried about data privacy or process disruption.” 

Participants described legitimacy problems emerging when AI was introduced without 

meaningful engagement. As Participant P reflected: 

“I have seen companies torpedo AI projects because they did not bring the people 

along… they introduced it at the end and said this is the thing you need to use.” 

Trust, in these accounts, depended on openness and involvement. Participant P 

emphasised: 

“Trust comes from honesty. Resistance comes from feeling like you are being 

managed rather than being brought into the transformation.” 

Ethical clarity was also seen as central. As Participant P stated: 

“If you are planning to use AI to cut jobs, tell people upfront rather than pretending 

it is about efficiency.” 

These accounts demonstrated legitimacy based on internal ethics and communication, 

not solely on formal compliance. Leadership signalling was clearly influential in shaping 

legitimacy. Participant L explained: 



 90 

“When leadership is speaking, they are always talking about AI… what AI initiatives 

we are doing as the whole group.” 

In these contexts, regular references to AI within executive communication reinforced its 

organisational priority. Participants also mentioned structured reporting channels: 

“They are reported on… newsletters, forums, and the results that AI is bringing to 

the organisation are communicated clearly.” 

Such communication strengthened credibility and reduced informal resistance. However, 

participants also described this legitimacy as fragile. Participant L noted: 

“If the champion leaves, things stop… the knowledge sits with individuals.” 

Durability, in these cases, relied on legitimacy being embedded within systems rather than 

concentrated in individual advocates, and governance processes played an ambivalent 

role. In telecommunications interviews, oversight structures sometimes appeared 

misaligned with operational speed. Participant L commented: 

“The governance red tape slows everything down… even though AI can help.” 

Throughout the interviews, legitimacy concerns emerged when governance was viewed 

as obstructing rather than facilitating operational improvement. Across different sectors, 

participants described legitimacy as influencing both progress and stability. AI in itiatives 

that were transparent, ethically communicated, supported by leadership, and visible within 

regular communication channels were seen as more likely to achieve stable acceptance. 

In contrast, where fear, lack of transparency, or reliance on specific individuals prevailed, 

initiatives were depicted as susceptible to resistance or reversal. Participants thus viewed 

legitimacy not as an inherent result of technical reliability but as a negotiated condition 

shaped by culture, ethical transparency, leadership reinforcement, and institutional 

embedding. 

5.6.5 Integrated Findings: From Adoption to Competitive Consequences 

Across interviews, participants drew a clear distinction between adopting AI and 

experiencing any sustained competitive advantage. AI tools were widely used, but their 

competitive effects were described as conditional rather than guaranteed. Participants did 

not claim that AI alone created market dominance or assured better performance. Instead, 
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long term impacts appeared in settings where AI outputs were integrated into 

organisational systems for evaluation, resourcing, coordination, and review. Early 

deployments often delivered operational gains, quicker processing, improved forecasting, 

and stronger decision support. However, participants noted these benefits were fragile 

when situated within isolated workflows or heavily reliant on a single sponsor. Across 

sectors, it was emphasised that improvements remained vulnerable to reprioritisation, 

budget shifts, or leadership changes unless anchored in formal performance and 

governance structures. Durability was more often described when AI outputs featured in 

recurring performance and review processes. When AI contributed to KPIs, executive 

reports, cost attribution models, or portfolio review forums, visibility increased during 

capital allocation discussions. In banking, measurement was closely tied to risk 

governance and approval routines, which reinforced concerns about credibility and 

operational licence. In telecommunications, the impact was quantified by revenue growth, 

pricing agility, customer responsiveness, and shifts in market share. In these market facing 

contexts, participants spoke more explicitly about competitive positioning, whereas in 

regulated environments, AI was framed as enhancing organisational resilience. Structural 

integration also influenced how participants discussed durability. When AI outputs were 

embedded within workflow checkpoints, governance forums, data lineage chains, and 

resource allocation systems, initiatives were viewed as more difficult to unwind. Banking 

participants highlighted multi system integration and risk oversight. ICT and consulting 

participants referred to process codification and policy enforcement. Manufacturing 

interviews focused on reliable data inputs and stable processes. Across all these contexts, 

the extent of embedment reflected existing organisational structures. Recurring 

recalibration practices played a similar role, with participants citing drift monitoring, 

cadence alignment, and cross functional retrospectives as key to maintaining continuity. 

Telecommunications participants linked learning to responsiveness and competitive 

movement, while banking participants emphasised maintaining governance integrity and 

regulatory confidence. When recalibration occurred within predictable review cycles, 

performance remained more stable; when learning was informal or inconsistent, gains 

tended to plateau. Legitimacy practices operated alongside these mechanisms, with 

explainability, auditability, and documented oversight seen as stabilising, particularly 

under regulatory pressure. In banking, these practices reinforced credibility and 

institutional trust. In telecommunications, legitimacy was more directly tied to visible 

performance outcomes and responsiveness. Participants did not view legitimacy as a 

competitive advantage per se but as a means of enabling AI to scale smoothly without 
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friction or reversal. Throughout the interviews, a sustained competitive advantage 

emerged in which measurement anchoring, structural integration, regular recalibration, 

and legitimacy practices combined—though the form these took varied across sectors. In 

market facing contexts, AI was associated with pricing agility, customer movement, and 

imitation difficulty. In regulated sectors, emphasis was on governance precision and 

institutional trust. Manufacturing and ICT discussions highlighted operational disc ipline 

and process reliability. No participant claimed AI alone created a competitive advantage; 

rather, it amplified existing strengths when deeply embedded within organisational 

systems. Shallow embedment kept improvements local and susceptible to loss, whereas 

reinforced embedment across performance, governance, learning, and legitimacy 

processes was seen as contributing to more durable organisational positioning. 

6. Chapter 4: Research Methodology  

 

6.1  Introduction  

 

This chapter examines how the empirical findings speak to the study’s central theoretical 

concern: how AI becomes consequential for corporate‑strategy implementation.  The 

findings challenge the common assumption that simply adopting AI improves execution or 

strengthens competitive position. Organisations with similar technologies produced very 

different outcomes. What distinguished them was not the amount of AI deployed, but the 

depth of embedment whether predictive outputs became part of the governance forums, 

escalation pathways, decision rules, coordination routines, performance systems, learning 

cycles, and assurance practices that stabilise execution.  This chapter develops this 

structural explanation by examining how AI becomes binding within authority 

architectures, how coordination adjusts under continuous evidentiary pressure, and how 

differences in embedment depth shape adaptive execution and durable competitive 

outcomes. 

 

6.2  . RQ1 Discussion 

  

Across the interviews, participants challenged diffusion-style explanations by arguing that 

AI embedment was not determined by the scale of adoption or analytical sophistication, 

but by whether predictive outputs became structurally integrated into cross-functional 

governance and decision-making processes. Organisations with large AI portfolios did not 
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always describe deeper structural integration, while others with fewer applications 

reported more meaningful changes in governance routines. The pattern was not uniform, 

but participants offered several examples in which broad AI activity coexisted with 

discretionary escalation practices, and cases in which smaller deployments were linked to 

more formal review thresholds. Overall, embedment depth appeared more closely tied to 

shifts in authority routines than to the scale of technology use.Participants understood 

embedment depth as the extent to which predictive outputs shaped and recalibrated the 

rule-level structures that governed escalation, resource allocation, and mandate 

validation. This interpretation aligned with execution architecture perspectives that 

emphasise governance forums, clear decision rights, and disciplined escalation as central 

to coordinated implementation. Under AI enabled conditions, participants suggested that 

embedment involved shifts in the evidentiary standards built into these structures. 

Predictive systems were not described merely as circulating information; in some settings, 

they appeared to alter the criteria by which issues entered authority arenas 

 

Theme 1: Strategy Translation and Middle‑Layer Mediation 

 

Across the interviews, participants emphasised that AI embedment depended first on how 

well strategic intent was translated into daily work. Senior leaders often communicated AI 

priorities clearly, but these priorities did not always reach the operational level in a 

meaningful way. When ownership, accountability, and workflow implications were unclear, 

AI remained isolated within teams—even when the tools were technically sound. This 

pattern confirms execution‑architecture research, which argues that coordinated 

implementation depends on coherent authority pathways and clear mandates (Friesl 

et al., 2021; Tawse & Tabesh, 2021; Menz et al., 2021). Participants repeatedly traced 

stalled AI initiatives to gaps in ownership clarity and uneven interpretation of strategic 

intent. However, the findings also showed that governance coherence alone was not 

sufficient in algorithmically mediated environments. AI priorities only gained organisational 

consequence when middle‑layer managers converted strategy into operational artefact 

such as KPI linkages, responsibility matrices, workflow adjustments, and explicit 

escalation expectations. Without this translation work, predictive outputs struggled to enter 

escalation or review cycles and remained technically visible but structurally irrelevant. The 

contrasts with capability‑driven views that assume strategic direction or analytics maturity 

naturally lead to organisational impact (Enholm et al., 2022; Mikalef & Gupta, 2021). The 

interviews therefore identify middle‑layer translation as the mechanism that activates 
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structural embedment. Translation was more than communication; it involved making AI 

actionable by clarifying who decides, how work changes, and how performance will be 

assessed. When translation occurred, predictive criteria became embedded in 

dashboards, KPIs, escalation routes, and review routines. When it did not, AI remained 

peripheral despite leadership support. Therefore, the findings extend 

execution‑architecture theory by showing that, under predictive‑systems conditions, 

structural embedment begins with translation. Governance endorsement alone did not 

secure operational incorporation; predictive outputs became binding only when translation 

produced artefacts that carried authority downward through the organisation. 

 

Theme 2:  Governance Coherence and Decision Processes  

Execution‑architecture research shows that governance coherence, disciplined 

escalation, and clear decision rights form the backbone of coordinated strategy 

implementation (Friesl et al., 2021; Tawse & Tabesh, 2021; Menz et al., 2021). The 

findings confirmed this, as participants repeatedly described approval forums, escalation 

triggers, risk checks, and decision pathways as central to whether AI initiatives moved 

beyond early experimentation. However, the findings also showed that governance did 

not operate smoothly in algorithmically mediated settings by having Multi‑step approval 

systems slowed iteration, unclear decision authority created drift, and only governance 

that was proportionate and well‑aligned supported consistent progression. therefore, this 

contrasts with the assumption in the literature that governance structures work effectively 

once they are formally defined (Friesl et al., 2021). Under continuous predictive visibility, 

governance no longer acted as a static container for decisions but as an evidentiary filter 

determining which predictive outputs were allowed into authority forums. This insight 

extends execution‑architecture theory by demonstrating that, with AI, the decisive element 

is not the existence of governance structures but whether the rules within those structures 

recalibrate evidentiary thresholds to recognise predictive signals as procedurally valid. 

 

Theme 3: Operational Augmentation Within Existing Structures  

Participants described widespread operational augmentation faster analysis, automation, 

clearer monitoring but these gains did not shift escalation thresholds, justificatory 

standards, or allocation rules. AI enhanced workflow efficiency while existing authority 

systems remained intact. This pattern confirms prior research showing that improved 

analytics do not automatically reconfigure decision architectures (Enholm et al., 2022; 

Raisch & Krakowski, 2021). It also contrasts with the assumption that broader AI 
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deployment should naturally lead to structural transformation. In practice, human override 

remained dominant, escalation stayed discretionary, and pilots continued to proliferate 

without altering corporate‑level routines (Mikalef & Gupta, 2021).  The findings therefore 

extend theory by clarifying that augmentation is a stable structural configuration, not a 

transitional stage. AI influences decisions only when authority rules not information quality 

are revised to incorporate predictive evidence. 

 

Theme 4: Data and Platform Foundations  

Participants consistently tied AI embedment depth to the quality and readiness of data, 

interfaces, and platform infrastructure. As a result, poor data lineage, inconsistent 

definitions, and fragmented systems forced repeated validation, keeping predictive 

outputs advisory instead authoritative. However, even accurate models could not scale 

without production‑ready platforms and interoperable architectures. There, this confirms 

execution‑architecture logic that coordinated action depends on stable system interfaces 

(Friesl et al., 2021; Tawse & Tabesh, 2021). It also extends the literature by specifying 

that, under predictive‑systems conditionsInfrastructural readiness shaped more than the 

technical feasibility of AI; it also determined whether predictive insights could be shared 

across units and used confidently in governance and risk processes. In other words, good 

infrastructure made predictive evidence more portable and more defensible. However, 

infrastructure on its own was not enough. Clean data and stable platforms did not lead to 

deeper embedment unless governance pathways and measurement systems also 

supported predictive evidence. Therefor meant that even technically strong models 

remained limited if they were not reinforced by authority and evaluation structures. 

Infrastructure was therefore a necessary but insufficient condition for structural 

incorporation. 

 

Theme 5 :  Measurement Formalisation and Performance Visibility  

Participants described measurement as a gatekeeping mechanism for AI embedment. 

Predictive outputs became durable only when formally incorporated into KPIs, 

dashboards, capital‑review packs, and scheduled performance cycles. Informal attribution 

left initiatives visible yet easily reversible; formal measurement anchored predictive 

evidence within organisational justification and resource flows. This contrasts with 

diffusion‑based arguments that scale or maturity alone create durable impact (Enholm 

et al., 2022; Mikalef & Gupta, 2021). Instead, durability depended on whether predictive 

metrics entered the artefacts that drive prioritisation and resource allocation. The findings 
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also extend execution‑architecture theory by identifying evaluation systems as a 

previously under‑specified layer through which predictive outputs gain structural 

consequence. AI Measurement were not the silver bullet they supprted authority rules, 

governance routing, and infrastructural capacity, collectively stabilising predictive criteria 

across cycles 

 

 

. 

R1: Theoretical Contribution 

 

This study shows that AI embedment is best understood as a shift in how authority is 

activated, not because of how much AI an organisation uses or how advanced its models 

are. Across cases, simply having more models or wider deployment did not lead to deeper 

organisational impact. What mattered was whether predictive criteria were written into the 

rules that governed escalation, review, and allocation. In other words, strategic impact 

depended less on analytical power and more on whether organisations updated the 

evidentiary standards that trigger authority. This finding contrasts sharply with 

digital‑capability arguments, which assume that stronger analytics or larger portfolios 

naturally create better performance (Enholm et al., 2022; Mikalef & Gupta, 2021). It also 

challenges augmentation‑focused studies that emphasise how algorithms shape 

managerial thinking but overlook the structural processes required for predictive evidence 

to matter (Raisch & Krakowski, 2021). By comparison, execution‑architecture theory 

highlights governance coherence and escalation discipline as core stabilisers of 

coordinated action (Friesl et al., 2021; Tawse & Tabesh, 2021). The findings confirm this, 

but they also extend the theory by showing that authority structures are not fixed. Under 

predictive‑systems conditions, they shift when evidentiary standards shift. The findings 

made this mechanism visible. Embedment deepened only when predictive standards 

became procedurally binding when thresholds were codified, overrides required formal 

justification, and predictive metrics appeared in capital documents and performance 

reviews. Participants repeatedly emphasised that trust in the model was not enough. 

Models could be accurate and widely consulted despite still remain peripheral if escalation 

and allocation rules followed older, pre‑AI standards. The findings also show that authority 

recalibration is not automatically positive. In some organisations, thresholds hardened too 

quickly, limiting flexibility when conditions changed. This observation confirms 

dynamic‑capability arguments that fast information flows produce both opportunities and 



 97 

risks (Teece, 2020; Helfat, 2022). Authority systems must therefore be both stable and 

adjustable if they are to make predictive evidence consequential without locking the 

organisation into outdated assumptions. Therefore, these insights extend 

execution‑architecture scholars by making explicit what earlier work did not: under 

predictive‑evidence conditions, evidentiary recalibration is the mechanism through which 

AI becomes structurally consequential. 

 

Direct Answer to RQ1 

 

AI became embedded in execution architectures only when predictive criteria became 

procedurally binding within escalation, review, and allocation rules. Consequently, 

embedment deepened when thresholds triggered escalation, overrides required formal 

justification, and predictive outputs shaped capital‑allocation and performance 

documents. Once built into these routines, predictive evidence gained organisational 

authority shifting away from advisory. When predictive outputs were not tied to these rules, 

escalation stayed discretionary and older justificatory standards prevailed. In such cases, 

AI informed discussion but did not change how authority operated. Across organisations, 

this structural incorporation not model sophistication or deployment scale distinguished 

peripheral use from corporate‑level consequence. These findings confirm the literature ’s 

emphasis on disciplined authority activation (Tawse & Tabesh, 2021; Menz et al., 2021), 

contrast with capability‑based claims that analytics maturity drives impact (Enholm 

et al., 2022; Mikalef & Gupta, 2021), and extend execution‑architecture theory by 

identifying the rule‑level evidentiary shifts through which predictive systems become 

organisationally binding thresholds formally triggered escalation, overrides required 

structured justification, and predictive outputs shaped capital‑allocation documents, 

performance artefacts, and review routines. Where predictive outputs remained advisory 

and escalation stayed discretionary, governance routines continued to follow older 

justificatory standards. In these settings, AI influenced discussion but did not reshape how 

authority operated. Across cases, structural incorporation not analytic sophistication 

distinguished AI use from strategic corporate‑level consequence. This answer confirms 

the Literatures emphasis on disciplined authority activation (Tawse & Tabesh, 2021; Menz 

et al., 2021), contrasts with capability‑based explanations of AI value (Enholm et al., 2022; 

Mikalef & Gupta, 2021) and extends execution‑architecture theory by identifying the 

rule‑level evidentiary shifts through which AI becomes organisationally binding. 
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6.3  RQ2 Discussion 

 

Across the interviews, participants explained that coordinated AI implementation 

depended far less on analytics maturity and far more on how well organisational 

mechanisms could work together under continuous predictive visibility. Technically strong 

models often stalled not because governance was missing, but because interpretation, 

authority activation, escalation, oversight cadence, and performance systems were out of 

sync. The findings therefore show that coordination under algorithmic conditions became 

a structural alignment problem, not a technology problem. The study finding in confirms 

execution‑architecture arguments that governance coherence and disciplined escalation 

shape coordinated action (Friesl et al., 2021; Tawse & Tabesh, 2021; Menz et al., 2021). 

and are in contrasts with capability‑based literature that assumes broader AI deployment 

naturally improves coordination (Enholm et al., 2022; Mikalef & Gupta, 2021). 

Furthermore, extends execution‑architecture theory by showing that continuous predictive 

evidence tightens the interdependence between coordination mechanisms, making 

alignment not maturity the decisive driver of movement. 

 

Theme 1: Governance Coherence and Decision Processes 

Execution‑architecture research shows that governance coherence, clear decision 

pathways, and disciplined escalation form the backbone of coordinated implementation 

(Friesl et al., 2021; Tawse & Tabesh, 2021; Menz et al., 2021). The findings confirmed this, 

as participants repeatedly described approval forums, escalation triggers, and risk checks 

as central to whether AI initiatives moved beyond experimentation. However, governance 

did not operate smoothly in algorithmically mediated settings. Multi‑layered approvals 

slowed iteration, unclear decision authority created drift, and only proportionate, 

well‑aligned governance produced predictable progression. This contrasts with the 

assumption in the literature that governance functions effectively once formally defined 

(Friesl et al., 2021). Under continuous predictive exposure, governance acted less as a 

static structure and more as an evidentiary filter shaping which predictive outputs were 

recognised as legitimate for escalation. This insight extends execution‑architecture theory 

by showing that, with AI, the decisive factor is not the existence of governance structures 

but whether the rules inside them shift to recognise predictive evidence. 

 

Theme 2: Directional Authority and Coordination Under Exposure 
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Participants described clear decision rights and named accountability as essential, and 

the findings confirmed that authority clarity helped AI initiatives progress beyond pilots 

(Tawse & Tabesh, 2021). But under continuous predictive visibility, authority  did not act 

as a simple stabiliser. Instead, activation thresholds rose because more audiences could 

see predictive variance. This contrasts with the view that stable decision rights 

automatically support escalation (Tawse & Tabesh, 2021). Even robust models stalled 

when decision makers faced heightened reputational and resource exposure. The findings 

therefore extend execution‑architecture theory by showing that, under predictive‑systems 

conditions, authority becomes exposure‑sensitive requiring not only clarity but also an 

aligned review tempo and protected funding to convert predictive signals into 

organisational movement. 

 

Theme 4: Iterative Legitimacy and Oversight Cadence 

Oversight, monitoring, and safeguards are treated as essential for responsible AI use 

(Raisch & Krakowski, 2021). Therefor these findings confirmed that validation routines and 

review forums were necessary for organisational confidence. However, oversight alone 

did not guarantee coordination under continuous exposure, recalibration became a normal 

event. In organisations that treated any variance as failure, teams became risk‑averse, 

escalation slowed, and recalibration was avoided however this contrasts with the 

literature’s assumption that transparency automatically stabilises adoption (Raisch & 

Krakowski, 2021). The findings extend execution‑architecture theory by showing that 

coordinated movement under predictive conditions requires iterative legitimacy an 

organisational tolerance for recalibration supported by leadership signals and 

performance regimes that normalise adjustment, not penalise it. 

 

Theme 4: Temporal Synchronisation as a Coordination Mechanism 

Participants showed that many coordination failures stemmed from tempo mismatches. 

Predictive systems updated frequently, while governance and performance cycles moved 

more slowly. When oversight cadence lagged model iteration, escalation became riskier 

and initiatives stalled despite technical strength. therefore, this confirms insights on 

governance rhythms shaping implementation (Menz et al., 2021) and further extends 

dynamic‑capability arguments by showing how time compression interacts with authority 

structures (Teece, 2020): coordination stabilises only when governance tempo aligns with 

predictive tempo. And it contrasts with the idea that more oversight improves coordination; 

misaligned oversight slowed progress. 
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RQ2: Theoretical Contribution 

This study shows that coordinated AI implementation is not driven by analytic 

sophistication but by how coordination mechanisms realign under continuous predictive 

evidence. The findings confirm execution‑architecture arguments about the importance of 

governance coherence and escalation discipline (Friesl et al., 2021) whiile contrast 

diffusion‑based explanations that assume wider AI use naturally strengthens coordination 

(Enholm et al., 2022; Mikalef & Gupta, 2021).Therefore they extend theory by identifying 

three features of coordination under predictive conditions: Epistemic alignment becomes 

a structural precondition technical accuracy does not guarantee shared interpretation. 

Authority becomes exposure‑sensitive to decision rights determine how predictive visibility 

translates into action or delay. Coordination becomes configurational movement depends 

on the alignment of interpretation, authority activation, oversight cadence, and 

recalibration legitimacy, not on any mechanism acting alone. These insights clarify a 

boundary condition for execution‑architecture theory: once evidence flows continuously, 

coordination stability depends on mechanism alignment, not mechanism presence. 

 

6.3.4 Direct Answer to RQ2 

 

AI shaped coordinated corporate‑level implementation when predictive outputs were 

integrated into the mechanisms that govern interpretation, authority activation, 

recalibration, and oversight. Coordination did not follow from model deployment or 

analytics maturity but from alignment: shared interpretation across units, authority that 

could activate under exposure, performance systems that legitimised recalibration, and 

oversight rhythms that matched iteration tempo. When these mechanisms aligned, 

predictive signals moved across development, escalation, funding, and review with 

continuity. When they misaligned, technically sound initiatives stalled, slowed at handover 

points, or regressed during review cycles. These findings thereby confirm that governance 

coherence and disciplined escalation remain foundational (Friesl et al., 2021; Tawse & 

Tabesh, 2021), contrast with capability‑based claims that scale drives coordinated action 

(Enholm et al., 2022), and extend execution‑architecture theory by showing that 

coordination under continuous predictive visibility requires configurational alignment 

across all coordination mechanisms. 
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6.4 RQ3 Discussion 

Across the interviews, participants rejected the assumption that durable AI advantage 

emerges automatically from scale, maturity, or technical sophistication. While most 

organisations achieved operational improvements automation, faster analysis, clearer 

monitoring these gains did not necessarily last. Durability depended on how predictive 

outputs were reinforced within execution architectures, not on how advanced the models 

were. This interpretation contrasts with diffusion-style arguments that treat wider AI 

deployment as the pathway to sustained performance (Enholm et al., 2022; Mikalef & 

Gupta, 2021). Instead, the findings showed that AI-enabled performance held only when 

predictive outputs became embedded in the governance, allocation, evaluation, and 

oversight routines that structure organisational action. This confirms 

execution‑architecture theory’s focus on authority and governance systems as the 

stabilisers of strategy implementation (Friesl et al., 2021; Tawse & Tabesh, 2021; Menz 

et al., 2021). The findings also extend existing theory by showing that durability is 

produced through a multi‑component architectural configuration, not a single capability or 

isolated structural feature. 

 

Theme 1: Measurement Anchoring 

Participants consistently described measurement as the mechanism that turned AI from a 

useful tool into an organisational commitment. Predictive outputs produced lasting effects 

only when they appeared in KPIs, dashboards, capital‑review packs, and recurring 

performance cycles. Without this formal anchoring, improvements were visible but 

reversible especially during budget resets or leadership changes, this contrasts with 

assumptions that scale or maturity automatically generate durable value (Enholm 

et al., 2022; Mikalef & Gupta, 2021). The Measurement anchoring extends 

execution‑architecture theory by highlighting evaluation systems as a structural 

reinforcement layer that repeatedly ties predictive evidence to justification and resourcing 

decisions (Tawse & Tabesh, 2021; Menz et al., 2021). Formal measurement made 

predictive logic part of the systems that preserve organisational priorities over time. 

 

Theme 2: Structural Integration and Architectural Complementarity 

Durability strengthened when predictive logic was embedded across multiple authority and 

workflow points escalation triggers, approval steps, portfolio reviews, dashboards, and 

data lineage structures given these settings, i reversing AI required coordinated changes 

across multiple governance artefacts, which increased the cost of rollback and made 
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predictive logic difficult to unwind. This confirms the resource‑based view’s emphasis on 

embedded and complementary capabilities (Barney et al., 2021), but extends it by 

showing that, under predictive conditions, complementarity is governance‑embedded, not 

technical. Competitors can copy models, but not the organisation‑specific configuration of 

authority routines and workflow dependencies that make those models consequential. 

 

 

 

Theme 3: Governance‑Embedded Renewal and Cadence Alignment 

Participants described continuous technical updates to models, yet these updates only 

created durable value when recalibration was built into governance routines: threshold 

revisions, model reviews, documented retrospectives, and periodic updates to escala tion 

logic. When recalibration stayed technical, improvements faded across cycles, therefore 

confirms dynamic capability theory’s emphasis on renewal under volatility (Teece, 2020; 

Helfat, 2022). The findings extend this perspective by locating durable renewal within the 

execution architecture: recalibration mattered only when it was aligned with governance 

cadence and encoded into authority and evaluation systems. Renewal produced 

persistence when it changed the rules that guided future decisions. 

 

Theme 4: Legitimacy Reinforcement Under Scrutiny 

Participants described explainability, documentation, and audit trails as essential for 

surviving regulatory, reputational, and internal scrutiny. Legitimacy did not create 

advantage on its own, but it protected embedded systems from being paused or reversed 

when pressure increased, this confirms governance research linking oversight and 

transparency to responsible AI (Raisch & Krakowski, 2021). However, It contrasts with the 

assumption that compliance alone secures stability: compliant systems still failed when 

they lacked integration into authority and evaluation structures. The findings extend 

execution‑architecture theory by identifying institutional defensibility as a structural 

condition for persistence under continuous predictive visibility (Tawse & Tabesh,  2021; 

Friesl et al., 2021). Across the interviews, no single mechanism whether measurement, 

integration, renewal, or legitimacy was enough to sustain durability on its own. Instead, 

persistence emerged only when these mechanisms worked together, and weakness in 

any one of them created an opening for reversal. Measurement without integration created 

visibility but not commitment; integration without renewal produced short‑term gains that 

soon plateaued; renewal without measurement faded during allocation cycles; and 
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legitimacy without structural reinforcement reduced friction but could not prevent rollback. 

Th finding contrasts with diffusion narratives that equate durability with adoption scale 

(Enholm et al., 2022). However, It extends execution‑architecture theory by showing that 

durable advantage under predictive conditions is a governance‑embedded architectural 

configuration, not a linear reflection of technological maturity. 

 

 

 

Theoretical Contribution of RQ3 

RQ3 advances theory by reframing AI‑enabled competitive advantage as an 

architecturally mediated outcome, not a technological one. The findings confirm the LR’s 

emphasis on authority, governance coherence, and structural activation as the basis of 

coordinated performance (Friesl et al., 2021; Tawse & Tabesh, 2021). They contrast with 

capability‑based studies that attribute performance to analytic sophistication or 

deployment breadth nd they extend both execution‑architecture theory and RBV/DCT by 

showing that durable value arises when predictive logic is(Enholm et al., 2022; Mikalef & 

Gupta, 2021).: 

• evaluatively anchored, 

• architecturally integrated, 

• renewed through governance cadence, and 

• defended through institutional legitimacy. 

 

Sustained advantage was not an extension of implementation success it was an outcome 

of architectural reinforcement across allocation, authority, evaluation, and scrutiny 

systems. 

 

Direct Answer to RQ3 

 

AI generated sustained competitive advantage only when predictive outputs were 

reinforced across the governance architecture, deployment scale and model 

sophistication did not determine durability. Persistence occurred when predictive criteria 

were: 

• embedded in measurement systems that shaped allocation, 

• integrated across multiple authority and workflow nodes, 

• recalibrated through governance-aligned renewal routines, and 
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• protected by legitimacy mechanisms during scrutiny. 

 

These findings confirm the central role of authority and governance systems in stabilising 

strategic outcomes contrast with diffusion claims that scale drives durability and extend 

theory by showing that AI‑enabled durability is a governance‑embedded architectural 

configuration, continually maintained and periodically renewed (Enholm et al., 2022; 

Tawse & Tabesh, 2021; Menz et al., 2021) 
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Chapter 7 

 

7.1 Introduction 

This study examined how AI became structurally important within execution architectures 

and how differences in embedment depth influenced the implementation of coordinated 

corporate strategy and the sustained competitive advantage. The inquiry addressed a 

core tension between two established research streams. AI capability scholarship 

generally assumes that analytical sophistication and deployment breadth lead to 

performance improvements (Enholm et al., 2022; Mikalef & Gupta, 2021). Conversely, 

research on corporate strategy implementation shows that realised outcomes depend on 

governance forums, authority structures, and coordination frameworks that translate 

strategic intent into organisational action (Tawse & Tabesh, 2021; Menz et al., 2021). 

What remained under theorised across both streams was the structural mechanism by 

which predictive outputs gain authority within governance routines and remain effective 

across allocation and review cycles. The key issue was not just whether AI enhances 
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decisions but how predictive logic becomes sufficiently embedded to influence strategic 

outcomes over time. The research questions focused on this gap. First, the analysis 

explored how predictive outputs recalibrated rule‑level authority, shifting escalation 

thresholds, approval criteria, and justificatory standards across recurring governance 

forums. Second, it examined how coordination unfolded once AI entered authority 

systems, especially under conditions of a faster tempo, greater transparency, and 

increased interdependence. Third, it evaluated the durability of the effects produced by 

embedded AI—whether they persisted across allocation cycles or whether gains were 

limited to short‑term operational improvements. The findings supported a structural 

argument: operational benefits were widespread, yet durability varied sharply across 

contexts. Sustainable competitive advantage arose only when predictive outputs were 

institutionalised within authority systems, allocation regimes, evaluative arenas, and 

governance‑embedded recalibration routines. Under AI enabled conditions, 

organisational advantage did not simply scale with analytics maturity; it emerged through 

institutional configuration. The chapter argued that execution architecture served as the 

mediating mechanism behind AI‑driven competitive durability. In organisations where 

predictive signals were integrated into standards governing escalation, deliberation, 

performance evaluation, and resource allocation, AI became a structural force influencing 

how strategic intent was authorised, coordinated, evaluated, and renewed. Conversely, in 

organisations where predictive logic was only weakly embedded, AI served merely as an 

advisory layer, with its impact dissipating quickly. The contribution of this study lies in 

demonstrating that AI‑enabled durability depended on how deeply predictive logic was 

embedded within governance, rather than on the technical quality of models alone. 

Corporate strategy implementation remained the central framework for analysis. AI acted 

as the transformative evidence that illuminated, stressed, and ultimately reconfigured the 

architectures through which strategic consequences were generated. The following 

sections expand this structural account by discussing the theoretical implications, practical 

design principles, and future research prospects emerging from these findings. 

 

 

7.2 Conclusions 

This study showed that sustained AI‑enabled competitive consequences were generated 

structurally, through the institutionalisation of predictive logic within execution 

architectures. Across organisations, AI adoption expanded analytical visibility, accelerated 

decision cycles, and improved operational responsiveness. However, these gains did not 
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last based solely on model sophistication or deployment scale. Durability appeared only 

when predictive outputs were embedded inside authority structures, allocation regimes, 

evaluative systems, and governance‑based renewal routines—those organisational 

mechanisms that shape consequences over time (Tawse & Tabesh, 2021; Friesl et al., 

2021; Raisch & Krakowski, 2021). Under AI enabled conditions, competitive durability 

emerged from governance configuration, not from the technology itself. 

 

Durability took shape through a redistribution of epistemic authority. Predictive outputs 

became structurally significant when escalation thresholds, approval criteria, and 

justificatory standards were recalibrated in response to algorithmic signals. In these 

situations, predictive logic shifted from an optional input to an essential part of governance; 

therefore, embedment depth reflected the extent to which organisations relied on 

predictive evidence to activate authority. The institutionalisation of predictive authority also 

reconfigured coordination. Algorithmic tempo shortened decision cycles; increased 

transparency heightened interdependence; and richer evidence intensified contestation 

across units (Friesl et al., 2021; Kunisch et al., 2020; Hanelt et al., 2021). Coordinated 

execution emerged only when decision rights, governance rhythm, cross unit interfaces, 

and oversight routines functioned as a coherent system; misalignment caused friction; 

coherence enabled disciplined cross unit action. Coordination capability, therefore, 

appeared as a system level outcome rooted in architectural stability and fit. Durability 

further depended on how predictive outputs influenced evaluation and renewal—when 

predictive signals shaped allocation continuity, risk gating, capital decisions, and 

performance evaluation, they gained institutional staying power. Allocation artefacts 

translated analytical signals into formal commitments, while governance embedded 

recalibration ensured that thresholds and models were reviewed and adjusted as 

conditions evolved (Barney et al., 2021; Teece, 2020; Helfat, 2022). Performance effects 

strengthened when evaluative anchoring and structured renewal operated together. 

Reinforcement without recalibration led to rigidity; recalibration without reinforcement 

diluted structural impact. These findings thus specify a structural mechanism linking AI 

adoption to sustained competitive advantage. Adoption expanded analytical capacity; 

authority re specification made predictive outputs consequential; architectural coherence 

enabled coordinated enactment; and evaluative anchoring, combined with governance 

embedded recalibration, maintained performance across cycles. Competitive durability 

ultimately rested on institutional configuration, through which predictive logic became 

authoritative, allocation relevant, and consistently reinforced. This structural account 
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resolves the initial theoretical tension: AI capability research connects analytic maturity 

with improved outcomes, while strategy implementation research situates realised 

consequences within governance design. The evidence from this study demonstrates that 

analytic capability produces durable strategic effects only when embedded within 

execution architecture. Under AI enabled conditions, competitive persistence hinges on 

how governance systems transform predictive evidence into institutional authority and  

sustained organisational consequence. 

 

7.3 Practical Contributions  

The evidence showed that AI‑enabled competitive consequence was secured through 

governance design. Analytic expansion increased organisational capacity, yet durability 

depended on whether predictive logic became embedded in the institutional systems 

that authorised decisions, shaped resource flows, guided performance evaluation, and 

renewed commitments over time. Under AI enabled conditions, advantage was not 

simply discovered; it was produced through governance configuration. 

Durability emerged when predictive thresholds redefined what counted as legitimate 

evidence in decision making contexts. As escalation criteria, approval standards, and 

justificatory norms shifted toward algorithmic signals, predictive logic inwas tegrated into 

the core of exercise of authority. It ceased to be an optional input and became a 

foundational element for decision‑making. This shift formalised evidentiary standards 

and created clearer, more traceable override conditions. Where such formalisation did 

not occur, predictive insights circulated without consequence and remained easy to 

overturn. Institutional commitment then followed through allocation design. Decisions 

about capital, risk calibration, portfolio evaluation, and performance assessment 

determined whether predictive insights redirected organisational action or remained 

merely informational overlays. When predictive outputs entered allocation artefacts, they 

gained structural influence; when excluded, even highly accurate analytics lacked 

longevity. What mattered for durability was not only accuracy but also whether predictive 

evidence shaped the distribution of organisational commitment. As AI systems 

accelerated information flows, governance rhythms had to adapt. AI models evolved 

continuously; despite this, many decision architectures operated on periodic cycles. 

Therefore, durability took shape when threshold revision and model evaluation were 

embedded into recurring governance forums, making recalibration a routine institutional 

practice. Where renewal processes sat outside authority systems, drift accumulated and 
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strategic impact diminished. Predictive authority also had to withstand scrutiny. 

Explainability standards, documentation protocols, audit trails, and assurance processes 

transformed algorithmic recommendations into defensible governance artefacts. In 

regulatory or reputationally sensitive environments, durability depended on whether 

predictive systems could withstand formal challenge—legitimacy anchored commitment. 

Deep embedment strengthened performance trajectories but also introduced evaluative 

path dependence. Reinforcement stabilised advantage, while weak recalibration risked 

locking in misaligned thresholds. The most resilient organisations combined institutional 

reinforcement with structured challenge, creating authorised spaces for evidentiary 

revision. Durable AI governance thus required disciplined elasticity the capacity to 

institutionalise predictive authority without becoming rigid. Therefore, AI‑enabled 

advantage emerged through intentional institutional architecture. Predictive capability 

expanded strategic possibility, but governance configuration determined whether that 

possibility translated into a sustained organisational consequence. Under AI enabled 

conditions, organisations competed not only on analytical capacity but also on the 

authority structures that shaped how predictive evidence influenced long ‑term strategic 

action. 

 

7.4 Theoretical Contributions  

 

This study demonstrated that AI integration redefined the implementation of corporate 

strategy by transforming the institutional foundations through which authority, 

coordination, and durability were established within the execution framework. 

 

The theory of execution architecture should include algorithmic authority as a structural 

factor. Current research describes execution architectures as systems of decision rights, 

governance bodies, and escalation procedures that translate strategic intent into 

coordinated actions (Tawse & Tabesh, 2021; Menz et al., 2021). The results showed that 

when predictive outputs adjusted escalation thresholds and justificatory criteria, the 

foundation of evidentiary authority itself changed. In AI enabled contexts, the execution 

architecture became a space for redistributing epistemic authority. The level of 

embedment, therefore, acted as a structural element influencing how authority was 

exercised, constrained, and stabilised during strategy implementation. 
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Coordination capability also changed under data intensive conditions. Algorithmic tempo 

and transparency increased interdependence and exposed misalignment across 

governance nodes. Coordination failures were not simply the result of weak processes, 

but of incoherence among decision rights, cadence, and cross unit interfaces under 

accelerated evidentiary conditions. Embedment depth altered the coordination properties 

of governance systems by compressing tempo and increasing accountability visibility. In 

this way, the findings refined execution architecture theory by showing how coordination 

operated under algorithmic pressure. 

Competitive durability in AI contexts also relied on institutional embedding rather than 

technological scarcity. Resource based theory associates persistence with inimitable 

resources (Barney et al., 2021), yet predictive tools and analytics infrastructure were 

readily replicable. The findings shift the concept of imitation resistance into governance 

mediated complementarity and evaluative path dependence. Advantage persisted when 

predictive logic became linked with organisation specific allocation systems, escalation 

artefacts, and renewal routines. What became hard to imitate was not the model itself, but 

the institutional setup that made predictive authority meaningful across cycles. The study 

also refined the theory of dynamic capabilities. While sensing, seizing, and reconfiguring 

explain organisational responsiveness (Teece, 2020; Helfat, 2022), the findings showed 

that sensing alone did not guarantee persistence. Insights contributed to a lasting 

advantage only when embedded within authority and allocation systems that consistently 

reinforced their use. Adaptation that remained informal or sponsor driven maintained 

insight but did not lead to durability. Under AI enabled conditions, reinforcement occurred 

only when renewal was structurally integrated into governance systems. These 

contributions did more than extend related literatures; they repositioned governance 

architecture as the layer linking analytic capability, coordinated execution, and sustained 

competitive outcomes. AI enabled advantage was neither purely technological nor solely 

capability driven. It was institutionally formed through the configuration of authority, 

allocation, coordination, and renewal systems that made predictive logic durable. The key 

implication is clear: explanations of AI enabled advantage must treat governance setup 

as a fundamental condition of persistence, not just a background context. 

 

7.5 Contribution to Scholarly Debate  

This study intervened in ongoing debates on digital transformation and competitive 

advantage by challenging the widespread assumption that AI adoption naturally produces 

strategic durability. AI capability research often follows a diffusion logic: as analy tics 
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maturity rises and deployment widens, decision quality is expected to improve, leading to 

sustained performance gains (Enholm et al., 2022; Mikalef & Gupta, 2021). The findings 

showed that AI unquestionably expanded analytical visibility and improved operational 

responsiveness, but these improvements did not translate into a durable advantage on 

their own. Long‑term strategic consequence emerged only when predictive outputs were 

embedded within authority structures, allocation systems, and renewal routines—the 

institutional mechanisms that carried organisational decisions forward across governance 

cycles. By taking performance linearity for granted, diffusion‑based arguments overlooked 

the architectural conditions that determine whether predictive evidence gains staying 

power. 

 

In the context of implementing corporate strategy, the study also redefined the “missing 

middle” between strategic intent and realised outcomes (Tawse & Tabesh, 2021). 

Embedment depth emerged as a structural variable that reshaped evidentiary authority 

and influenced how coordination persisted under algorithmic tempo. Execution 

architecture did more than support implementation; under data‑intensive conditions, it 

determined whether predictive insights became institutionalised or remained episodic. 

This revealed governance design not as a background facilitator but as a key source of 

strategic consequence, directly shaping whether AI reconfigured organisational action or 

faded into routine operational support. More broadly, the analysis shifted the debate from 

capability accumulation to institutional design. Under AI‑enabled conditions, competitive 

durability was produced through governance configurations that authorised, allocated, 

evaluated, and renewed predictive logic. The central strategic challenge was not simply 

how widely organisations deployed AI; it was how deeply predictive authority became 

embedded within the structures that govern strategic outcomes. AI adoption was therefore 

not primarily a diffusion issue; it was an architectural transformation challenge. The 

implications for scholarship are clear: research on AI‑enabled advantage must prioritise 

governance configuration as a core explanatory element, because it determines whether 

analytic potential is translated into lasting organisational capability. 

 

 

7.6 Recommendations for Future Research 

The structural account outlined in this study highlights governance configuration as vital 

to the longevity of corporate strategy implementation under AI enabled conditions. The 

durability pattern described authority re specification, architectural coherence, evaluative 
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anchoring, and governance embedded recalibration provides a solid foundation. However, 

each aspect requires more empirical refinement, boundary analysis, and broader 

methodological exploration. A key focus for future research is the evolution of embedment. 

This study captured AI embedment at a single moment in its institutionalisation, offering a 

snapshot rather than a full trajectory. Nonetheless, durability is fundamentally temporal. 

Predictive thresholds may stabilise, drift, or reverse as organisations undergo repeated 

cycles of allocation and recalibration. Longitudinal studies would help determine whether 

AI embedment leads to lasting performance effects or remains episodic, dissolving when 

strategic conditions change. The contrast between sustained institutionalisation and short 

term adoption thus remains a theoretical issue to be resolved. 

There is also a need to explore institutional variation and alternative governance logics. 

The mechanism identified here originated within governance‑dense, compliance‑focused, 

multi‑business corporate environments where escalation rules, oversight structures, and 

cross‑unit interfaces are already highly formalised (Tawse & Tabesh, 2021; Menz et al., 

2021). Organisations with decentralised authority, strong founder dominance, or informal 

coordination rhythms may embed predictive logic in very different ways. Cross ‑country 

and cross‑structure comparisons would shed light on whether evaluative anchoring and 

legitimacy reinforcement serve as general organisational mechanisms or if they reflect 

context‑specific governance traditions; this contrast would clarify the boundary conditions 

of the durability mechanism. Further development is necessary through quantitative 

elaboration of structural constructs. Constructs such as architectural complementarity, 

evaluative anchoring, legitimacy reinforcement, and governance‑embedded recalibration 

could be operationalised and empirically tested. This would help determine whether 

governance configuration predicts sustained performance beyond adoption intensity or 

analytic maturity (Enholm et al., 2022; Mikalef & Gupta, 2021). Multi‑method designs 

linking these structural measures with financial or market outcomes would clarify whether 

governance‑mediated mechanisms outweigh resource endowments or industry structure 

in producing durability a debate ongoing in capability theory and strategy research (Barney 

et al., 2021). Shock conditions also offer valuable contexts for deepening the theory. 

Regulatory interventions, reputational crises, and sudden market disruptions place 

predictive systems under intense pressure, revealing the true robustness of AI 

embedment. These situations demonstrate the elasticity of embedment—whether strong 

institutionalisation supports organisational stability or creates rigidity that hampers 

adaptability. Studying behaviour under stress would illuminate whether 

governance‑embedded recalibration can withstand disruption or if durability becomes 
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brittle when shocks expose unexamined assumptions; however, understanding the 

contrast between resilience and rigidity is vital for long term AI implications (Teece, 2020). 

Consequently, these research avenues shift the focus from simple diffusion narratives 

towards governance architecture as a key explanatory domain. By tracing how 

embedment develops over time, how it varies across institutional contexts, how it can be 

measured structurally, and how it responds under stress, future scholarship can refine 

understanding of how execution architecture mediates corporate strategy implementation 

in environments increasingly influenced by predictive evidence. 

 

7.7 Limitations and Scope Conditions 

The conclusions of this study should be interpreted within the constraints of its qualitative 

and context‑specific design. The analysis relied on retrospective accounts from senior 

participants and was conducted within a cross sectional timeframe. Durability was 

therefore inferred from how participants described governance continuity, rather than 

observed directly over multiple cycles or validated through long term financial data. The 

findings explain how competitive consequences were stabilised within organisational 

systems; they do not measure the scale of those performance outcomes in the market. 

The empirical setting also clearly defines boundaries. The study focused on large South 

African multi‑business corporations with intricate governance, characterised by 

decentralised authority and formalised allocation cycles. These organisational conditions 

shaped the observed patterns of embedment. In environments where authority is highly 

centralised, coordination is loosely coupled, or resource allocation is more informal, AI 

embedment may assume different structural forms. The existence of an institutionalised 

execution framework was central to the mechanisms identified, thereby determining the 

scope of the explanation provided here. The analysis emphasised governance 

configuration as crucial to achieving sustained strategic outcomes. Other factors, such as 

industry structure, technological capabilities, or resource endowments, may also impact 

long term performance. This study highlights how predictive logic becomes institutionally 

significant within governance systems. It does not suggest that governance embedment 

alone guarantees financial superiority. Finally, framing embedment as authority 

re‑specification is a theoretical interpretation based on recurring patterns in participant 

accounts. While analytically grounded, it remains one possible explanation. The durability 

configuration outlined here should be regarded as a boundary defined structural account, 

subject to further empirical testing, comparison, and refinement as AI enabled 

coordination continues to evolve. 
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