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Abstract 
Organisational adoption of artificial intelligence (AI) is increasingly linked to 
productivity gains and competitive advantage, yet many firms struggle to convert 
pilots into sustained, organisation-wide value. This structured review synthesises 
evidence from a focused set of recent peer-reviewed studies examining human-
AI decision support, cognitive biases arising from AI recommendations, human-
AI collaboration, and AI governance. Three cross-cutting themes recur across 
the literature. First, research has shifted from emphasising organisational control 
over AI systems towards designing interdependent human-AI collaboration at 
scale, in which tasks are allocated according to complementary strengths. Sec-
ond, individual-level misuse of AI (for example, overreliance, anchoring, or au-
tomation bias) can diffuse through group processes and escalate into organisa-
tion-wide decision failures. Third, regulatory fragmentation and uncertainty im-
pose compliance and operating-model burdens that can delay adoption and con-
strain deployment. Building on these themes, the paper proposes practical, struc-
ture-sensitive recommendations for six common organisational forms (hierar-
chical, matrix, flat, hub-and-spoke network, divisional, and team-based). For each 
structure, recommendations are organised around three implementation lenses: 
regulatory barriers to adoption, post-adoption risk controls, and organisational 
conditions that enable effective and productive AI use. The resulting framework 
is intended to support entrepreneurs and managers in selecting feasible struc-
tural interventions aligned with organisational constraints, risk tolerance, and 
governance capacity. 
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1. Introduction 

Artificial intelligence (AI) has shifted from a specialised analytical capability to a 
general-purpose organisational technology, encompassing predictive analytics, 
automation, and increasingly, generative AI and agentic decision support. Many 
organisations therefore face strategic pressure to adopt AI not only to improve 
productivity but also to maintain competitiveness in innovation, customer expe-
rience, and operational efficiency. However, evidence suggests that implementa-
tion frequently stalls after early experimentation. For example, Gartner has pro-
jected that a substantial share of generative AI projects will be abandoned after 
proof of concept when organisations confront poor data quality, inadequate risk 
controls, escalating costs, or unclear business value (Gartner, 2024). Similarly, 
large-scale survey evidence indicates that while organisational use of AI is wide-
spread, many firms remain in relatively early stages of scaling and capturing en-
terprise-level value (McKinsey & Company, 2025). These patterns highlight a per-
sistent “adoption gap” between technical feasibility and sustainable organisational 
impact. 

A central reason for the adoption gap is that AI implementation is not solely a 
technical integration task. It is a socio-technical change that reshapes workflows, 
decision rights, accountability, and employee behaviour. Experimental and organ-
isational research shows that AI can influence judgement and decision-making 
through predictable cognitive mechanisms. In human-AI decision support, users 
may display overreliance on AI advice even when contextual cues indicate that 
scepticism is warranted, generating measurable costs (Klingbeil et al., 2024). AI 
recommendations can also create anchoring effects that distort managerial evalu-
ations, such as assessments of employee performance, especially when the recom-
mendation is treated as a “default” reference point (Carter & Liu, 2025). These 
behavioural vulnerabilities are particularly relevant in the context of large lan-
guage models (LLMs), where fluent outputs can appear credible even when un-
grounded; documented concerns include poor calibration of confidence, attribu-
tion limitations, and hallucinated content, all of which can undermine decision 
quality if verification practices and governance are weak (Handler et al., 2024). 

Governance and regulation further complicate organisational adoption. AI sys-
tems can introduce safety, privacy, fairness, and accountability risks, and regula-
tors increasingly expect organisations to demonstrate active risk management ra-
ther than passive compliance. The National Institute of Standards and Technology 
(NIST) provides a widely used, voluntary framework for managing AI risks across 
the system lifecycle, emphasising governance, mapping context, measuring per-
formance and harms, and managing risks in deployment and monitoring (Na-
tional Institute of Standards and Technology, 2023). At the international level, the 
OECD’s AI principles similarly stress trustworthy and responsible AI, including 
transparency, robustness, accountability, and human-centred values (Organisa-
tion for Economic Co-operation and Development, 2019). Yet, applying govern-
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ance expectations in practice can be difficult when legal requirements and en-
forcement approaches differ across jurisdictions and sectors. Recent work on AI 
and digital governance notes that firms often face fragmented governance arrange-
ments and evolving expectations, requiring them to coordinate across multiple 
stakeholders and policy layers (Liao et al., 2025). This regulatory and governance 
environment can delay adoption, force redesign of systems, or raise the cost of 
scaling AI beyond pilots. 

These challenges imply that the organisational structure of a firm matters for 
AI adoption outcomes. Structure determines how information flows, how deci-
sions are made, how accountability is assigned, and how quickly an organisation 
can implement controls and course-correct after deployment. For example, highly 
centralised structures may enable rapid enforcement of governance controls and 
standardisation, but can reduce local experimentation and slow the development 
of effective human-AI collaboration. Conversely, decentralised and highly em-
powered structures can accelerate experimentation and learning, but may be more 
exposed to inconsistent practices, uneven capability, and the diffusion of individ-
ual-level misuse into system-wide decisions. Practical experience in complex set-
tings also suggests that unclear accountability and trust dynamics can impede safe 
uptake, even when deployment is technically feasible (Gillner, 2024). Taken together, 
the literature indicates that firms must solve a three-part adoption problem: creating 
value through effective human-AI work design, controlling post-adoption risks that 
threaten decision quality and trust, and maintaining compliance under evolving 
governance and regulatory constraints. 

This review synthesises recent peer-reviewed evidence on human-AI decision-
making, human-AI collaboration, and AI governance, and translates recurring 
themes into implementable organisational recommendations. Rather than pro-
posing a single universal model, the paper develops structure-sensitive guidance 
for six common organisational forms: hierarchical, matrix, flat, hub-and-spoke 
network, divisional, and team-based. For each structure, recommendations are 
organised using three implementation lenses aligned with the recurring issues in 
the literature: 1) regulatory and governance barriers to adoption, 2) post-adoption 
risks (including overreliance, anchoring, and governance gaps), and 3) enabling 
organisational conditions that support effective and productive AI use. The ob-
jective is to support entrepreneurs and managers in selecting feasible structural 
interventions that align with organisational constraints, risk tolerance, and gov-
ernance capacity. 

2. Methodology 

This study followed a structured scoping review approach and reported the study 
selection process using the PRISMA-ScR framework (Tricco et al., 2018). The ob-
jective of the review was to synthesise recent evidence relevant to organisational 
AI adoption, with particular attention to three implementation lenses that repeat-
edly emerge in the literature: 1) regulatory and governance barriers to adoption, 
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2) post-adoption risks that can degrade decision quality and trust (e.g., overreli-
ance, automation bias, anchoring), and 3) organisational conditions that enable 
effective and productive AI use at scale. 

2.1. Search Strategy 

A targeted search was conducted in June 2025 using ScienceDirect and covered 
publications from June 2020 to June 2025. The search focused on peer-reviewed 
literature linking artificial intelligence to organisational or business adoption, gov-
ernance, and decision-making. Keywords were combined using Boolean operators 
to capture variations in terminology, including “artificial intelligence”, “AI”, “large 
language model”, and “generative AI”, alongside organisational terms such as “busi-
ness”, “firm”, “organisation/organization”, “workplace”, “adoption”, “implementa-
tion”, “governance”, and “decision support”. A representative query was: (“artificial 
intelligence” OR AI OR “generative AI” OR “large language model”) AND (adop-
tion OR implementation OR governance OR “decision support”) AND (organi-
sation OR organization OR business OR firm OR workplace). 

The search was executed in ScienceDirect in June 2025 with the following con-
straints: publication date from June 2020 to June 2025; language: English; docu-
ment type: research articles and review articles (excluding editorials, notes, and 
short communications). The Boolean query used was: (“artificial intelligence” OR 
AI OR “generative AI” OR “large language model” OR LLM) AND (adoption OR 
implementation OR governance OR “decision support” OR “decision making”) 
AND (organisation OR organization OR business OR firm OR workplace OR 
management). 

ScienceDirect was selected to provide a consistent, full-text accessible corpus 
for rapid screening within a focused time window. However, restricting identifi-
cation to a single platform may under-represent relevant work indexed primarily 
in other databases and venues, including some information systems and manage-
ment outlets (e.g., ACM/IEEE-indexed proceedings, Web of Science/Scopus-in-
dexed journals not fully covered by ScienceDirect). 

2.2. Eligibility Criteria 

Studies were eligible if they were written in English and provided conceptual, em-
pirical, or governance-relevant insights on organisational adoption or use of AI, 
including human-AI decision-making, workplace impacts, or AI governance frame-
works applicable to firms. Studies were excluded if they were primarily technical 
without organisational implications, focused narrowly on clinical practice out-
comes without transferable organisational governance insights, or addressed non-
AI technologies (e.g., blockchain) as the central subject. In cases where a study 
was set in a sector such as healthcare, it was retained only if the findings were 
framed at a governance, implementation, or organisational level and could rea-
sonably generalise beyond clinical decision-making to organisational AI adoption 
challenges. 
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2.3. Screening and Selection Process 

Records identified through the database search (n = 382) were screened by title and 
abstract. During screening, 364 records were excluded because they did not address 
organisational or business adoption, did not provide relevant insight on AI use in 
organisations, or were out of scope for the review’s objectives. Full-text articles were 
sought for retrieval for the remaining records (n = 18), and all 18 were retrieved. 
Following full-text assessment, seven studies were excluded because they did not 
focus on AI (e.g., centred on other technologies), or they were restricted to clinical 
practice contexts without governance or organisational insights that could transfer 
to business adoption. As a result, 11 studies were included from the database search. 
In addition, two studies were included through pre-defined targeted inclusion cri-
teria established before theme synthesis: 1) the study directly proposes an organisa-
tional AI governance/management framework relevant across sectors, and/or 2) the 
study provides an AI-driven decision support management perspective that explic-
itly maps to at least one of the three implementation lenses (governance barriers, 
post-adoption risks, enabling conditions). Targeted inclusion was applied after full-
text eligibility assessment of the retrieved set and before final theme consolidation 
to reduce post hoc selection (Figure 1). 

 

 
Figure 1. PRISMA-ScR flow diagram of the study selection process. Records identified 
from ScienceDirect (n = 382) were screened by title and abstract, with 364 records ex-
cluded. Full texts were assessed for eligibility (n = 18); seven articles were excluded after 
full-text review. Eleven studies were included from the database search, and two additional 
studies were included through targeted inclusion, yielding 13 included studies in the final 
synthesis (Tricco et al., 2018). 
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2.4. Data Extraction and Synthesis 

Screening and data extraction were conducted by a single reviewer. To mitigate 
single-reviewer bias, a verification pass was performed on 1) the full-text exclusion 
reasons and 2) the mapping of extracted findings to the three trends, with spot-
checking of a subset of records and extracted summaries by the co-author/supervi-
sor. For each included study, the reviewer extracted the following information: 
publication year, study context and domain, study design (e.g., experimental, con-
ceptual, framework-based), the AI technology focus (e.g., decision support sys-
tems, diagnostic AI, LLMs), and key findings relevant to organisational adoption. 
Extracted findings were then synthesised using a thematic approach. Themes were 
iteratively refined into three cross-cutting trends that recur across the included 
literature: (1) an evolution from organisational control of AI systems towards de-
signing effective human-AI collaboration; (2) the amplification of individual-level 
misuse into organisation-wide decision failures through group dynamics and be-
lief diffusion; and (3) regulatory and governance constraints that create barriers 
to adoption and scaling. These trends were subsequently translated into structure-
sensitive recommendations for six organisational forms (hierarchical, matrix, flat, 
hub-and-spoke network, divisional, and team-based), with each recommenda-
tion explicitly organised around regulatory barriers, post-adoption risks, and 
enabling conditions. Given the focused scope and the heterogeneity of study de-
signs (experimental, conceptual, and framework-based), a formal risk-of-bias 
appraisal was not applied; instead, the synthesis emphasised recurring mecha-
nisms and governance-relevant implications that converge across multiple study 
contexts. 

3. Results 

Thirteen studies met the eligibility criteria and were included in the synthesis 
(Supplementary data). Collectively, the included literature covered experimental 
evidence on human reliance and judgement under AI decision support, concep-
tual and governance frameworks for responsible AI deployment, organisational 
and workplace implications of human-AI collaboration, and regulatory or gov-
ernance considerations shaping organisational adoption. The findings were syn-
thesised into three recurring cross-cutting themes (reported below as Trend 1 - 
Trend 3). These trends were identified through iterative thematic grouping of ex-
tracted findings and reflect convergent patterns across multiple study contexts ra-
ther than any single domain. 

3.1. Study Characteristics (n = 13) 

The included evidence comprised: 1) experimental and behavioural studies exam-
ining trust, reliance, anchoring, and overreliance under AI advice (Carter & Liu, 
2025; Klingbeil et al., 2024), 2) organisational and workplace studies exploring 
human-AI collaboration outcomes and sensemaking dynamics (Hao et al., 2025; 
Liu & Li, 2025), 3) conceptual or framework-oriented contributions addressing 
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decision support, opinion dynamics, and organisational-level diffusion of beliefs 
(Handler et al., 2024; Wen et al., 2024), and 4) governance and regulation-focused 
work addressing organisational navigation of AI oversight and policy uncertainty 
(Gillner, 2024; Liao et al., 2025). Two additional peer-reviewed sources were in-
cluded to strengthen coverage of organisational AI management and AI-driven 
decision support in business contexts (Raju et al., 2024; Wang et al., 2024). 

3.2. Trend 1: From “Controlling AI” to “Designing Human-AI  
Collaboration” 

Across the included literature, a recurrent pattern was an increasing emphasis on 
moving beyond a narrow focus on controlling AI systems toward designing in-
terdependent human-AI collaboration that leverages complementary strengths. 
Governance-oriented work highlights the need for organisational approaches that 
can manage uncertainty and opacity in AI systems, including “black box” chal-
lenges that complicate accountability and assurance (Wang et al., 2024). More re-
cent organisational and workplace research places greater emphasis on how hu-
mans and AI jointly perform sensemaking and allocate roles to improve outcomes, 
suggesting that effective adoption depends on work design and interaction pat-
terns rather than implementation alone (Hao et al., 2025). Similarly, evidence on 
workplace human-AI collaboration indicates that outcomes depend on context 
and leadership conditions, reinforcing the need for organisational design choices 
that shape how AI is used rather than assuming benefits will arise automatically 
after deployment (Liu & Li, 2025). Overall, this trend supports the interpretation 
that successful adoption is increasingly framed as an organisational capability in 
human-AI collaboration rather than a one-off technology rollout (Figure 2). 

 

 
Figure 2. Schematic of a hierarchical organisational structure. The diagram illustrates a 
centralised chain of command in which decision authority is concentrated at higher man-
agerial levels and information and accountability flow vertically through successive report-
ing layers. The figure is used to contextualise how centralisation can support standardised 
AI governance while shaping escalation pathways for AI-influenced managerial judgement 
(e.g., anchoring in evaluation decisions). 
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3.3. Trend 2: Individual-Level AI Misuse Can Amplify into  
Organisation-Wide Decision Failures 

A second robust pattern was the recurring warning that individual-level errors in 
AI use can scale into broader organisational failures through group processes and 
decision diffusion. Experimental evidence indicates that people can over-rely on 
AI advice, incurring costs and increasing the probability of error when human 
judgement becomes insufficiently critical (Klingbeil et al., 2024). In managerial 
contexts, AI recommendations can shape judgement through anchoring, poten-
tially biasing performance assessment and other evaluation decisions (Carter & 
Liu, 2025). Risk-focused analyses in applied settings further demonstrate how au-
tomation bias (uncritical acceptance of AI recommendations) can lead to omis-
sion and commission errors, emphasising the organisational relevance of individ-
ual cognitive vulnerabilities (Moustafa Abdelwanis et al., 2024; Figure 3). 

 

 
Figure 3. Schematic of a flat (horizontal) organisational structure. The diagram depicts 
minimal managerial layers and comparatively direct lateral communication across employ-
ees, reflecting distributed decision-making and high local autonomy. The figure is used to 
contextualise how flat structures can accelerate experimentation and learning in human-
AI collaboration while increasing exposure to rapid diffusion of individual-level AI misuse 
into group-level decisions. 

 
The diffusion mechanism is also addressed explicitly in the included conceptual 

literature. Work on group decision-making and social network opinion dynamics 
provides a structured account of how beliefs form, spread, and update through 
interaction, showing how individual judgements can propagate into group-level 
outcomes (Wen et al., 2024). In parallel, decision-support research on large lan-
guage models highlights recurring failure modes such as miscalibration and hal-
lucinated content, which can mislead users if outputs are treated as authoritative 
without verification (Handler et al., 2024). Taken together, these findings indicate 
that post-adoption risk is not confined to model performance; it also includes pre-
dictable behavioural and organisational escalation pathways in which local misuse 
or overtrust becomes system-level decision error. 

3.4. Trend 3: Regulatory Fragmentation and Governance  
Uncertainty Constrain Organisational Adoption 

The third trend was the prominence of governance and regulatory complexity as 
a practical barrier to adoption and scaling. Governance frameworks emphasise 
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that organisational AI deployment is shaped by multi-layered questions of ac-
countability, oversight, and alignment between technology and institutional re-
sponsibilities (Liao et al., 2025). Sectoral implementation research similarly sug-
gests that uncertainty in accountability, trust, and practical governance can limit 
real-world uptake even when organisations attempt to implement AI, and that 
stakeholder expectations and institutional complexity can strongly shape deploy-
ment trajectories (Gillner, 2024). In the included business-oriented literature, the 
governance challenge also appears as a managerial problem of aligning decision 
support with organisational controls, risk tolerance, and oversight capacity (Raju 
et al., 2024; Figure 4). 

 

 
Figure 4. Hub-and-spoke network organisational structure. The diagram illustrates a cen-
tral hub coordinating multiple spokes (e.g., vendors, suppliers, partners, or subsidiaries), 
with most inter-spoke coordination mediated via the hub. The figure is used to contex-
tualise governance and accountability challenges in AI adoption across organisational 
boundaries, including alignment of assurance practices and compliance expectations across 
partners. 

 
Across these studies, a consistent implication is that adoption strategies must 

account for governance constraints early, because regulatory uncertainty can im-
pose redesign costs and coordination burdens that reduce feasibility of scaling. 
This reinforces the rationale for organising subsequent recommendations around 
regulatory and governance barriers alongside post-adoption risks and enabling 
conditions for effective use. 

4. Discussion 

This review set out to clarify why organisational adoption of artificial intelligence 
(AI) often fails to scale from pilots to reliable, value-generating use, and to trans-
late recurring insights into feasible organisational design recommendations. The 
synthesis identified three cross-cutting trends: (1) a conceptual shift from “con-
trolling AI” towards designing interdependent human-AI collaboration as an or-
ganisational capability (Hao et al., 2025; Liu & Li, 2025); (2) evidence that indi-
vidual-level misuse and overtrust can amplify into organisation-wide decision 
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failures via behavioural and diffusion mechanisms (Carter & Liu, 2025; Handler 
et al., 2024; Klingbeil et al., 2024; Wen et al., 2024); and (3) governance and regu-
latory complexity as an enduring constraint on adoption feasibility and scaling 
(Gillner, 2024; Liao et al., 2025; Raju et al., 2024). These trends are mutually rein-
forcing rather than independent. For example, efforts to increase the intensity of 
human-AI collaboration (Trend 1) can increase exposure to overreliance and an-
choring failures (Trend 2) unless governance and verification mechanisms are 
strengthened (Trend 3). Consequently, “successful adoption” is best understood 
as the managed alignment of three conditions: value creation through effective 
work design, risk containment in post-adoption use, and compliance under un-
certainty. 

A central implication is that organisational structure matters because it shapes 
information flows, decision rights, accountability, and the pathways through which 
AI-generated suggestions become organisational actions. The included literature 
provides several mechanisms by which structure can moderate adoption outcomes. 
First, the sensemaking perspective suggests that adoption success depends on how 
humans and AI coordinate, interpret outputs, and distribute responsibilities, ra-
ther than on model capability alone (Hao et al., 2025). Second, behavioural evi-
dence indicates that overtrust and automation bias are not random user errors but 
systematic cognitive vulnerabilities; where decision processes aggregate or diffuse 
judgements, such vulnerabilities can become organisation-level failures (Klingbeil 
et al., 2024; Moustafa Abdelwanis et al., 2024; Wen et al., 2024). Third, governance 
work indicates that organisations must anticipate oversight, accountability expec-
tations, and operating-model adjustments early, as retrofitting compliance is of-
ten costlier and slower than designing governance into workflows from the start 
(Liao et al., 2025). The discussion below therefore develops structure-sensitive 
recommendations organised under three implementation lenses: regulatory and 
governance barriers, post-adoption risks, and enabling conditions for productive 
use. 

4.1. Interpreting Trend 1: Adoption as a Human-AI Collaboration  
Capability, Not a Deployment Milestone 

Trend 1 indicates that the adoption problem has evolved from a question of 
whether organisations can deploy AI to whether they can design stable human-AI 
collaboration. This shift is important because it reframes the locus of failure. In 
many organisations, pilot projects are treated as technical demonstrations, with 
success measured by model performance metrics or proof-of-concept feasibility. 
However, the included literature suggests that meaningful adoption is achieved 
only when work processes are redesigned to allocate tasks appropriately across 
human and machine strengths and when the organisation develops routines for 
sensemaking, feedback, and continuous adjustment (Hao et al., 2025). From this 
viewpoint, “AI adoption” is less analogous to installing software and more analo-
gous to building a new organisational capability that must be trained, monitored, 
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and iteratively improved. 
A critical implication is that organisations should avoid the assumption that 

“more AI use” is necessarily better. The value of AI depends on task-technology 
fit and on the integrity of decision processes. For example, in safety-related envi-
ronments, human-AI collaboration can either improve or hinder performance de-
pending on leadership and contextual dynamism (Liu & Li, 2025). This result 
challenges simplistic narratives that AI adoption is a monotonic path from man-
ual work to automation. Instead, the adoption pathway is conditional: AI can cre-
ate value when it is embedded within appropriate controls and aligned with hu-
man roles, but it can also degrade performance if embedded in contexts where 
humans relinquish critical evaluation or where incentives encourage superficial 
use. Hence, a high standard adoption strategy explicitly defines how collaboration 
will work (who uses AI, for what tasks, with what verification, and with what es-
calation procedures) and recognises that “use” should be constrained where risks 
exceed benefits. 

4.2. Interpreting Trend 2: Why Individual Misuse Escalates and  
How Organisations Can Contain It 

Trend 2 is particularly consequential because it explains why otherwise competent 
organisations can experience sudden decision failures after AI deployment. The 
included evidence identifies multiple cognitive pathways. One is overreliance: us-
ers may treat AI output as authoritative, reducing scrutiny and producing meas-
urable costs even when the system is imperfect (Klingbeil et al., 2024). Another is 
anchoring: AI-provided starting points can distort subsequent human judgement 
in evaluation tasks, including performance appraisal (Carter & Liu, 2025). A third 
is automation bias in applied contexts, which can produce omission and commis-
sion errors and thereby create institutional risk (Moustafa Abdelwanis et al., 2024). 
These vulnerabilities are amplified by LLM-specific failure modes; fluent responses 
may be accepted as plausible even when they contain fabricated details, and poor 
calibration may lead users to overestimate reliability (Handler et al., 2024). Im-
portantly, these are not solely “training” problems. Even well-trained staff can suc-
cumb to such biases, particularly under time pressure, high workload, or ambigu-
ous accountability. 

The diffusion account provides the missing organisational link. Wen et al. (2024) 
describe how belief formation, influence evaluation, diffusion, and updating pro-
duce group-level outcomes. In organisational terms, an individual’s AI-influenced 
belief can become a team narrative, then a managerial consensus, and finally an 
institutional decision. This pathway is more likely when information is rapidly 
shared without robust verification, when teams lack structured dissent, or when 
the organisation rewards speed over accuracy. Accordingly, mitigation requires 
more than technical validation: it requires organisational design that reduces un-
critical propagation. Practical containment strategies therefore include: 1) verifi-
cation rituals (e.g., mandatory “evidence checks” for high-impact decisions), 2) 
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structured dissent or independent review to counter consensus distortion, and 3) 
decision provenance practices that record how an AI suggestion was used and 
what human checks were applied. While these measures may appear bureaucratic, 
the evidence implies that without them, local misuse can become systemic. 

4.3. Interpreting Trend 3: Governance Complexity as an Adoption  
Constraint, Not an Externality 

Trend 3 indicates that organisations cannot treat governance and regulation as 
external constraints to be addressed “after” deployment. Governance shapes the 
adoption process itself because it affects what can be deployed, where, and under 
what assurance and accountability expectations. Liao et al. (2025) emphasise that 
digital governance involves multiple dimensions and questions (captured by their 
framework) that organisations must address to align technology with institutional 
responsibilities. Gillner (2024) similarly illustrates how implementation in com-
plex systems is shaped by stakeholder dynamics, uncertainty, and accountability 
concerns; even when technical capability exists, trust and practical governance can 
limit uptake. From a business perspective, Raju et al. (2024) underline that AI-
driven decision support is a management challenge as well as a technical one, im-
plying the need for operating models that connect AI use to oversight and respon-
sibility. 

A critical inference is that governance is not merely a compliance cost; it can be 
a value enabler when it stabilises trust, clarifies accountability, and reduces the 
risk of organisational disruption from AI failures. Conversely, weak governance 
can impose hidden costs: projects are paused after incidents, outputs are ignored 
because they are not trusted, or adoption becomes fragmented across teams be-
cause no one can certify “safe use”. Therefore, an “acceptable” adoption strategy 
should treat governance capacity (policies, roles, monitoring, escalation) as part 
of the adoption capability itself. 

4.4. Structure-Sensitive Recommendations across Six  
Organisational Forms 

The following recommendations are framed as moderate, feasible changes rather 
than wholesale redesign. In line with the evidence base, each structure is discussed 
through three lenses: governance barriers, post-adoption risks, and enabling con-
ditions for productive human-AI collaboration. Importantly, these are not pre-
scriptions that any given structure “should” become another structure. Rather, 
they represent targeted adjustments that can improve adoption readiness while 
preserving the advantages that motivate the structure in the first place. 

4.4.1. Hierarchical Structures 
Hierarchical structures often concentrate decision rights, which can support stand-
ardisation and governance enforcement. This centralisation can be advantageous 
under Trend 3 because it allows the organisation to implement consistent rules 
for model access, acceptable use, and auditability. However, hierarchical decision 
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processes can also amplify Trend 2 risks if managers treat AI outputs as authori-
tative shortcuts under time pressure. Anchoring effects are particularly relevant 
in settings where performance evaluation and resource allocation decisions have 
high consequences, because an AI recommendation can become the reference 
point for judgement (Carter & Liu, 2025). Moreover, if lower-level employees are 
discouraged from challenging managerial conclusions, errors may not be cor-
rected before they scale. 

A feasible intervention is to embed structured feedback loops that enable “up-
ward correction” without undermining the chain of command. One practical ap-
proach is to introduce an internal “decision provenance” protocol for AI-sup-
ported managerial decisions. For example, when AI support is used in evaluation 
or resource allocation, the decision record would specify what inputs were used, 
what human checks were applied, and what alternative interpretations were con-
sidered. This does not require flattening the hierarchy; it requires making the de-
cision process auditable and contestable. Because LLMs can hallucinate or present 
ungrounded content with persuasive fluency (Handler et al., 2024), the protocol 
should mandate verification for high-impact conclusions, such as requiring man-
agers to confirm claims through primary evidence (records, performance metrics, 
peer feedback) rather than accepting AI summarisation as proof. 

To support Trend 1, hierarchical organisations can treat AI as a “collaboration 
tool” rather than a “manager substitute” by defining where AI is used to expand 
situational awareness rather than to decide. For instance, AI can be used to syn-
thesise employee feedback at scale (pattern recognition), while humans apply con-
textual judgement, resolve ambiguities, and decide priorities (Hao et al., 2025). 
However, the ethical risks noted in your draft (privacy and surveillance) are real 
and must be treated as governance issues (Trend 3). If employee feedback is col-
lected, the organisation should minimise personal data, limit access, apply reten-
tion controls, and separate developmental feedback from disciplinary processes to 
prevent chilling effects and mistrust, which would undermine adoption through 
reduced participation and diminished trust (Gillner, 2024). 

4.4.2. Matrix Structures 
Matrix structures create dual accountability lines, which can increase coordina-
tion burdens but also support cross-functional integration. Under Trend 1, matrix 
structures can be advantageous because they allow AI-enabled ideas to move 
across functional boundaries, encouraging iterative refinement and shared learn-
ing. However, matrix structures may be especially vulnerable to Trend 2 escalation 
because the same AI output can be interpreted differently by functional and pro-
ject leaders, potentially generating conflicting directives. Diffusion dynamics are 
relevant here: belief formation and influence evaluation may occur within each 
reporting line, leading to distinct group-level outcomes that are difficult to recon-
cile (Wen et al., 2024). When combined with LLM failure modes (e.g., miscalibra-
tion and hallucination), the risk is not only that a team is wrong, but that teams 
disagree confidently in incompatible directions (Handler et al., 2024). 
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A governance-oriented solution is to formalise an “AI assurance intermediary” 
function for high-impact decisions, analogous to a lightweight review role. This 
intermediary is not intended to police every AI interaction; that would be infeasi-
ble and counterproductive. Rather, it is intended to review AI use in decisions that 
cross reporting lines or materially affect risk exposure (e.g., compliance-sensitive 
deliverables, safety-related recommendations, high-stakes performance decisions). 
The intermediary would check whether AI outputs are supported by evidence and 
whether the decision process includes independent verification steps. This inter-
vention directly targets Trend 2 while preserving the matrix advantage of cross-
functional collaboration. 

Under Trend 3, matrix structures should define who owns regulatory interpre-
tation and risk acceptance to avoid “accountability gaps”. Liao et al. (2025) imply 
that governance involves multiple layers of responsibility; matrix organisations 
therefore benefit from an explicit rule that assigns final risk acceptance to a des-
ignated role (e.g., a governance committee or accountable executive) rather than 
leaving it to negotiation between managers. This does not remove collaboration; 
it clarifies where escalation ends, thereby reducing paralysis and enabling adop-
tion to proceed with controlled risk. 

4.4.3. Flat Structures 
Flat structures typically facilitate rapid communication and local experimenta-
tion, which can support Trend 1 by enabling teams to iteratively integrate AI into 
workflows and adapt quickly. However, the same features can intensify Trend 2 
because diffusion and consensus formation can occur quickly, and social dynam-
ics may discourage dissent once an AI-supported narrative becomes dominant. 
Overreliance and anchoring are particularly problematic when there are few hier-
archical checkpoints and when speed is rewarded (Carter & Liu, 2025; Klingbeil 
et al., 2024). Moreover, LLM outputs can appear coherent even when ungrounded, 
potentially accelerating belief formation and diffusion (Handler et al., 2024; Wen 
et al., 2024). 

For flat structures, the adoption priority is to preserve experimentation while 
ensuring that high-impact decisions include structured scepticism. A feasible 
mechanism is to introduce “decision tiers” rather than adding managerial layers. 
Low-impact decisions can remain decentralised and fast, while high-impact deci-
sions (those affecting compliance, safety, major resource allocation, or personnel 
outcomes) trigger a lightweight independent review or “red team” check. The red 
team role can rotate to avoid creating a new hierarchy, but it should be defined so 
that dissent is institutionalised rather than dependent on personality. This directly 
counteracts diffusion-driven escalation by ensuring that at least one actor has a 
formal mandate to challenge AI-supported conclusions. 

Under Trend 3, flat structures face a specific risk: governance may become frag-
mented because there is no central authority to enforce consistent controls. Liao 
et al. (2025) suggest that governance requires alignment of responsibilities across 
stakeholders; therefore, flat organisations should adopt minimal shared standards 
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for AI use (acceptable-use rules, data-handling constraints, documentation expec-
tations for high-impact use) while leaving implementation flexibility at the team 
level. The goal is to achieve “governance coherence without reintroducing bureau-
cracy”. This is critical because if governance is inconsistent, adoption becomes 
risky and credibility is undermined after the first failure. 

4.4.4. Hub-and-Spoke Network Structures 
Hub-and-spoke networks rely on a central coordinating organisation (hub) that 
integrates contributions from external partners (spokes). This structure can pro-
vide flexibility under Trend 3 because partnerships can be reconfigured when reg-
ulatory or governance constraints change. Yet, the same networked arrangement 
can complicate governance and accountability because responsibility for AI out-
puts may be distributed across organisations. Gillner (2024) illustrates that imple-
mentation in complex systems involves trust and coordination issues; in net-
worked collaborations, these issues can be amplified because partners may have 
different risk tolerances, documentation standards, and verification practices. 

A practical recommendation is to standardise “AI interface contracts” between 
hub and spokes. This means specifying, at minimum, what data can be shared, 
what model outputs can be used for, what verification steps are required before 
outputs are acted upon, and how incidents are escalated. This approach opera-
tionalises Trend 3 governance within the structure’s natural contract boundaries. 
For Trend 2, the hub should require that any AI-supported recommendation that 
affects shared outcomes includes an evidence note describing the basis for the rec-
ommendation and any known uncertainties. This is particularly important given 
LLM risks such as hallucination and miscalibration (Handler et al., 2024). The 
objective is not to eliminate risk but to prevent uncontrolled diffusion of unsup-
ported claims across partner organisations. 

4.4.5. Divisional Structures 
Divisional structures often combine local autonomy with central oversight, which 
can be advantageous for balancing Trends 1 - 3. Divisions can experiment and 
tailor AI use to context (supporting Trend 1), while headquarters can define gov-
ernance standards (supporting Trend 3). The key risk is fragmentation: divisions 
may adopt divergent AI practices that are difficult to reconcile or audit. Under 
Trend 2, a critical concern is that decision quality may vary across divisions, and 
diffusion of flawed practices may occur if successful-looking but risky approaches 
spread informally. Given the evidence that individuals can over-rely on AI and 
that such reliance produces measurable costs (Klingbeil et al., 2024), divisional 
organisations should be cautious about allowing AI “best practices” to propagate 
without evaluation. 

A feasible approach is to implement “federated governance”: headquarters de-
fines minimum requirements (documentation for high-impact AI use, verifica-
tion expectations, incident reporting), while divisions retain flexibility in tooling 
and workflow design. To support learning without uncontrolled diffusion, divi-
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sions can submit short post-implementation reviews of AI use cases, focusing on 
observed failure modes (e.g., anchoring incidents, overreliance) and mitigation 
effectiveness. This directly engages Trend 2 by making failure modes visible and 
actionable rather than hidden. Additionally, divisional structures can use “com-
parative audits” to identify whether certain divisions systematically exhibit higher 
error rates or lower trust, which may signal governance gaps. These mechanisms 
align with the idea that adoption success is an organisational capability rather than 
a one-time project (Hao et al., 2025). 

4.4.6. Team-Based Structures 
Team-based structures, particularly those relying on cross-functional teams and 
rotating membership, can be conducive to Trend 1 because they enable rapid re-
combination of expertise and iterative experimentation. However, they can also 
intensify Trend 2 because belief diffusion can be fast when teams share information 
frequently and rely on peer evaluation. Anchoring effects may be salient in peer-
based performance assessment if AI-generated summaries become default narra-
tives about a person’s contribution (Carter & Liu, 2025). Moreover, LLM failure 
modes can affect team deliberations by introducing ungrounded but persuasive 
claims (Handler et al., 2024). 

A high-standard intervention is to embed “verification and dissent roles” within 
team routines. Rather than assigning a permanent facilitator to police AI use, teams 
can designate a rotating “verification lead” for decisions that have external conse-
quences or high risk. The verification lead checks whether AI-provided claims are 
supported by evidence and whether uncertainties are documented. This approach 
preserves team autonomy while institutionalising scepticism. To reduce anchor-
ing in evaluation, teams should avoid using AI summaries as primary appraisal 
evidence; instead, AI can be used to organise raw inputs (notes, outputs, peer feed-
back), while humans perform the evaluative judgement and explicitly note where 
AI could bias interpretation (Carter & Liu, 2025). This practice is consistent with 
the broader evidence that overtrust is costly and that critical evaluation must be 
preserved (Klingbeil et al., 2024). 

4.5. Cross-Cutting “Generalised Characteristics” and  
Organisational Dilemmas 

Beyond structure-specific recommendations, the review supports several cross-
cutting dilemmas that organisations must navigate. First, communication and em-
powerment can support Trend 1 by enabling active human-AI collaboration and 
iterative learning. However, increased communication also accelerates diffusion 
pathways, making Trend 2 escalation more likely when verification is weak (Wen 
et al., 2024). Thus, the key dilemma is not “more versus less communication” but 
“communication with or without scepticism”. The evidence suggests that adop-
tion is most robust when communication is paired with institutionalised verifica-
tion and structured dissent (Handler et al., 2024; Klingbeil et al., 2024). 

Second, control and flexibility are not simple opposites. Trend 3 implies that 
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governance is necessary to stabilise adoption under uncertainty, but overly restric-
tive control can suppress the experimentation needed to discover effective human-
AI collaboration patterns (Hao et al., 2025). The appropriate balance depends on 
context: highly regulated or high-harm domains require stronger controls, whereas 
low-risk domains can tolerate more flexibility. A practical implication is that or-
ganisations should adopt tiered governance: strong controls for high-impact de-
cisions and lighter controls for low-impact tasks. This approach is consistent with 
the empirical evidence that harms and costs emerge when AI advice is accepted 
uncritically in consequential contexts (Klingbeil et al., 2024; Moustafa Abdelwanis 
et al., 2024). 

Third, trust is both a prerequisite and a risk. Organisations need sufficient trust 
for AI to be used, but too much trust can produce overreliance and anchoring 
failures (Carter & Liu, 2025; Klingbeil et al., 2024). Trust should therefore be cal-
ibrated rather than maximised. One implication is that adoption programmes 
should not aim to “increase trust” in general; they should aim to increase justified 
trust by connecting outputs to evidence, uncertainty communication, and ac-
countability structures (Handler et al., 2024; Liao et al., 2025). In practice, this 
means framing AI outputs as decision inputs with known limitations and design-
ing processes that keep human responsibility explicit. 

4.6. Critical Appraisal and Limitations of Inference 

Several limitations constrain the strength of claims that can be made from this 
review. First, the search strategy relied on a single database and a targeted set of 
keywords, which increases the risk of missing relevant studies and may bias the 
included evidence towards certain disciplines or publishers. Second, while the re-
view synthesised themes across diverse studies, it did not conduct a formal quality 
appraisal or risk-of-bias assessment; consequently, the synthesis should be inter-
preted as a structured thematic integration rather than as a quantitative estimate 
of effect sizes. Third, several included studies are context-specific (e.g., healthcare 
settings), and although governance and behavioural mechanisms may generalise, 
the extent of generalisability cannot be assumed without further field validation 
(Gillner, 2024; Moustafa Abdelwanis et al., 2024). Fourth, the presence of concep-
tual and framework papers alongside experimental studies means that the evi-
dence base combines different epistemic claims (normative guidance, mechanism 
proposals, empirical results). The discussion therefore emphasises plausible mech-
anisms and design implications rather than definitive causal conclusions. 

A further limitation concerns the translation from trends to organisational struc-
ture prescriptions. Although structure plausibly moderates adoption outcomes by 
shaping diffusion, accountability, and decision rights, the included evidence does 
not directly test “structure-specific interventions” in controlled settings. The rec-
ommendations offered here should therefore be understood as theory-informed 
design hypotheses grounded in recurring behavioural and governance mecha-
nisms, rather than as experimentally validated prescriptions. This distinction is 
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important for responsible scholarship: making strong claims about what each struc-
ture “requires” would exceed the evidence base. Instead, the contribution of this 
review is to provide a coherent lens for organisational diagnosis and intervention 
selection that is consistent with the mechanisms documented in the included lit-
erature (Handler et al., 2024; Hao et al., 2025; Wen et al., 2024). 

4.7. Implications for Practice and Future Research 

For practitioners, the principal implication is that AI adoption should be planned 
as an organisational capability-building programme. This implies budgeting not 
only for technical development but also for governance roles, verification routines, 
training in cognitive pitfalls, and change management to embed human-AI col-
laboration in everyday practice. A second implication is that organisations should 
explicitly identify where they are most vulnerable on the three-lens framework: 
some may be constrained primarily by governance uncertainty, others by behav-
ioural risk (overreliance), and others by weak enabling conditions (poor work de-
sign for collaboration). Diagnosing the dominant constraint can prevent costly 
investments in solutions that do not address the true bottleneck. 

For research, a priority is field validation of structure-sensitive interventions. 
The literature would benefit from comparative studies testing whether tiered gov-
ernance, rotating dissent roles, or assurance intermediaries reduce error escala-
tion and improve adoption durability in real organisations. A second priority is 
measurement: future studies should operationalise “adoption success” beyond de-
ployment metrics, incorporating sustained use, decision quality, incident rates, 
trust calibration, and compliance outcomes. Finally, future work should investi-
gate ethical and privacy risks in organisational monitoring mechanisms used to 
manage AI adoption, as interventions such as feedback databases and audit logs 
can inadvertently create surveillance cultures that undermine trust and participa-
tion (Gillner, 2024; Liao et al., 2025). 

Overall, the synthesis supports the conclusion that successful organisational AI 
adoption is a multi-dimensional management problem requiring coordinated at-
tention to collaboration design, behavioural risk containment, and governance 
under uncertainty. Structural interventions are not sufficient on their own, but 
structure-aware design can reduce predictable failure modes and increase the prob-
ability that AI is used productively, safely, and sustainably. 

5. Conclusion 

This structured review examined recent evidence on organisational adoption of 
artificial intelligence (AI) and synthesised three recurring themes that shape whether 
adoption succeeds beyond pilot implementation. First, the literature increasingly 
frames adoption as an organisational capability in human-AI collaboration, em-
phasising work design, sensemaking, and complementary allocation of responsi-
bilities rather than technology deployment alone (Hao et al., 2025; Liu & Li, 2025). 
Second, empirical and conceptual work consistently shows that predictable cog-
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nitive vulnerabilities, including overreliance and anchoring, can cause individual-
level misuse of AI to escalate into organisation-wide decision failures through dif-
fusion and group dynamics (Carter & Liu, 2025; Handler et al., 2024; Klingbeil et 
al., 2024; Wen et al., 2024). Third, governance and regulatory complexity functions 
as a practical constraint on scaling, shaping operating models, accountability, and 
trust in deployed systems (Gillner, 2024; Liao et al., 2025). 

Based on these themes, the paper proposed structure-sensitive recommendations 
for six common organisational forms (hierarchical, matrix, flat, hub-and-spoke 
network, divisional, and team-based). Rather than advocating for comprehensive 
restructuring, the recommendations focus on feasible, moderate interventions that 
align with three implementation lenses: regulatory and governance barriers, post-
adoption risk controls, and enabling conditions for productive AI use. The central 
conclusion is that AI adoption success depends on aligning value creation, risk con-
tainment, and governance under uncertainty. Organisations that treat adoption as 
capability-building, supported by calibrated trust, verification routines, and clear 
accountability, are more likely to sustain benefits while avoiding predictable fail-
ure modes. 
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