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Abstract. As industries increasingly adopt artificial intelligence (AI) and automation in safety-critical workplaces, 

the pace of deployment has outstripped governance practices that ensure occupational safety and health (OSH). In 

many regulatory frameworks, risk classification is increasingly being embedded as mandatory, but it remains 

unclear how organisations operationalise these requirements in practice as these governance gaps are particularly 

significant in rural-relevant sectors such as agriculture, food processing, energy, and logistics in which robust AI 

literacy, oversight, registration, and data governance are essential to prevent harm and ensure safety, sustainable 

operation of increasingly automated engineered systems. A cross-sectional online survey was conducted with 227 

respondents across 18 countries, covering diverse sectors and organisational sizes. Likert-scale items assessed the 

presence of high-risk and non-high-risk AI systems and the implementation of key governance practices. 
Descriptive statistics were used to characterise adoption patterns. Chi-square tests examined differences between 

EU and non-EU organisations, with Cramér’s V used to assess effect size. High-risk (81.8%) and non-high-risk 

(79.3%) AI systems are widely used, with no significant differences between EU and non-EU. High 

implementation levels were reported for AI literacy (90.4%), human oversight (86.9%), and monitoring and 

reporting (83.2%). Lower implementation was observed for fundamental rights impact assessments (76.7%) and 

comprehensive data governance (80.4%), indicating potential OSH vulnerabilities. Significant regional differences 

favoured EU organisations in AI literacy (97.8% vs 83.9%, p = 0.021), AI system registration (93.3% vs 77.1%, 

p = 0.029), while no significant differences were found for other governance measures.  

Keywords: AI governance, EU AI Act, socio-technical system, occupational health and safety, automation in the 

workplace. 

1. Introduction 

The workplace adaptation of digital technologies in recent decades has profoundly reshaped the 
design and governance of work systems, as automation, connectivity, and data-driven technologies have 

transformed how work is organised and controlled across sectors. In the scope of this broader 

transformation, Artificial Intelligence (AI) and automation are tightly integrated in safety-critical work 
systems across sectors, including agriculture, oil and gas, waste management, food processing, energy, 

and logistics, with profound implications for occupational safety and health (OSH). The scope of this 

technology’s universal adoption is becoming unprecedented and beyond isolated applications [1; 2], 

decision-making and risk management. While these technologies improve productivity, reduce 
hazardous exposures, and support predictive risk management, they also introduce novel socio-technical 

vulnerabilities linked to opacity [3], data dependence [4], and the potential for systemic failures in tightly 

integrated work systems [5]. 

Regulatory developments, most prominently the European Union AI Act [6; 7], introduced risk-

based classification [6; 8] and a layered regime of obligations for high-risk systems, including 
requirements for human oversight [9; 10], documentation [11], monitoring [12], and registration, among 

others [13; 14]. These obligations directly intersect with occupational safety and health concerns relating 

to how AI restructures risk, accountability, and equity in workplaces [15; 16]. 

Despite its profound impact on governance practices of work systems, prior empirical studies of AI 

governance in practice are primarily focused on big technological industries and mature digital 
environments [17]. Therefore, limited empirical evidence exists in our understanding of how 

organisations operationalise such governance requirements in day-to-day practice, particularly in rural-

relevant sectors that often exhibit lower digital maturity and more constrained regulatory capacity [3; 

18]. 

Taken together, this gap raises critical questions about whether current governance practices are 

sufficient to safeguard workers and communities in increasingly automated environments. 

To address the gap, the study investigates the reported implementation of high-risk and non-high-

risk systems and key AI governance practices, including AI literacy, human oversight, registration, 

monitoring and reporting, data relevance and representativeness, transparency and fundamental right 
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impact assessment (FRIA) in organisations operating safety-critical automation, with a focus on rural-

relevant sectors. We conducted a global cross-sectional survey across 18 countries with a mix of 

representatives across several domains. The study examines: 1. The prevalence of high-risk and non-
high-risk AI systems in organisational practice. 2. The extent to which key governance mechanisms are 

implemented across regions. 3. Differences between EU and non-EU organisations in reported AI 

governance practices aligned with emerging regulatory expectations. 

By presenting cross-national evidence on how organisations say they apply key governance 

practices, this study helps explain how risk-based regulation and similar rules are taken up as everyday 
responsibilities in safety-critical workplaces, and it underlines how little is yet known about whether 

these duties are carried through into the actual control of work. 

2. Materials and methods 

2.1. Study design and research questions 

The study adopts a combined research design consisting of a conceptual and regulatory analysis 
followed by an empirical cross-sectional survey. The conceptual component is based on a targeted 

review of scientific literature and regulatory frameworks, including the European Union AI Act, and 

applies elements of a concept analysis approach to clarify key constructs such as AI literacy, human 
oversight, and AI governance practices in socio-technical systems. This component provides the 

theoretical grounding and informs the operationalisation of variables used in the empirical phase. 

Further, the study employed a cross-sectional online survey design to obtain a global snapshot of AI 
governance practices in organisations using AI and automation for safety-critical or operationally 

critical tasks. Following the research methodological design, the study pursues three specific interrelated 

objectives. 

1. Characterise the prevalence of high-risk and non-high-risk AI systems in organisations in rural-

relevant and safety-critical sectors across multiple countries.  

2. Assess the extent to which key AI governance practices-AI literacy initiatives, human oversight 
mechanisms, AI system registration, monitoring and reporting, data governance, and fundamental 

rights impact assessments-are implemented. 

3. Explore whether organisations located within the EU, where the AI Act is being implemented, 

report different levels of governance maturity compared to organisations outside the EU. 

Thus, the above objectives motivate the following research questions (RQs): 

RQ1: To what extent are high-risk and non-high-risk AI systems deployed in organisations across 

sectors and regions? 

RQ2: How widely are AI literacy, human oversight, registration, monitoring, data governance, and 

fundamental rights impact assessments implemented in practice? 

RQ3: Are there statistically significant differences between EU and non-EU organisations in the 

implementation of these governance practices? 

Addressing these questions contributes to understanding how regulatory concepts of risk, oversight, 

and rights protection translate into organisational routines in OSH-relevant contexts. 

2.2. Sampling, Recruitment, Eligibility 

Participants were employees and employers familiar with their organisations’ use of AI-based 
automated systems, such as occupational safety and health (OSH) managers, compliance officers, 

engineers, data analysts, operations line supervisors, management staff, production managers, software 

developers, HR managers, and policymakers. A non-probability sampling strategy was applied, 
combining purposive and snowball sampling techniques. The survey was distributed via professional 

networks, OSH associations, professional social platforms, industry and sectoral unions, as well as 

through direct sharing among participants. The survey was distributed over the period of November 
2025 to March 2026. No financial or material incentives were provided to participants. Eligibility criteria 

required that respondents: a) were at least 18 years old; b) were employed in, or closely affiliated with, 

an organisation deploying AI or automated systems in safety-critical or operationally critical contexts 

(e.g., agriculture, food processing, energy, logistics, manufacturing); c) had sufficient insight into 
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organisational practices to answer questions on AI deployment and governance; and d) agreed to 

voluntary participation without inducement.  

A total of 227 respondents from a range of organisational sectors and sizes started the participation 

in the survey. The following exclusion and data cleaning criteria were applied, particularly on the 
missing substantial indicators of geographical location and those of AI deployment and governance 

sections: 74 respondents did not indicate the country of usual residence, which is a crucial indicator of 

this study, thus they were excluded from the sample and 26 respondents left incomplete responses 

(blanks) for the crucial inclusion criteria of AI systems used in the company and their 
managerial/governance practices. Thus, following the data cleaning and application of 

inclusion/exclusion criteria, 127 valid responses were retained for analysis (response retention rate: 

55.9%). Of the final sample, 38 respondents (29.9%) were from EU countries and 89 respondents 
(70.1%) from non-EU countries. As the distribution is uneven, with a larger proportion of respondents 

from non-EU countries, it should be considered when interpreting results of comparative analysis 

between jurisdictions subject to the EU AI Act and those operating under different regulatory contexts. 
Also, because the sample represents 18 countries, the relatively small number of valid responses reflects 

the targeted recruitment of respondents with specific organisational knowledge. Still, the sample size 

(N127, confidence level 95%, margin of error ± 8.52%) is sufficient for the application of chi-square 

tests of association with moderate expected cell counts; however, given the non-probability sampling 
design, the findings should be interpreted as exploratory and indicative rather than statistically 

representative of the global population. 

2.3. Survey Instrument 

The survey instrument (complex questionnaire) was designed to capture both the presence of AI 

systems and the implementation of governance mechanisms aligned with emerging regulatory 

frameworks. See the list of questions attached to Annex 1. The survey included four main sections. 

1. Organisational profile (Q1-Q7): Country, sector, organisational size (e.g., micro, small, medium, 
large), and whether the organisation operated primarily in rural, peri-urban, or urban contexts. 

2. AI system deployment (Q8(1-15)-Q9(1-16)): Items asking whether the organisation used AI 

systems that met the definition of high-risk under the EU AI Act (e.g., safety components of 
regulated products or applications falling into Annex III categories) and whether non-high-risk AI 

systems were deployed. 

3. Governance mechanisms (Q10-Q16): Likert-scale items (e.g., strongly disagree to agree strongly; 
or not implemented to fully implemented) assessing AI literacy initiatives (e.g., training, awareness 

programs, internal guidance); Human oversight structures (e.g., clear assignment of supervisory 

responsibility, escalation pathways, ability to override AI outputs); AI system registration and 

documentation practices (internal inventories, registers, or external registries where applicable); 
Monitoring and reporting mechanisms (incident logging, performance monitoring, near-miss 

analysis related to AI systems); Data governance (data quality checks, documentation of data 

sources, access control, data protection measures); Fundamental rights and impact assessments 
(e.g., assessments of privacy, discrimination, and rights risks associated with AI deployments). 

4. Perceptions and challenges (Q17, Q18): Open ended questions about challenges regarding human-

AI interaction at workplace and possible improvements to make AI more human-centred. 

Instrument design was informed by the AI Act’s requirements for high-risk systems, OSH guidance 

on automation, and existing analyses of human oversight and AI literacy. 

Survey link (questionnaire) is available also at Lime survey platform, 

https://limesurvey.ttu.ee/limesurvey/index.php/747791. 

2.4. Construction and Operationalization of Measures and Variables 

Key variables were constructed and operationalized aligning them with specific survey items as 

follows: 

• High-risk AI deployment: Indicator (yes/no/uncertain) based on respondents’ self-reported use 

of AI systems that they identified as high-risk under the AI Act definition or analogous national 

guidance (survey Q8.1-Q8.15). 
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• Non-high-risk AI deployment: Indicator (yes/no/uncertain) for other AI systems used in the 

organisation that did not meet high-risk criteria (survey Q9.1-Q9.16). 

• AI Governance/management practices: For each governance domain (AI literacy, human 

oversight, registration, monitoring, data governance, fundamental rights assessment) 5 point 

Likert-scale responses were coded 1 = not implemented/used to 5 = fully implemented/used 
(survey Q10-Q16).  

• Region: Organizations were categorised as EU or non-EU based on the country, enabling 

comparative analysis of governance practices in jurisdictions directly subject to the AI Act 

versus others (survey Q3). 

• Organisational characteristics: Size and sectors created to explore potential associations with 

governance maturity and AI deployment (survey Q4-Q7). 

Given that all measures are based on self-reported organisational practices, the variables may be 

subject to respondent interpretation and self-reporting bias, e.g., the self-reported classification of AI 
systems as high-risk may be subject to interpretation variance. This limitation is considered in the 

interpretation of results. To mitigate this, definitions in the survey were aligned closely with Articles 6 

and Annex III of the AI Act.  

2.5. Data Collection Procedures 

Data were collected via an online Lime survey platform compliant with general data protection and 
security standards, using encrypted transmission and secure storage. The survey link was distributed 

over several weeks through professional networks, professional social media platforms, and 

collaboration partners. Weekly follow-up reminder messages were sent to increase response rates, and 

more than one response from the same individual was filtered based on IP address and time stamps 

where identifiable. Respondents could complete the survey on PC, IOS and Android mobile devices. 

2.6. Data Analysis 

Data were exported to a IMB SPSS Statistics version 30 (SPSS) for cleaning and analysis. 

Descriptive statistics (frequencies, percentages, means, standard deviations) were used to characterise 

a) prevalence of high-risk and non-high-risk AI systems, and b) distribution of governance mechanisms 
across organisations and regions. Chi-square tests of independence were conducted to examine 

associations between regions (EU vs. non-EU) and binary indicators of governance implementation 

(e.g., whether AI literacy programs were in place). Cramér’s V was used to estimate effect sizes for 
significant associations, enabling interpretation of the strength of regional differences. Furthermore, to 

explore potential confounding effects, we conducted a stratified cross-tabulation across organisational 

size and sector. Given the cross-sectional design, associations are interpreted as non-causal. 

2.7. Ethical Considerations 

The research was conducted in line with established ethical standards for survey studies. 
Participation was voluntary, and informed consent was obtained on the survey page before respondents 

could proceed to the survey items. No personally identifiable data was collected, and no organisational 

names were requested by participants to be disclosed. Country and sector data were reported in 

aggregated form to mitigate the risk of deductive disclosure and maintain participant anonymity. Data 
were stored on a secure, restricted-access server and retained only for the period necessary for analysis 

and publication. The study design and survey material are within the applicable national and institutional 

guidelines on research involving human participants. 

3. Conceptual and Regulatory Background 

3.1. AI in Safety-Critical Rural-Relevant Sectors 

Research by Ghobakhloo  shows that the so-called Industry 4.0 technologies are associated with 

improved operational efficiency, process optimisation, and sustainability outcomes in digitally enabled 

production environments  In safety-critical, rural-relevant sectors such as agriculture, construction, 
food and feed processing, and energy infrastructure, automation supported by data-driven methods is 
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increasingly used to enable precision management, predictive monitoring, and real-time coordination of 

complex operations  While these deployments can reduce direct exposure of workers to 

hazardous tasks and environments, they also reposition risks by embedding control in opaque models 
and distributed data infrastructures, raising concerns about new failure modes, concentration of power, 

and challenges for accountability and oversight  

Rural and hinterland regions often host such safety-critical operations, including agriculture, food 

and feed processing, and energy distribution, where infrastructure constraints, workforce skills gaps, 

and distance from regulatory hubs can intensify governance challenges Studies also indicate that 
rural enterprises frequently lag in digital readiness and skills, even as they adopt increasingly complex 

automation and digital tools  In this context, accessible literacy initiatives, practical oversight 

structures, and straightforward registration and documentation processes become central to translating 
high-level European regulatory requirements into effective protection for workers and surrounding 

communities 

3.2. Risk-Based AI Regulation and High-Risk Systems 

The European Union AI Act establishes a risk-based regulatory framework intended to protect 

health, safety, and fundamental rights while supporting innovation and legal certainty in the internal 
market The Act differentiates between prohibited practices, high-risk systems, transparency 

obligations for certain systems, and minimal-risk systems, while also introducing a distinct regime for 

general-purpose AI models  High-risk status arises primarily in two ways: (a) where an AI system 
is a safety component of, or constitutes, a product regulated under sectoral Union legislation, and (b) 

where an AI system is intended for a high-risk use case listed in Annex III   

For high-risk AI systems, the AI Act sets out strict requirements and accountability across the 

lifecycle. Core requirements include a risk management system , data and data governance , 

technical documentation , record-keeping , transparency and provision of information to users 

, and accuracy, robustness, and cybersecurity . Traceability and accountability are 
further strengthened through registration and database obligations: registration is set out in Article 49, 

and the EU database for certain high-risk systems is established under Article 71 . 

Although the AI Act is the EU law, its risk-based logic and compliance expectations are already 

shaping governance debates beyond Europe, particularly for organisations supplying systems into the 

EU market or operating across jurisdictions  Recent studies suggest that many organisations still 
struggle to translate high-level requirements into workable internal procedures, especially where 

systems are bundled vendor solutions or embedded in legacy infrastructures . 

3.3. AI Literacy as a Foundation for Governance 

AI literacy can be understood as “a set of competencies that enables individuals to critically evaluate 

AI technologies; communicate and collaborate effectively with AI”  It also includes the ability to 
understand AI capabilities and limitations, critically appraise AI-mediated outputs, and make informed 

decisions about their use . In workplace contexts, this means the staff can recognise when AI 

outputs may be biased, incomplete, or misaligned with legal and ethical constraints, and know when 
human judgment must override automated recommendations  In safety-critical settings, AI 

literacy becomes a prerequisite for meaningful human oversight as required under the EU AI Act, 

because only sufficiently trained personnel can effectively monitor, interpret, and, where necessary, 
intervene in or override high-risk AI systems  Without this literacy, human oversight risks 

becoming a procedural formality, and organisations may fail to detect situations in which automated 

decisions conflict with occupational safety and health (OSH) obligations or fundamental rights  

Empirical studies on oversight show that humans often struggle to perform supervisory roles 

effectively, including automation bias, algorithm aversion, and difficulty judging when to override AI 
recommendations  Without adequate literacy, formal oversight roles risk becoming nominal, 

with deployers either over-trusting system outputs or disregarding them without sound justification  

AI literacy initiatives, together with clear governance processes and escalation pathways, are therefore 

central to the effectiveness of regulatory requirements on human oversight . 
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AI is progressively integrated into many everyday technologies. However, the algorithm systems 

are often poorly understood, and users may be unaware they are interacting with AI . As a result, 

it can be difficult to deploy these systems effectively and appropriately, and to evaluate their outputs 
with healthy scepticism  This kind of misunderstanding can push regulation in the wrong direction 

 and leave the public disappointed when expectations are not met . In addition, when people can 

see the output but do not understand how it is produced (“black box”), it becomes easier to misread what 
the AI is doing . Even when systems are more transparent, uncertainty can still arise if deployers 

lack the technical knowledge needed for correct interpretation . This is a core reason AI literacy 

matters at both ends, among developers and among users. 

3.4. Human Oversight in AI Governance 

Human oversight now plays a critical role in how AI is governed. This is because it is the practical 
means by which organisations identify problems, make decisions on relying on output, and adequately 

intervene when harm might happen. Its primary aim is to prevent risks to health, safety, and fundamental 

rights through output correction within the high-risk regulatory framework under the EU AI Act [ . 
At the same time, it continues the extended objectives of preventing the system from displacing human 

autonomy and building trust in AI systems. Thus, Article 14 requires that providers establish the 

technical and operational conditions for effective oversight . This is complemented by Article 26(2) 

of the AI Act, which requires deployers to assign qualified persons with competence, training, and 
authority to support oversight when necessary . Enqvist characterises the AI Act as “breaking 

new ground by promoting the introduction of the first general and sharp worded human oversight 

requirement over AI systems in European law” (abstract). Furthermore, it frames the oversight 

framework around “what” is to be overseen, “when” oversight is to be exercised, and “by whom”  

Regulatory and scholarly discussions distinguish between different oversight configurations, 
including human-in-the-loop (HITL), human-on-the-loop (HOTL), and human-in-command models 

(HIC) [  HITL configurations involve humans actively approving outputs , often in high-

stakes decision contexts such as medical diagnosis or safety-critical control rooms. The system produces 
an output, but a human must review, approve, or choose before the action is taken . HOTL, 

automated process, supervised by a human, with operators stepping in only when needed, intervening 

based on performance indicators, alerts, or anomalies-an arrangement commonly discussed in guidance 

on human oversight for industrial automation, autonomous vehicles, and complex infrastructures. HIC 
implies that the accountable authority holds total control at the system level, setting objectives, defining 

acceptable boundaries, deciding when the system can be used, and holding authority to pause/stop or 

withdraw it from operation. 

Empirical evidence suggests significant limitations to the effectiveness of human oversight, 

including humans’ cognitive constraints and automation bias. Therefore, this means that Article 14’s 
success requires careful implementation that acknowledges these limitations and avoids overreliance on 

human oversight as a standalone safeguard. 

3.5. Registration, Monitoring and Data Governance 

Registration and documentation are fundamental mechanisms to make AI systems visible to 

regulators, workers, and the public, enabling traceability and accountability across their lifecycle . 
The AI Act establishes EU-wide databases for certain high-risk systems , complemented by 

obligations on both providers and deployers to register eligible systems , maintain internal technical 

documentation , automatically generated logs , and records of serious incidents and corrective 

actions . 

Monitoring and reporting mechanisms serve to identify performance degradation, bias, emergent 
hazards, or near misses, and to trigger corrective action In OSH terms, AI-enabled monitoring 

can support proactive risk management, but only when it is embedded in a governance framework that 

respects workers’ rights and is transparent about the purposes and limits of data collection.  

Comprehensive data governance is a further cornerstone of AI Act compliance, encompassing data 

quality, representativeness, provenance documentation, role-based access controls, security measures, 
and mechanisms for redress when data misuse leads to harm . Weak data governance can 

undermine model performance, embed structural biases, and increase the likelihood of both safety 
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incidents and fundamental rights breaches, particularly where high-risk systems depend on complex, 

longitudinal datasets Emerging evidence also indicates that small and medium-sized 

enterprises-especially those operating in rural or otherwise resource-constrained contexts-often rely 
heavily on data-intensive digital tools without corresponding formal data governance frameworks, 

creating uneven readiness for AI Act obligations and increased exposure to governance failures  

3.6. Fundamental Rights and OSH in Automated Workplaces 

The adoption of AI-mediated automation in rural-related and safety-critical environments enhances 

productivity and safety, but it also introduces new risks . A recent study by Bowdler et al. 
highlights how automation alters workplace risk in a way that is not a physical hazard. Apart from injury 

and exposure to hazards, there are less obvious ways workers get exposed to harm. Automated work 

systems can also cause rights-relevant harms-privacy intrusion, unfair treatment, and reduced worker 
agency, which can eventually undermine safety performance. In addition, Özkiziltan and Landini 

highlight how it can lead to power imbalance, a threat to fundamental right and biased and intrusive 

behaviour at the workplace.  

When monitoring becomes pervasive , and workers have no understanding why 

assigned specific tasks and performance evaluations feel arbitrary , and when workers lose 
agency to slow down or stop unsafe work , the system may appear efficient while becoming less 

safe in practice . Fundamental rights, therefore, function as practical safety conditions: they help 

preserve trust, reporting, and the capacity for timely human intervention  

The dual functional use of digital monitoring lies in its supportive role for feedback and safety, and 

its controlling role as a logging and sensing system for performance management Monitoring 
data may be mobilised to drive productivity, enforce targets, or enable disciplinary control, often 

overshadowing any nominal safety function When workers experience monitoring as control, 

behaviours can shift toward resistance and “gaming” the system, alongside higher strain and 

counterproductive responses that can undermine safe work Where speaking up or reporting is 
perceived as punitive, reporting declines and learning signals weaken . Over time, pervasive 

surveillance can foster a sense of being watched and distrusted, with privacy concerns and reduced 

autonomy contributing to poorer well-being . Concerns also arise when workers have limited 

clarity about what is captured, how it is used, and how inaccuracies can be corrected  

Allocation and evaluation are other concerns. Automated tools used for shift assignment and 
performance rating can subtly intensify established inequalities and psychosocial risks, including 

intensified workload, reduced decision authority and unpredictable working time These systems 

often do not capture vulnerability directly; instead, they rely on proxies such as contract type, health 
limits or caring duties, which tend to track who is already vulnerable. As a result, the hardest and riskiest 

work, together with tight time pressure, can cluster on the same workers, while options to challenge 

unfair allocations or scores remain limited  Safeguards such as clear rationale, accessible appeal 
procedures and documented correction routes are therefore not only a matter of fairness; they directly 

shape who is exposed to danger and how incidents are prevented . These dynamics can be 

particularly pronounced in rural-related industrial contexts, where jobs are scarce, sites are 

geographically dispersed, and oversight is centralised  Workers may depend on a single employer, 
hold seasonal contracts and face long travel distances and isolation, all of which weaken their ability to 

resist or exit. In such settings, governance that treats rights and OSH together should prioritise bounded 

monitoring based on necessity, the possibility to contest data-driven decisions, strong protection of the 
right to stop unsafe work, and clear responsibility for those who configure, modify and audit the systems 

that structure daily labour  

4. Results 

4.1. Sample Characteristics 

227 respondents participated in the survey and after data cleaning N = 127 valid responses were 
retained for analysis (response retention rate: 55.9%). Respondents represented a range of professional 

fields, namely education, engineering, information technology, law, healthcare, finance, public 

administration, and safety management. Regarding the size of organisation, 41.7% in large organisations 
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(≥ 250 employees), 13.4% in medium-sized enterprises (50-249 employees), 22.8% in micro-enterprises 

(< 10 employees), and 11.0% in small enterprises (< 50 employees). The pool of respondents was 

distributed across EU (N = 38) and non-EU (N = 89) jurisdictions. Such distribution enables comparative 
analysis of governance practices between jurisdictions subject to the EU AI Act and those operating 

under different regulatory contexts. Given the cross-national scope (18 countries) and non-probability 

sampling approach, the sample should be interpreted as exploratory. While the distribution across 
sectors and organisational sizes supports analytical diversity, it does not allow for statistical 

representativeness at the global population level. 

4.2. AI System Usage by Classification 

Of the full sample, 79.3% respondents reported using at least one system they classified as a non-

high-risk AI system in their organisation, and 81.8% reported the presence of at least one they classified 
as a high-risk AI system in their organisation. Table 1 below presents the distribution of self-reported 

AI system deployment, distinguishing between high-risk and non-high-risk systems as defined in the 

survey instrument. These variables correspond to binary survey items assessing whether organisations 
use AI systems falling within high-risk categories (aligned with the EU AI Act definition) or other AI 

applications. Deployment of chi-square test for comparative analyses indicated no statistically 

significant differences between EU and non-EU respondents in the presence of non-high-risk systems – 

χ²(1) = 0.17, p = 0.679, nor high-risk systems – χ²(1) = 0.60, p = 0.438. These findings suggest broadly 

comparable levels of AI system deployment across jurisdictions. 

Table 1 

AI system usage by classification 

AI System Type Usage Yes n, % Usage No n, % Total N χ² p 

Non-high-risk AI 92 (79.3) 24 (20.7) 116 0.17 .679 

High-risk AI 99 (81.8) 22 (18.2) 121 0.60 .438 

Note. χ² values reflect EU vs Non-EU comparisons 

4.3. Implementation of AI Governance Practices  

AI governance practices were codified as “implemented” from 4 or 5 on a five-point Likert scale. 
Across the full sample, reported governance practices were at relatively high levels across domains. The 

governance practices include: AI literacy (90.4%), human oversight (86.9%), monitoring and reporting 

(83.2%), data relevance and representativeness (80.4%), transparency and communication (80.6%), 

fundamental rights impact assessment (76.7%), registration of high-risk systems (84.8%). See Table 2. 

Table 2 

Self-reported implementation of AI governance practices 

Governance Practice Implemented n, % 
Not Implemented n, 

% 
Total N 

AI Literacy  104 (90.4)  11 (9.6)  115 

Human Oversight  93 (86.9)  14 (13.1)  107 

Monitoring and Reporting  89 (83.2)   18 (16.8)  107 

Data Relevance and 

Representativeness 
 78 (80.4)  19 (19.6)  97 

Transparency and Communication  87 (80.6)  21 (19.4)  108 

Fundamental Rights Impact 

Assessment 
 79 (76.7)  24 (23.3)  103 

Registration of High-Risk Systems  89 (84.8)  16 (15.2)  105 

These results indicate that a majority of respondents report the presence of formal governance 
mechanisms across all examined domains, with particularly high implementation levels observed for AI 
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literacy and human oversight. In contrast, comparatively lower levels are observed for fundamental 

rights impact assessments and data governance, suggesting potential areas of weaker institutionalisation. 

4.4. EU vs non-EU Comparisons in AI Governance Practices 

For the investigation of jurisdictional differences, chi-square tests of independence were conducted, 
and Cramér’s V was used to indicate effect size. Table 3 presents the proportion of organisations 

reporting implementation of each governance practice, disaggregated by EU and non-EU groups, 

alongside statistical test results. 

Table 3 

Comparison of AI governance practices implementation between EU vs Non-EU organizations 

Governance Practice EU% Non-EU% χ² df p Cramér’s V 

AI Literacy 97.8 83.9 5.51 1 0.021 0.23 

Human Oversight 90.9 84.3 0.93 1 0.335 0.10 

Monitoring and Reporting 91.1 79.6 2.46 1 0.117 0.16 

Data Relevance and Representativeness 84.6 78.3 0.56 1 0.455 0.08 

Transparency and Communication 86.7 76.5 1.62 1 0.202 0.13 

Fundamental Rights Impact Assessment 80.5 75.5 0.32 1 0.572 0.06 

Registration of High-Risk Systems 93.3 77.1 4.78 1 0.029 0.23 

Note. χ² values are Pearson chi-square statistics. Cramér’s V is reported as a measure of effect size for 

2×2 tables (.10, .30, .50 correspond to small, medium, and large effects, respectively) 

Contextualizing the statistical test results, the chi-square statistic (χ²) evaluates whether there is an 

association between jurisdiction (EU vs non-EU) and implementation of each governance practice. In 

this study, statistically significant results (p < 0.05) indicate that observed differences between groups 
are unlikely to be due to random variation. The degrees of freedom (df = 1) reflect the binary structure 

of the comparisons (EU vs non-EU; implemented vs not implemented), and the p-value indicates 

statistical significance with the strength of association captured by Cramér’s V. Across the analysed 
practices, statistically significant differences between EU and non-EU organisations were observed only 

for AI literacy (p = 0.021) and registration of high-risk systems (p = 0.029), while all other governance 

domains showed no significant variation between jurisdictions. 

AI literacy management as the governance practice showed a statistically significant association 

with the jurisdiction (χ² = 5.51, p = 0.021), with EU organisations reporting higher implementation rates 
(97.8%) compared to non-EU organisations (83.9%). While the effect size is small-to-moderate 

(V = 0.23), the result suggests that AI literacy initiatives, often emphasised in regulatory and policy 

frameworks, are more consistently institutionalised within the EU contexts. This indicates a targeted 

influence of regulatory environments on workforce preparedness and oversight capability. 

A statistically significant association was also found between the registration of high-risk AI 

systems and the jurisdiction (χ² = 4.78, p = 0.029), with higher implementation reported by EU 
organisations (93.3%) compared to non-EU organisations (77.1%). As with AI literacy, the small-to-

moderate effect size (V = 0.23) indicates that the difference is meaningful but not large. This finding is 

consistent with the explicit documentation and registration requirements of the EU AI Act, suggesting 

stronger alignment of EU-based organisations with formal compliance-oriented governance practices. 

No statistically significant differences between EU and non-EU organisations were observed for 
other AI governance practices – human oversight, monitoring and reporting, data relevance and 

representativeness, transparency and communication, and fundamental rights impact assessment. 

Taken together, the results indicate that while most governance practices are widely reported across 

both EU and non-EU organisations, statistically significant regional differences are limited to AI literacy 

and registration practices. The consistently small effect sizes further suggest weak associations, 
indicating that jurisdiction plays a limited role in explaining variation in these governance practices. 

This pattern suggests broadly similar levels of governance implementation across regions, with 
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regulatory context exerting a targeted influence on specific domains rather than shaping overall 

governance maturity. 

4.5. Summary of Empirical Results 

Overall, the data indicate a high reported presence rate of governance mechanisms across the EU 
and non-EU jurisdictions. High-risk AI systems (81.8%) and non-high-risk systems (79.3%) are widely 

deployed, with no statistically significant differences between regions. Reported implementation rates 

exceed 80% for most governance domains, with AI literacy (90.4%) and human oversight (86.9%) 

among the most prevalent practices. Statistically significant differences between the EU and non-EU 
organisations were observed only for AI literacy (97.8% vs 83.9%, p = 0.021) and registration practices 

(93.3% vs 77.1%, p = 0.029), both with small-to-moderate effect sizes, while implementation levels of 

other governance domains observed did not differ significantly between the EU and non-EU 
respondents. These findings indicate that while governance practices are broadly present across 

jurisdictions, regulatory influence may be more pronounced in specific domains directly emphasised by 

the EU AI Act. 

Taken together, these results suggest the following: (a) self-reported use of high-risk and non-high-

risk AI systems is common in both EU and non-EU jurisdictions, (b) most respondents indicate that key 
governance practices are present, and (c) statistically significant differences in governance practices 

emerge between EU non-EU only for AI literacy and registration with small-to-moderate effect sizes. 

These align clearly with the EU AI Act obligations. 

The implication for RQ1-RQ3 is that these questions, as currently operationalised, are necessary 

but not sufficient for judging whether regulation contributes to safe rural and infrastructure-intensive 
automation. Future research should treat governance practices (literacy, oversight, registration, 

monitoring and reporting, transparency and communication, data relevance and representativeness and 

FRIA) as a layer of a multi-level safety control system rather than as standalone indicators of safety. 

Empirically, this calls for studies that pair governance variables with detailed descriptions of work 
organisation, local adaptations, and control structures in specific sectors, and that distinguish clearly 

between what is visible in documents and what is enacted in the field. Normatively, it suggests 

regulatory and organisational regimes that require evidence of this mapping-evidence that the 
obligations expressed in law and policy can be traced, step by step, into the interfaces, procedures, 

staffing patterns, and escalation routes that determine how people live and work with automated systems 

in the places where things can actually go wrong. 

5. Discussion  

The survey results show that many organizations now report doing the things that regulations most 
clearly ask of them: they say they have literacy initiatives, human oversight arrangements, monitoring 

and reporting, transparency measures, attention to data relevance, impact assessments, and registration 

procedures in place, often at very high rates. In relation to the study’s RQ1, the data show that both high-
risk and non-high-risk AI systems are already present in many participating organizations across a 

diverse mix of sectors and regions. For RQ2, respondents report widespread uptake of governance 

practices, with most of these measures endorsed at the upper end of the response scale. For RQ3, 

statistically significant differences between EU and non-EU respondents appear only for literacy and 
registration, with EU organizations more likely to report these practices, while oversight, monitoring, 

data relevance, transparency, and impact assessment show no significant regional differences. Taken 

together, these patterns suggest that formal governance work is becoming part of 
routine organizational responses to risk, and that emerging regulation may already be shaping some 

aspects of practice, particularly in EU settings.  

What the data do not show is equally important. The survey contains no items that describe how 

these commitments are anchored in day-to-day control of work, no information about interface changes, 

redistribution of tasks between people and automated functions, escalation and override in abnormal 

situations, or how maintenance and experience from incidents reshape practice.  

The instrument, therefore, gives a detailed picture of the surface that is most legible to regulators 
and auditors, and almost no picture of the control structures that determine how people truly remain safe 

around such systems. The binary thresholds used to classify practices as “present” or “absent” further 
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limit what can be inferred about the maturity, integration, or effectiveness of these arrangements in 

everyday work.  

Framed in terms of “work-as-imagined” and “work-as-done”, the instrument is almost entirely a 

probe of work-as-imagined. It documents how organizations say they govern systems, not how those 
arrangements alter the possibilities for action, error, and recovery in real work. That asymmetry is not a 

minor limitation; it is a structural finding. It suggests that the most readily measurable aspects of 

governance are those that can be formalized in policies, training claims, and documented procedures, 

which align closely with the categories emphasized in the current EU AI regulation. The hard part, 
which is missing from the dataset, is the translation of these commitments into concrete constraints and 

supports in local work systems. The survey demonstrates how readily governance can be framed and 

evaluated without reference to it. The sector mix in the sample sharpens this concern. Respondents 
include engineers, process safety specialists, petroleum engineers, healthcare professionals, and 

practitioners in energy, oil and gas, logistics and transport, construction, water treatment, and related 

domains. In many such sectors, the technical systems that can cause the most harm, such as pipelines, 
substations, depots, treatment plants, and remote facilities are located in rural or peri-urban areas, while 

legal, administrative, and compliance functions sit in urban offices. Automation in these settings is 

therefore not limited to the agricultural sector; it spans remote monitoring, control, fault detection, and 

decision support across geographically dispersed assets. This spatial and organisational split makes 
them a particularly unforgiving environment for shallow governance. Paper-strong but operationally 

weak controls are most likely to be exposed when supervision is distant, local staffing is thin, and 

recovery from failure is slow. The survey does not identify rural deployments directly, so “rural 
automation” here is an analytic category that groups together automation embedded in dispersed, 

infrastructure-intensive work systems, rather than a labelled subgroup in the data. Even so, the sample 

composition is sufficient to justify treating such systems as a central use case for interpreting the results. 

Against this backdrop, the call for compliance translation can be specified more tightly. It is not 

enough to note that obligations should be implemented. For the sectors represented here, translation can 
be assessed only if organizations can show how regulatory requirements map onto specific elements of 

the control loop: which interfaces were changed, which tasks were reassigned, which escalation paths 

were created or simplified, which override mechanisms were introduced or redesigned, how 

maintenance regimes were altered, and how near-miss and incident information is fed back into both 
governance documents and frontline procedures. None of this can be inferred from binary yes/no 

responses on literacy, oversight, or registration.  

The observed differences in literacy and registration between the EU and non-EU respondents are 

consistent with regulation beginning to shape some aspects of practice, but they remain ambivalent until 

they are connected to tangible changes in how work is structured and controlled. The implication for 
RQ1-RQ3 is that these questions, as currently operationalized, are necessary but not sufficient for 

judging whether regulation contributes to safe rural and infrastructure-intensive automation. Future 

research should treat governance practices (literacy, oversight, registration, monitoring and reporting, 
transparency and communication, data relevance and representativeness, and FRIA) as a layer of a multi-

level safety control system rather than as standalone indicators of safety. 

In this study, the uniformly high reported implementation rates across multiple governance 

domains, combined with limited variation between EU and non-EU organizations, reinforce the need to 

distinguish between the presence of governance structures and their functional effectiveness in real work 
environments. Empirically, this calls for studies that pair governance variables with detailed descriptions 

of work organization, local adaptations, and control structures in specific sectors, and that distinguish 

clearly between what is visible in documents and what is enacted in the field. Normatively, it suggests 
regulatory and organizational regimes that require evidence of this mapping-evidence that the 

obligations expressed in law and policy can be traced, step by step, into the interfaces, procedures, 

staffing patterns, and escalation routes that determine how people live and work with automated systems 

in the places where things can actually go wrong.  

Conclusions  

The results indicate that AI systems are already widely present across organisations, with 81.8% of 
respondents reporting usage of high-risk systems and 79.3% reporting using non-high-risk systems. At 



ENGINEERING FOR RURAL DEVELOPMENT Jelgava, 27.-29.05.2026. 

 

681 

the same time, a high proportion of organisations report implementing governance practices, including 

AI literacy (90.4%), human oversight (86.9%), monitoring and reporting (83.2%), and registration of 

high-risk systems (84.8%). These findings suggest that formal AI governance mechanisms are becoming 

part of routine organisational practice across sectors and regions. 

Differences between EU and non-EU organisations are limited. Statistically significant differences 

are observed only for AI literacy (97.8% vs 83.9%, p = 0.021) and registration of high-risk systems 

(93.3% EU vs 77.1%, p = 0.029), while no significant differences are found for human oversight, 

monitoring, data governance, transparency, or fundamental rights impact assessment. 
EU-based organizations are more likely than non-EU organizations to report AI literacy initiatives and 

system registration, suggesting that emerging regulatory frameworks, such as those in the EU, may 

already be shaping specific governance domains, but do not yet translate into broader differences in 
reported governance practices. However, the results are based on self-reported data and primarily reflect 

the presence of formal governance arrangements, such as policies, procedures, and training initiatives. 

They provide limited insight into how these arrangements are embedded in day-to-day work processes, 
decision-making structures, and operational control, particularly in dispersed and infrastructure-

intensive environments typical of rural and safety-critical systems. 

As a result, the current operationalization of RQ1-RQ3 is not sufficient for assessing whether 

regulatory frameworks meaningfully enhance safety in rural and distributed automation contexts. 

Governance mechanisms such as literacy, oversight, and registration should be understood as one layer 
within a broader safety control system that must be mapped to concrete changes in user interfaces, task 

allocation, escalation pathways, and feedback processes. 

Future research should integrate organisational governance measures with detailed analysis of 

work-as-done, including how AI systems are used, monitored, and overridden in real operational 

contexts. This approach is necessary to ensure that evaluations of AI governance reflect both formal 

compliance and its practical realisation in environments where system failures can have significant 

safety consequences. 
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Annex 1. Research Survey Questions. 

List of survey questions. (Survey link (questionnaire) is available also at Lime survey platform – 

https://limesurvey.ttu.ee/limesurvey/index.php/747791) 
Q1-Q7. Socio-demographic questions: Q1.Age; Q2.Sex; Q3.Country; Q4.Profession or field of activity; Q5.Job 

role or function; Q6.Industry sector; Q7.Company size. 

Q8. High-risk AI system usage. Q8. Please indicate if your company uses AI for the following tasks. 

Q8.1.AI systems for biometric identification (e.g., facial recognition) 
Q8.2.AI systems for biometric categorization based on sensitive attributes (e.g., sex, race) 

Q8.3.AI systems intended for emotion recognition. 

Q8.4.AI systems for evaluating learning outcomes. 

Q8.5.AI systems for assessing appropriate education levels. 

Q8.6.AI systems for monitoring and detecting prohibited behaviors during tests. 

Q8.7.AI systems for recruitment and selection processes. 

Q8.8.AI systems for making decisions affecting work-related terms. 

Q8.9.AI systems for promotion and termination of employment. 

Q8.10.AI systems for task allocation based on individual behavior or personal characteristics. 

Q8.11.AI systems for monitoring or evaluation of employees. 

Q8.12.AI systems for evaluating the creditworthiness or credit scoring of individuals. 
Q8.13.AI systems for risk assessment and pricing in life and health insurance. 

Q8.14.AI systems for Supply Chain Optimization. 

Q8.15.AI systems for Predictive Maintenance. 

Q9. Non high-risk AI system usage. Q9. Please indicate if your company uses AI for the following tasks. 

Q9.1.AI systems for Marketing 

Q9.2.AI systems for Sales 

Q9.3.AI systems for Customer relationships 

Q9.4.AI systems for Customer service 

Q9.5.AI systems for Human resources 

Q9.6.AI systems for Employee training 

Q9.7.AI systems for Finance 

Q9.8.AI systems for Supply chain & Logistics 
Q9.9.AI systems for Operations 

Q9.10.AI systems for Product and service development 

Q9.11.AI systems for Business intelligence & analytics 

Q9.12.AI systems for Health and safety 

Q9.13.AI systems for Legal management 

Q9.14.AI systems for Property management 

Q9.15.AI systems for Cybersecurity 

Q9.16.AI systems for Communication 

Q10. AI Literacy. Assess how much the following statements apply to your organisation. Please respond to each 

statement by selecting a number from 1 to 5, where: 1 = Not all. 2 = 0. 3 = 0. 4 = 0. 5 = Very much. 

Q10.1. Our company has taken sufficient measures to ensure that employees in key roles possess adequate AI 
literacy. 

Q10.2. Our company actively prioritizes developing technical knowledge and offering training for AI system 

operations. 

Q10.3. Our company is well-informed about potential harm or risks associated with AI systems. 

Q11. Human oversight of AI. Assess how much the following statements apply to your organisation. Please 

respond to each statement by selecting a number from 1 to 5, where: 1 = Not all, 5 = Very much. 

Q11.1. Individuals responsible for overseeing high-risk AI systems within our company possess the necessary 

competence.  

Q11.2. Individuals assigned to oversee high-risk AI systems in our organization have sufficient authority to 

perform oversight effectively. 

Q11.3. Our company consistently provides training and resources for employees tasked with overseeing high-

risk AI systems. 
Q12. Monitoring and Reporting. Assess how much the following statements apply to your organisation. Please 

respond to each statement by selecting a number from 1 to 5, where: 1 = Not all, 5 = Very much. 

Q.12.1. Our company implements the necessary technical and organizational measures to ensure the proper use 

of AI systems 

Q.12.2. Our company regularly monitors the performance and outcomes of high-risk AI systems. 

Q12.3. When issues arise with AI systems, our company promptly reports them to the relevant authorities. 

https://limesurvey.ttu.ee/limesurvey/index.php/747791
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Q13. Data Relevance and Representativeness. Assess how much the following statements apply to your 

organisation. Please respond to each statement by selecting a number from 1 to 5, where: 1 = Not all, 5 = Very 

much. 

Q13.1. Our company ensures that the input data is highly relevant to the purpose of the high-risk AI system. 

Q13.2. The input data used by our company is sufficiently representative of the intended purpose or population 

for the high-risk AI system. 

Q14. Transparency and Communication. Assess how much the following statements apply to your organisation. 

Please respond to each statement by selecting a number from 1 to 5, where: 1 = Not all, 5 = Very much. 

Q14.1. Our company communicates proactively with workers’ representatives regarding the use of high-risk AI 

systems. 
Q14.2. Our company informs individual workers directly when high-risk AI systems could affect them. 

Q14.3. Individuals are adequately informed when decisions impacting them are made using high-risk AI systems. 

Q15. Fundamental Rights Impact Assessment. Assess how much the following statements apply to your 

organisation. Please respond to each statement by selecting a number from 1 to 5, where: 1 = Not all, 5 = Very 

much. 

Q15.1. Our company conducts thorough impact assessments on fundamental rights prior to deploying high-risk 

AI systems. 

Q15.2. Our company identifies potential risks to individuals’ rights associated with high-risk AI systems. 

Q15.3. Our company has clear measures in place to mitigate these risks if they occur. 

Q16. Registration 

Q16.1. Our company considers registering high-risk AI systems with the relevant public authorities (where 
applicable) 

Q16.2. Our company avoids using any unregistered high-risk AI systems. 

Q16.3. If a high-risk AI system is unregistered, our company takes steps to inform the provider or distributor. 

Q17. What challenges have you faced regarding human-AI interaction at your workplace? Open-ended question. 

Q18. What improvements can be made at your work to make AI human-centered? Open-ended question. 

 


