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Abstract
Construction organizations are adopting Artificial Intelligence (AI) software faster than governance practice has developed to control its use, and the products now reaching the sector differ in kind from the prediction models preceding them. Large Language Models (LLMs) return the most probable continuation of a text rather than the result of a lookup, and they fail fluently and confidently, in ways difficult to detect on the face of the output. Deployed as multiple interacting agents, they also fail at the hand-off, where no single owner observes the error. This paper establishes where the law binds such deployments. Under Regulation (EU) 2024/1689 as amended by the 2026 Digital Omnibus, three features decide the question: Annex III point 2 is a closed list that does not reach structures, so software assessing the condition of public infrastructure falls outside the high-risk tier; Annex III point 4(b) with Article 6(3) captures any function building individual behavioral profiles and forecloses the available exemptions; and Article 5(1)(f) prohibits inference of emotion in the workplace outright. United States (U.S.) instruments differ in kind rather than degree: the National Bridge Inspection Standards (NBIS), the model law of the National Council of Examiners for Engineering and Surveying and Policy Statement 573 of the American Society of Civil Engineers (ASCE) constrain the software only through what a qualified person must personally do. Both traditions converge on human oversight as the principal control, and four decades of automation bias research show the control failing wherever it is specified without being sized. Applied to a five-agent platform procured under one commercial decision, the analysis yields five distinct regulatory positions, from a prohibited practice question to a function no reviewed instrument covers. The unit of governance is therefore the function, not the product.
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Practical Applications
A contractor buying an integrated artificial intelligence (AI) platform is not buying one regulated object. A single procurement can produce five different legal positions at once, and classifying the platform once will classify most of it incorrectly. Practitioners can use the analysis directly. The agent rating the condition of a bridge sits outside the European high-risk tier, because the critical infrastructure list does not reach structures and does not extend to inspection. The agent allocating crews or scoring subcontractor performance is high risk with no exemption available, because it profiles individuals. Any module inferring worker fatigue or emotion raises a prohibition already in force. In the U.S. nothing regulates the software itself, but the requirement for a qualified team leader to be present and actively participating, together with the doctrine of responsible charge, constrains what the software may decide. Both systems then rely on a person to review the output, and that reliance is misplaced unless review capacity is stated as a number against the volume of output it must cover. The recommendation is to classify per function, record each classification with a date and an owner, and size the oversight rather than assert it.
Introduction
Artificial Intelligence (AI) has entered construction project delivery rapidly. Reviews of the field record its spread across estimating, scheduling, safety management and asset condition assessment (Darko et al. 2020; Pan and Zhang 2021; Abioye et al. 2021; Regona et al. 2022), and the adoption evidence is clear. The 2026 Construction Hiring and Business Outlook (AGC and Sage 2026), based on 951 responses from 49 states and the District of Columbia, reports 61 percent of construction industry firms using such software or increasing investment in it, up from 44 percent in the preceding year, with 45 percent applying it to office and administrative work, 23 percent to estimating and 20 percent to design and preconstruction.
The type of use is also changing. Earlier construction applications were prediction models providing a single result for a user to consider, typically a classification of an image or a point estimate of a cost or duration (Akinosho et al. 2020; Xu et al. 2021). The products marketed to contractors since 2025 are instead assembled from Large Language Models (LLMs), and early sectoral evaluations of these in scheduling, information retrieval and general project tasks report useful performance alongside substantial and unpredictable error (Prieto et al. 2023; Zheng and Fischer 2023; Ghimire et al. 2024; Saka et al. 2024).
Professional practice has begun to move ahead of the research literature. A global standard on the responsible use of AI in surveying practice became mandatory for members and regulated firms of the Royal Institution of Chartered Surveyors (RICS) on 9 March 2026. This standard requires AI risk registers (RICS 2025a), while the European Construction Industry Federation has argued against new layers of liability where existing law is enforced, provided the AI use is documented, auditable and traceable by human experts (FIEC 2025). Neither document specifies what such a register should contain, and neither establishes which legal obligations attach to which construction functions. The same survey evidence indicates why the question matters: of more than 2,200 built environment professionals surveyed worldwide, fewer than 1 percent reported fully embedded organization-wide use and 45 percent reported no use at all, yet regulatory and legal uncertainty ranked lowest among perceived barriers, at 11 percent (RICS 2025b).
That ranking is the problem this paper addresses. Uncertainty about the legal position is not low; it is unexamined. No published work establishes, function by function, where the binding instruments actually reach a construction AI deployment and where they do not. The objectives are therefore threefold. The first: to describe how this class of software fails, in terms that a construction professional can act on. The second: to establish the regulatory position of construction AI under both European and U.S. instruments, and to identify the control on which both converge. The third: to demonstrate, through a five-agent delivery platform, that regulatory position varies by function rather than by product, and to draw the consequences for practice.
One boundary requires early statement, because the terminology invites confusion. A substantial body of research applies AI to the performance of construction management, including machine learning for cost overrun prediction and LLMs for risk identification from contract documents (Martin et al. 2025; Tian et al. 2025). The present paper proceeds in the opposite direction, examining the governance of AI rather than its application. The two share vocabulary only and very little else.
How the Technology Fails
Language models
A Large Language Model (LLM) is a statistical function fitted to a very large body of text which, given a passage of text, returns the continuation it estimates to be most probable. It holds no database and performs no lookup, and what it appears to know is a property of the fitted function, in much the same way that a probability distribution fitted to historical cost records appears to describe cost without containing any of those records (Back et al. 2000). The engineering consequence is direct. A model may return a fluent and confident statement about a code provision without any provision having been consulted, and nothing on the face of the output separates such an answer from a correct one. The term adopted for such an output in the governance literature is confabulation, the term preferred by the National Institute of Standards and Technology (NIST 2024), and the same behavior is termed hallucination in the technical literature, where it has been surveyed comprehensively (Ji et al. 2023; Huang et al. 2025), measured on citation tasks (Walters and Wilder 2023) and shown to be partially detectable through the uncertainty of the model itself (Manakul et al. 2023; Farquhar et al. 2024). A philosophical account describes the behavior as indifference to truth rather than error, because the fitted function optimizes for plausibility rather than for correspondence with any source (Hicks et al. 2024).
The behavior matters most precisely where construction wants to use it, namely in reasoning over regulatory and contractual text. Profiling of general-purpose models on direct, verifiable questions about randomly selected federal court cases found hallucination rates between 58 and 88 percent (Dahl et al. 2024). Commercial retrieval-based legal research tools built expressly to suppress the problem were still found to hallucinate on between 17 and 33 percent of queries (Magesh et al. 2025). Even elementary statutory reasoning is performed unreliably (Blair-Stanek et al. 2023; Blair-Stanek et al. 2024). A construction organization deploying such software against specifications, contracts or safety standards is operating in the task class where the failure rate is highest and the appearance of correctness is strongest.
Grounding, implemented as Retrieval-Augmented Generation (RAG), is the standard mitigation. The governing text is supplied to the model at the moment of the query, so the answer is formed against the retrieved document rather than against the fitted function alone (Karpukhin et al. 2020; Lewis et al. 2020). Retrieval has been shown to reduce hallucination substantially in conversational settings (Shuster et al. 2021) and is now routine in applied deployments (Lewis et al. 2020). It is properly understood as a control rather than as a property of the software, and it is an imperfect one: systematic study of deployed retrieval pipelines identifies seven distinct failure points at which the control can break down (Barnett et al. 2024), and benchmarking shows models remaining vulnerable to noisy or counterfactual retrieved passages (Chen et al. 2024). The commercial legal tools cited above hallucinated at material rates despite being built on retrieval.
Agents and the hand-off between them
An agent is a larger arrangement built around such a model, in which the model is given a task, a set of documents or systems it may consult, and a set of actions it may take, with reasoning and action interleaved so the result of one action informs the next (Yao et al. 2023). Frameworks for assembling several such agents into a single application are now widely used (Wu et al. 2024; Hong et al. 2024; Qian et al. 2024), and surveys of the resulting systems document both their capabilities and their characteristic failures (Guo et al. 2024; Wang et al. 2024; Xi et al. 2025). Where an agent is permitted to write a record into a project document management system or an asset register, the arrangement is no longer advisory. What matters for governance is therefore not whether the software is intelligent but what it is permitted to read and what it is permitted to write, since the second determines what an error can reach.
Deploying several agents together introduces a failure class that no single agent exhibits. Systems in which multiple LLM-based agents exchange outputs have been shown to fail through specification violation, inter-agent misalignment and unverified task termination, and empirical work finds a substantial share of observed failures arising not within any single agent but at the point of hand-off (Cemri et al. 2025). A construction organization buying an integrated delivery platform is therefore acquiring not one uncertain system but a set of such systems, together with the interfaces between them. Each agent may have a competent owner while no owner is positioned to observe an error upstream being consumed downstream as settled fact.
Governance Frameworks and What They Leave Open
The NIST AI Risk Management Framework (AI RMF) arranges the governance of such software into four functions, namely GOVERN, MAP, MEASURE and MANAGE, comprising 19 categories and 72 subcategories, and defines seven characteristics of trustworthy AI (Tabassi 2023). Five subcategories bear on software reasoning over regulatory documents. MEASURE 2.3 and MEASURE 2.5 require performance to be demonstrated for conditions similar to the deployment setting and the limits of generalizability to be documented, which is consistent with the wider finding of a gap between aggregate benchmark performance and specific deployment conditions (Liang et al. 2023). MAP 3.4 and MAP 3.5 address the proficiency of the people operating the software and the design of the oversight arrangements around it. MEASURE 2.9 requires the model to be explained, validated and documented, and its output to be interpreted within its context. The Generative Artificial Intelligence Profile names confabulation and human-AI configuration among its twelve risk categories (NIST 2024).
The international standards occupy the same ground. ISO/IEC 42001:2023 specifies a management system for AI (ISO/IEC 2023b), ISO/IEC 23894:2023 provides guidance on AI risk management aligned to ISO 31000 (ISO/IEC 2023a), and ISO/IEC 42005:2025 specifies the conduct of an AI system impact assessment (ISO/IEC 2025). Where a deployment is exposed to adversarial input, the NIST taxonomy of attacks and mitigations applies in addition (Vassilev et al. 2025).
What none of these instruments supplies is the arithmetic. The NIST framework states explicitly that it does not set risk tolerance, and none of the three ISO standards sizes a contingency, allocates ownership of a specific risk to a named individual, or converts an identified hazard into money. They describe what good governance looks like without describing how an organization decides how much of it to buy. The construction literature has the mirror-image gap. Work on responsible and trustworthy AI in the architecture, engineering and construction (AEC) sector has established the dimensions of concern, including explainability, liability, ethical governance and human factors, and has defined the territory at the level of principle (Emaminejad and Akhavian 2022; Liang et al. 2024; Plevris and Hosamo 2025; Naghdi et al. 2026; Byrd and Geheran 2026; Badhan and Samsami 2026). The current literature does not specify risk processes, allocation of ownership, scoring of consequence or sizing of financial provision. The risk taxonomies developed outside the sector are long lists of possible harm which likewise stop short of becoming registers (Slattery et al. 2026).
A third gap sits underneath both. Regulatory classification is generally performed at the level of the product, whereas the obligations of Regulation (EU) 2024/1689 attach to the intended purpose of a function, a distinction developed in the legal literature (Veale and Zuiderveen Borgesius 2021; Schuett 2024; Novelli et al. 2024a) but not yet applied to a construction deployment. The remainder of this paper closes that gap.
The Regulatory Position of Construction AI
The European Union Artificial Intelligence Act
Regulation (EU) 2024/1689, the AI Act (European Parliament and Council 2024), was materially amended by Regulation (EU) 2026/1744, known as the Digital Omnibus on AI, which entered into force on 27 July 2026 and deferred the main high-risk obligations of Chapter III Sections 1 to 3 to 2 December 2027 for systems classified under Annex III and to 2 August 2028 for those classified under Annex I (European Parliament and Council 2026). The Act adopts a risk-tiered structure whose legal architecture has been examined in detail, including its derivation from European Union product safety law and the consequences of that derivation for fundamental rights protection (Veale and Zuiderveen Borgesius 2021; Almada and Petit 2025), the specific content of its risk management obligation for high-risk systems (Schuett 2024), the conflation of trustworthiness with acceptability of risk running through it (Laux et al. 2024b), the reliance on harmonized standards to give its requirements operational content (Mökander et al. 2022; Laux et al. 2024a), and proposals for scenario-based assessment methods scaled to the level of risk (Novelli et al. 2024a; Novelli et al. 2024b). Three features of the amended Act determine how it applies to a construction platform.
The first, Annex III point 2, addresses critical infrastructure through a closed list covering safety components in the management and operation of critical digital infrastructure, road traffic and four named utility supplies. However, buildings, bridges, tunnels and structural assets are not within it, and the provision extends to management and operation rather than to design or inspection, leaving software which determines the assessed structural condition of public infrastructure outside the high-risk tier. This result is counterintuitive and consequential. The function a civil engineer would identify as the most safety-critical on the platform is the one the Act does not reach.
The second, Annex III point 4(b), covers software used to make decisions affecting the terms of work-related relationships, to allocate tasks on the basis of individual behavior or personal traits, or to monitor and evaluate the performance and behavior of persons in such relationships. The final subparagraph of Article 6(3) provides for software performing profiling of natural persons to always be considered high risk, which rules out the available exemptions for any function building individual behavioral profiles. Workforce allocation and subcontractor performance scoring fall squarely within this provision, and the profiling rule removes the derogation route that a deployer might otherwise argue.
The third, Article 5(1)(f), prohibits the use of AI systems to infer the emotions of a natural person in the areas of workplace and education institutions, other than for medical or safety reasons, since 2 February 2025, at a penalty tier reaching EUR 35,000,000 or 7 percent of total worldwide annual turnover. Separately, the transparency obligations of Article 50 have applied since 2 August 2026. Whether fatigue inference in an equipment cab falls within the medical or safety exception is unresolved, and the wider literature on emotion detection in the workplace offers no agreed position (Huber et al. 2025). A deployer facing that question carries a prohibition risk already in force, not a future obligation.
United States (U.S.) instruments
In the U.S. the position differs in kind rather than in degree, since the rules binding civil engineering practice do not address this software at all and constrain it only through requirements about what a qualified person must personally do. The National Bridge Inspection Standards (NBIS) require the bridge owner to provide at least one team leader at the bridge who meets the minimum qualifications and who actively participates in the inspection at all times. A full-text examination of 23 CFR Part 650 Subpart C establishes the absence of the terms automated, artificial intelligence, unmanned and drone anywhere within it, the sole occurrence of the term remote being in the definition of probability at 650.305 rather than in any provision governing inspection method (FHWA 2022). The model law of the National Council of Examiners for Engineering and Surveying (NCEES) defines responsible charge as the exercise of full professional knowledge of and control over the work, including the capability to answer questions about the decisions made, and contains no reference to these technologies (NCEES 2025), while Policy Statement 573 of the American Society of Civil Engineers (ASCE) states AI cannot serve as a replacement for the professional judgment of a licensed Professional Engineer (PE) (ASCE 2024).
The U.S. position is therefore not permissive but indirect. Nothing prohibits the software; the constraint operates on the human being who must remain answerable for the result. A deployment that leaves a licensed engineer unable to answer questions about a decision has created an exposure under professional licensure law even where no AI-specific rule has been broken.
Human oversight, the convergent control
Both regulatory traditions therefore converge on human oversight as the principal control, and the limitations of that control are documented. Requirements for a person to review algorithmic output have been shown to function poorly in practice, because they place responsibility on individuals who lack the information, the time or the standing to exercise it and so give the system legitimacy without actually controlling it (Green and Chen 2019; Green 2022). The underlying mechanism is automation bias, the tendency of an operator to accept an automated recommendation without independent verification, which has been demonstrated experimentally over four decades and reviewed systematically in safety-critical and clinical settings (Bainbridge 1983; Skitka et al. 1999; Skitka et al. 2000; Parasuraman and Manzey 2010; Goddard et al. 2012). The effect is stronger where verification is itself effortful, and the more complex the output the less likely it is to be checked (Lyell and Coiera 2017), while interventions imposing deliberate friction on the reviewer have been shown to reduce overreliance measurably (Buçinca et al. 2021).
The practical consequence is direct: an oversight control earns the label effective only by demonstration, never by specification alone. Its capacity must be stated numerically against the volume of output it is required to review, and that ratio must be auditable. A control recorded as human review, without a figure attached, satisfies neither the Act nor the doctrine of responsible charge in any way an auditor could test.
One Procurement, Five Regulatory Positions
The analysis above resolves into a practical test when applied to a platform of the kind now marketed to contractors. Consider a highway bridge rehabilitation program on which a contractor has procured a single integrated AI delivery platform from one supplier under one commercial decision and has deployed five agents from it. The agent functions are drawn from capabilities documented in the research literature and in the agentic construction software market of 2025 and 2026, namely automated specification and document review (Zheng and Fischer 2023; Saka et al. 2024), computer vision assessment of structural condition (Cha et al. 2017; Spencer et al. 2019; Dong and Catbas 2021; Feroz and Abu Dabous 2021; Pierce et al. 2024), data-driven allocation of labor to work fronts and scoring of subcontractor performance (Emaminejad and Akhavian 2022), vision-based detection of personal protective equipment (PPE) compliance on site (Delhi et al. 2020), and data-driven schedule and cost forecasting linked to asset condition (Sacks et al. 2020; Prieto et al. 2023; Jeon et al. 2024). Fig. 1 shows the platform, the documents and systems each agent may read, the records each may write, and the two interfaces at which one agent consumes the output of another.
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Fig. 1. The delivery platform under analysis: what each agent reads and writes, its regulatory position, and the two interfaces between agents.

One feature of the case shapes everything after it: a single purchase produced five different regulatory objects. Table 1 records the position of each agent on the analysis set out above. The workforce allocation agent falls within Annex III point 4(b) without argument and, because it constructs individual behavioral profiles, cannot rely on the exemptions otherwise available under Article 6(3). The site safety agent occupies the same position and additionally raises a prohibition question under Article 5(1)(f) in respect of the module inferring operator fatigue. The specification compliance agent is subject to transparency obligations only. The inspection agent falls outside Annex III and is instead constrained by the presence and participation requirement of the NBIS and by the doctrine of responsible charge. The forecasting agent carries no obligation under any law reviewed. A contractor who classified the platform once, as a platform, would therefore have classified four fifths of it incorrectly, which is the practical form of the intended-purpose principle identified in the legal literature (Veale and Zuiderveen Borgesius 2021; Schuett 2024).
Two consequences follow for the delivery organization. The first: classification must be recorded per function, with a date and a named owner, before deployment rather than after an enforcement question arises. An undetermined classification is not a neutral state; the obligations attach whether or not anyone has looked. The second: the interfaces require an owner of their own. The coordination trigger familiar from construction practice, under which a duty holder is appointed because more than one party is engaged, transfers to this setting without modification, and the seam between agents is precisely where the multi-agent literature locates a material share of failures (Cemri et al. 2025).
Implications and Research Needs
Three implications follow for organizations deploying such platforms. The first: the unit of assessment must be the function and not the product. A single procurement in this case produced two high-risk classifications, one of which also raises a prohibited practice question, one limited-risk classification, one function governed by U.S. bridge inspection law but outside Annex III, and one function no reviewed instrument covers, which is the operational consequence of the intended-purpose construction of the Act (Veale and Zuiderveen Borgesius 2021; Schuett 2024; Almada and Petit 2025). The second: the function a civil engineer would treat as most safety-critical, structural condition assessment, is the one European law does not reach, so a governance program that follows only the legal perimeter will leave the engineering exposure unmanaged. The third: human oversight must be sized rather than asserted, for the reasons set out above, and the sizing must appear in a document an auditor can test.
Two research needs follow directly. The first concerns measurement. Probability in the AI risk literature is almost always asserted rather than measured, even though the NIST AI RMF devotes an entire function to measurement and requires performance to be demonstrated for conditions similar to the deployment setting (Tabassi 2023). Suppliers in this sector publish no failure rates, and a practitioner asked to assess the likelihood of a specification agent misapplying a code provision has no published figure to work from. Constructing evaluation items directly from governing legal text, so correctness is decided by the instrument rather than by an annotator, offers a route to such figures (Blair-Stanek et al. 2023; Guha et al. 2023), and that route can be applied to the platform described here, converting each classification into a priced entry on the project risk register.
The second concerns the conversion of a governance finding into a management decision. The frameworks reviewed above stop at the point where an organization must decide how much control to buy. Construction already possesses the apparatus for that decision, in the risk register, the probability and impact matrix, expected value and simulated contingency (ISO 2018; PMI 2019; AACE 2021), and the open question is whether an AI deployment can be carried through it without modification.
Conclusion
This paper set out to establish where the binding instruments actually reach an AI deployment on a construction project. Under the European Union AI Act as amended in 2026, the answer varies sharply by function: software assessing the structural condition of public infrastructure sits outside the high-risk tier because the critical infrastructure list is closed and does not reach structures; software allocating work or scoring individual performance is high risk with the available exemptions foreclosed by the profiling rule of Article 6(3); and any module inferring worker emotion faces a prohibition in force since February 2025. U.S. instruments do not address the software at all and constrain it only through the personal obligations of a qualified individual, under the NBIS, the NCEES doctrine of responsible charge and ASCE Policy Statement 573.
Both traditions converge on human oversight, and four decades of research on automation bias establish that oversight fails where it is specified without being sized. Applied to a five-agent delivery platform bought under one commercial decision, the analysis produced five distinct regulatory positions, from a prohibited practice question to a function no reviewed instrument covers. The governance unit is the function, not the product, and an organization classifying its platform once will classify most of it incorrectly. What the frameworks do not supply, and what construction already possesses, is the apparatus for converting that finding into a priced management decision.
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Table 1. The five agents of the delivery platform, their action surface, and their regulatory position as at 20 August 2026.
	#
	Function
	What it reads and what it writes
	Regulatory position

	A1
	Specification compliance
	Reads specifications, submittals and contract documents; writes non-conformance flags and drafts responses to requests for information (RFI)
	Limited risk. Article 50 transparency applies from 2 August 2026. Not within Annex III

	A2
	Inspection reporting
	Reads imagery and prior inspection records and consults a vision model; writes element condition ratings into the asset management system
	Outside Annex III, since point 2 does not reach structures and does not extend to inspection. Constrained by 23 CFR 650.313(j) and by responsible charge

	A3
	Workforce allocation
	Reads individual performance records; writes crew assignments and subcontractor performance scores
	High risk under Annex III point 4(b). Exemptions ruled out by profiling under Article 6(3). Chapter III applies from 2 December 2027

	A4
	Site safety monitoring
	Reads camera streams; writes PPE and exclusion zone events, and infers operator fatigue
	High risk under Annex III point 4(b), and the fatigue module raises a prohibition question under Article 5(1)(f), in force since 2 February 2025

	A5
	Schedule and cost forecasting
	Reads program and progress data; writes slippage forecasts and contingency advice
	No law reviewed applies
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