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Beyond Prediction: Bridging the AI Intervention Gap in Pavement Maintenance through Evidence-Based Decision-Making : A Critical Review
Abstract
Road agencies are investing in artificial intelligence to inspect pavements, forecast deterioration and plan maintenance, yet the value of these tools ultimately depends on whether they improve the interventions that are funded and delivered. This critical narrative review examines the gap between predictive performance and intervention quality in pavement maintenance, termed here the artificial intelligence intervention gap. Literature was identified through structured searches of multidisciplinary and regional scholarly indexes, supplemented by citation tracking and institutional sources, and was appraised for design adequacy, validation practice, causal identification and decision relevance. The synthesis is organised along a decision chain that runs from sensing and condition assessment, through deterioration prediction and estimation of treatment effects, to optimisation, implementation and outcome feedback. The evidence is strongest for automated distress detection and short-term condition prediction, where deep learning and ensemble models frequently achieve high accuracy on benchmark or single-agency data. Confidence weakens progressively along the chain. Performance claims rarely survive transfer across regions, survey technologies or time periods, validation designs often ignore spatial and temporal dependence, and explanations derived from post hoc attribution methods are commonly interpreted as causal mechanisms. Treatment effects are usually inferred from observational records in which maintenance was assigned according to condition, so selection bias and endogeneity remain largely unaddressed outside a small econometric and causal-inference literature. Reinforcement learning and metaheuristic planning studies report cost savings, but most are trained and evaluated within simulators built from the same associational models, and few compare recommended policies with realised outcomes. Implementation evidence, including digital twins and language-model assistants, is at an early, largely demonstrative stage. The review argues that pavement maintenance requires an evidence-based decision-making standard in which intervention effects are explicitly identified, uncertainty is propagated into decisions, decision quality rather than prediction error is the primary evaluation criterion, and agencies monitor the outcomes of recommended treatments. Priorities include benchmark datasets with recorded interventions, quasi-experimental and pragmatic field evaluations of treatments, decision-focused model training and prospective comparison of algorithmic and conventional programmes.
Keywords: pavement management systems; maintenance and rehabilitation; machine learning; causal inference; treatment effectiveness; reinforcement learning; decision support; infrastructure asset management
1. Introduction
Pavements are among the most capital-intensive public assets, and the timing and type of maintenance applied to them determine how much of that capital is preserved. A pavement management system (PMS) translates condition data into programmes of maintenance and rehabilitation (M&R) under budget constraints, and its decision logic has long been formalised as a sequential problem under uncertainty. The Arizona network-optimisation system described by Golabi et al. (1982) is an early example: a dynamic, probabilistic optimisation model applied to approximately 11,900 km of state highway reportedly saved US$14 million in its first year, almost one third of the preservation budget. Subsequent work established that condition is observed with error, that deterioration rates are uncertain and that inspection and intervention decisions are linked (Ben-Akiva et al., 1993; Durango & Madanat, 2002; Madanat & Ben-Akiva, 1994; Smilowitz & Madanat, 2000). These contributions defined pavement maintenance as a decision problem whose quality depends on how well three quantities are known: the present condition of each section, its future deterioration under alternative actions, and the consequences of those actions for cost, service and other agency objectives.
Artificial intelligence (AI), here taken to include machine learning (ML), deep learning and reinforcement learning (RL), entered this field mainly through the first two quantities. Convolutional neural networks (CNNs) transformed automated crack and distress detection from images and three-dimensional surface data (Cha et al., 2017; Fei et al., 2020; Maeda et al., 2018; A. Zhang et al., 2017), and ensemble learners and neural networks became common tools for forecasting the International Roughness Index (IRI) and other condition indicators from records such as those of the Long-Term Pavement Performance (LTPP) database (Gong et al., 2018; R. Guo et al., 2022; Marcelino et al., 2021). Successive reviews have documented this expansion. They have catalogued deep learning architectures for distress detection (Gopalakrishnan, 2018; Hsieh & Tsai, 2020), ML techniques for condition evaluation and monitoring (Cano-Ortiz et al., 2022; Sholevar et al., 2022), and supervised models for performance prediction (Justo-Silva et al., 2021; Kang et al., 2025; Tamagusko & Ferreira, 2023). A review of AI applications in pavement management between 2015 and 2020 found that distress evaluation had attracted the most attention and identified M&R programming as a major research gap (Xu & Zhang, 2022).
Recent pavement-management research has addressed the quality of historical maintenance records and the integration of decision models, although such developments do not, by themselves, establish the effects of alternative treatments (Han et al., 2026). A separate data-and-knowledge-driven framework combined performance prediction with engineering knowledge to automate maintenance strategy generation, illustrating the continuing reliance on model outputs and decision rules (W. Li et al., 2025).
That gap is the subject of the present review. An accurate prediction of condition is not, by itself, a decision. Choosing a treatment requires an estimate of how a section would perform with and without that treatment, a judgement about how uncertainty in that estimate should affect the choice, and an objective that reflects agency priorities. Economists and statisticians have described the same distinction in general terms. Kleinberg et al. (2015) separated prediction policy problems, in which a better forecast directly improves a decision, from problems that require causal inference about the effect of an action, and Athey (2017) identified several gaps between making a prediction and making a decision that must be understood before data-driven decisions can be optimised. In operations research, Elmachtoub and Grigas (2022) showed that models trained to minimise prediction error need not minimise the error of the decisions made with their outputs. Pavement maintenance sits at the intersection of these concerns. Many of its decisions involve interventions whose effects are confounded by the very condition data on which AI models are trained, because sections in poor condition are more likely to be treated (Gayah & Madanat, 2017; Prozzi & Hong, 2010).
Uncertainty-aware road-maintenance modelling has also been explored through an evidential neural network, with the reported improvements assessed in a specific experimental setting rather than through prospective network outcomes (Hei et al., 2025).
Existing reviews only partly address this problem. Reviews of multi-objective optimisation have discussed uncertainty characterisation and decision tools for M&R planning (Chen & Zheng, 2021), and a recent review set out the aleatory and epistemic uncertainties that affect life-cycle decisions for asphalt pavements (Xin et al., 2026). Reviews of explainable AI and digital twins (DTs) have described emerging capabilities while noting that proactive maintenance remains largely unexplored and that a lack of transparency can undermine engineering defensibility (Jweihan, 2026; Talaghat et al., 2024). What is missing is a critical synthesis that follows evidence across the full chain from sensing to intervention, asks what kind of evidence each link requires, and evaluates whether the AI literature supplies that evidence. In clinical practice, evidence-based decision-making integrates the best available evidence on the effects of interventions with professional expertise and the circumstances of the case (Sackett et al., 1996). The analogous standard for pavement maintenance would require that AI-supported recommendations rest on credible estimates of treatment effects, transparent handling of uncertainty and documented outcomes, not on predictive accuracy alone.
A recent review brought together pavement deterioration models, life-cycle assessment and multi-objective decision support, while identifying persistent limitations in data quality and organisational capacity; these concerns reinforce the need to distinguish integrated planning capability from demonstrated intervention effectiveness (Kuruvachalil et al., 2025).
1.1 Scope, Research Gap and Objectives
This review addresses AI-supported decision-making for the maintenance, preservation and rehabilitation of road and airfield pavements at network and project levels. It covers automated condition assessment only in so far as condition data feed maintenance decisions, deterioration and performance prediction, estimation of treatment effects, optimisation and RL for M&R planning, and the organisational and technological arrangements through which such tools are implemented. Pavement material design, mix optimisation, construction quality control, traffic safety outcomes and routine operational activities such as winter maintenance are excluded, except where they illuminate the intervention problem directly.
The specific gap is the absence of an integrated, critical assessment of whether AI research in pavement maintenance generates evidence that is adequate for intervention decisions, as distinct from evidence of predictive or detection accuracy. Existing reviews are largely organised by technique or by task, and they tend to report accuracy metrics without examining validation design, causal identification of treatment effects, the propagation of uncertainty into decisions or the evaluation of recommended policies against realised outcomes.
The review has four objectives. The first is to define the AI intervention gap and the evidential requirements of each link in the pavement maintenance decision chain. The second is to appraise the methodological quality and decision relevance of AI evidence for condition assessment, deterioration prediction, treatment-effect estimation and maintenance optimisation. The third is to identify the reasons for inconsistent or non-transferable findings and to distinguish well-supported conclusions from preliminary claims. The fourth is to propose an evidence-based decision-making framework and a prioritised research agenda that would allow AI tools to be judged by the quality of the interventions they support. The intended contribution is conceptual and methodological. The review does not catalogue algorithms, nor does it attempt a quantitative pooling of model performance.
2. Methods for Literature Selection
2.1 Review Design and Rationale
A critical narrative review design was adopted because the review question spans heterogeneous forms of evidence that cannot be combined meaningfully in a systematic review or meta-analysis. The relevant literature includes computer vision studies evaluated on benchmark images, regression and ensemble models of deterioration, econometric and causal analyses of treatment effects, stochastic optimisation and RL formulations, and descriptive accounts of implementation. These studies differ in their units of analysis, outcomes, performance metrics and validation designs, and many report no quantity that could be pooled. The aim was interpretive: to examine how evidence produced for one purpose, usually prediction, is used to justify another, usually intervention. Narrative reviews are suited to this task because they provide interpretation and critique rather than a summary of effect sizes (Greenhalgh et al., 2018), and they can remain rigorous when the search, selection and appraisal processes are made transparent (Sukhera, 2022). The quality items of the Scale for the Assessment of Narrative Review Articles, which concern justification of the review's importance, statement of aims, description of the literature search, referencing, scientific reasoning and presentation of data, were used as a reference standard for conduct and reporting (Baethge et al., 2019). The narrative design does not remove the need for transparency or appraisal, and both are documented below.
2.2 Information Sources
Searches were conducted in Crossref, OpenAIRE, the Directory of Open Access Journals (DOAJ), CORE, Semantic Scholar and Google Scholar. These multidisciplinary indexes were selected because the topic lies between civil engineering, transport research, operations research and computer science, and no single discipline-specific database covers all four. J-STAGE was searched as a regional scholarly platform because Japanese research groups have contributed substantially to pavement deterioration modelling, inspection technology and road damage detection, and part of this work appears in journals of the Japan Society of Civil Engineers that are poorly represented in other indexes. Database searching was supplemented by backward citation searching of recent reviews and key primary studies, forward citation searching of foundational papers on infrastructure decision-making, related-article searching, and searches of institutional sources, principally the publications of the Transportation Research Board and the National Academies. Bibliographic records were checked against Digital Object Identifier (DOI) registration data, and publisher landing pages or repository records were consulted to confirm article details and, where necessary, to confirm the content of abstracts.
2.3 Search Strategy and Search Period
The search strategy was structured around five concept blocks that correspond to the links of the decision chain examined in the review. Block A captured the asset domain (pavement, road, highway, airfield, asphalt, concrete). Block B captured the maintenance decision context (maintenance, rehabilitation, preservation, treatment, intervention, pavement management system, asset management). Block C captured AI and data-driven methods (artificial intelligence, machine learning, deep learning, neural network, ensemble learning, reinforcement learning, digital twin, large language model). Block D captured evidential and causal constructs (treatment effectiveness, causal inference, endogeneity, selection bias, counterfactual, average treatment effect, survival analysis, uncertainty, explainability). Block E captured decision and implementation constructs (optimisation, decision support, budget allocation, life-cycle cost, sustainability, equity, implementation, data quality). Blocks were combined with the Boolean operator AND across blocks and OR within blocks, and block pairs were also searched separately to retrieve evidence on individual links of the chain.
For reproducibility, the core search syntax applied to the title, abstract and keyword fields of DOAJ was: (pavement OR road OR highway) AND (maintenance OR rehabilitation OR preservation) AND ("machine learning" OR "deep learning" OR "reinforcement learning" OR "artificial intelligence" OR "causal inference"). In Crossref and Semantic Scholar, which rank records by relevance across bibliographic fields, the same blocks were entered as shorter phrase combinations, for example "deep reinforcement learning pavement maintenance planning", "pavement treatment effectiveness causal inference" and "machine learning international roughness index prediction". In OpenAIRE and CORE, equivalent keyword combinations were entered in the general search field, and in J-STAGE the English-language title and abstract fields were searched with combinations of Blocks A to C. Google Scholar was searched with phrase queries derived from each block pair and was also used for forward citation tracking. Table 1 records the query blocks and the evidence domains they were intended to interrogate.
Qualitative appraisal of retrieved records followed a four-criterion rubric that was applied during full-text assessment. Relevance to the decision chain was judged by whether a study addressed a quantity used in maintenance decisions. Methodological adequacy was judged by the appropriateness of the design, data and validation for the stated claim. Decision relevance was judged by whether the study connected its outputs to interventions, costs or outcomes. Source credibility was judged by peer-review status, transparency of reporting and verifiability of bibliographic details. Studies were not scored numerically; the rubric guided inclusion and the weight given to each study in the synthesis.
The search period extended from 1 January 2012 to 18 August 2026. The search end date and the last search date are the same, 18 August 2026. The starting year was chosen to capture the period in which deep learning and modern ensemble methods entered pavement engineering and in which data-driven maintenance planning began to be framed as an AI problem. Foundational publications on infrastructure decision-making, measurement error, treatment-effect estimation, evidence-based practice and data quality published before 2012 were included where they were necessary to explain the conceptual and methodological development of the field. Eligibility was determined by the first public journal publication date, meaning the online-first or version-of-record date where available, rather than by a later issue-assignment date. Minor literature refinements were made during the review and revision stage.
Table 1 summarises the search architecture. It shows that the strategy was designed to interrogate each link of the decision chain separately and in combination, so that evidence on treatment effects and decision evaluation could be retrieved even when it did not use AI terminology. Database-specific hit counts are not included.
Table 1. Query blocks and evidence domains used to structure literature discovery
	Query block
	Core concepts and representative terms
	Principal evidence domains interrogated

	A. Asset domain
	pavement; road; highway; airfield; asphalt; concrete
	Delimitation of the infrastructure domain in all searches

	B. Maintenance decision context
	maintenance; rehabilitation; preservation; treatment; intervention; "pavement management system"; "asset management"
	Decision problems, treatment selection and programming at network and project levels

	C. AI and data-driven methods
	"artificial intelligence"; "machine learning"; "deep learning"; "neural network"; "ensemble learning"; "reinforcement learning"; "digital twin"; "large language model"
	Distress detection, deterioration prediction, learned policies and AI-enabled decision support

	D. Evidential and causal constructs
	"treatment effectiveness"; "causal inference"; endogeneity; "selection bias"; counterfactual; "average treatment effect"; "survival analysis"; uncertainty; explainability
	Identification of intervention effects, uncertainty quantification and interpretability of models

	E. Decision and implementation constructs
	optimisation; "decision support"; "budget allocation"; "life-cycle cost"; sustainability; equity; implementation; "data quality"
	Optimisation formulations, objectives and values, governance, data quality and deployment

	A AND B AND C
	Combined blocks with OR within and AND between blocks
	Core AI-for-maintenance literature

	A AND B AND D
	Combined blocks without AI terms
	Treatment-effect and causal evidence irrespective of method

	A AND C AND E; B AND E
	Combined blocks with implementation terms
	Decision-support, digital-twin and implementation evidence


Note. AI, artificial intelligence. Quotation marks denote phrase searching. Block combinations were adapted to the field structure of each information source as described in Section 2.3.
2.4 Eligibility Criteria
Peer-reviewed journal articles, peer-reviewed review articles and authoritative institutional reports were eligible. Studies had to address road or airfield pavements, or, for methodological sources, infrastructure decision problems or general methods whose implications for pavement maintenance could be stated directly. Within that domain, eligible studies addressed at least one of the following: condition assessment where its outputs informed maintenance; deterioration or performance prediction; estimation of the effects of maintenance, preservation or rehabilitation treatments; optimisation, RL or other methods for selecting and scheduling interventions; or the implementation, governance and data infrastructure of AI-supported decisions. Empirical, methodological and review studies were all eligible, provided their designs were described in enough detail to judge the claims made. Studies were included regardless of geographical setting.
Studies were excluded if they concerned pavement materials or structural design without a maintenance decision component, if they reported algorithms without any application to pavement or infrastructure data, if they were conference abstracts, theses, preprints or trade articles when peer-reviewed evidence on the same question existed, or if their bibliographic details could not be verified. Only English-language publications were included, although regional journals publishing in English were deliberately searched. Retracted articles were not used as evidence.
2.5 Screening, Duplicate Handling and Study Selection
Records were screened first by title and then by abstract against the eligibility criteria, and potentially relevant records were assessed in full text or, where full text was inaccessible, through the abstract and publisher metadata. Studies whose abstracts did not permit the claims of interest to be verified were cited only for statements that their verified bibliographic and abstract information could support, or were excluded. Duplicates arising from the use of several indexes were identified by DOI and, where no DOI existed, by comparison of title, authors and year; the version of record was retained. Bibliographic details of every included source were checked against DOI registration data or official publisher and journal records.
As a critical narrative review, this study did not implement the procedural requirements of a systematic review, such as reporting of screening and deduplication counts, a flow diagram, or independent duplicate screening and appraisal by multiple reviewers. Selection was purposive and was guided by the appraisal rubric described in Section 2.3, with the aim of representing the strongest, most influential and most informative evidence for each link of the decision chain, including studies that report conflicting or negative findings.
2.6 Critical Appraisal and Evidence Synthesis
Appraisal criteria were adapted to the type of evidence. For detection and prediction studies, attention was given to dataset size and provenance, the separation of training and test data, the treatment of spatial and temporal dependence, external validation, the reporting of uncertainty and the risk of information leakage between training and evaluation (Kapoor & Narayanan, 2023; Roberts et al., 2017). For treatment-effect studies, the principal criteria were the mechanism by which treatments were assigned, the handling of confounding and selection, the definition of the counterfactual and the duration of follow-up. For optimisation and RL studies, the criteria were the origin of the transition or simulation model, the treatment of uncertainty, the choice of baselines and whether recommended policies were evaluated against observed outcomes. For implementation studies, the criteria were the extent of deployment, the presence of an evaluation design and the involvement of agency decision-makers.
Themes were developed iteratively. An initial structure based on the decision chain was refined as recurring methodological issues emerged across links, notably dependence on observational maintenance records, the substitution of predictive accuracy for decision quality and the limited use of field outcomes. Conflicting findings were interpreted by examining differences in data sources, climatic and traffic contexts, condition indicators, model classes and validation designs before differences in conclusions were attributed to substantive effects. Confidence in each conclusion was expressed qualitatively, according to the consistency of independent studies, the strength of their designs and their proximity to real maintenance decisions.
3. Conceptualising the AI Intervention Gap
3.1 The Pavement Maintenance Decision Chain
Maintenance decisions depend on a sequence of linked inferences, and AI can be applied at each of them. Condition must first be measured, increasingly through automated imaging, laser profiling or vehicle-mounted sensors. Future condition must then be forecast, both under continued deterioration and under each candidate treatment. The effect of each treatment, relative to the alternative of deferring it, must be estimated. These estimates must be combined with costs, budgets and objectives in an optimisation or policy rule, and the resulting programme must be delivered, recorded and monitored so that its outcomes can inform later decisions. Classical PMS research recognised that errors at one link propagate to the next. Measurement error in condition indicators alters both the optimal repair policy and the value of inspection (Ben-Akiva et al., 1993; Madanat & Ben-Akiva, 1994), fixed inspection intervals and error-free observation are restrictive assumptions (Smilowitz & Madanat, 2000), and uncertainty in deterioration rates can be reduced by updating models with condition information as it accumulates (Durango & Madanat, 2002).
Figure 1 represents this chain and the strength of the evidence currently available for each link, as judged in the remainder of this review. The figure is developed from the present synthesis rather than adapted from prior work. Solid arrows denote relationships that are routinely implemented and empirically examined in the reviewed literature, and dashed arrows denote relationships that are required for evidence-based decision-making but are rarely implemented or evaluated. The central argument of the review is that AI research has concentrated on the first two links, where outcomes are observable and labelled data are plentiful, whereas the links that convert predictions into interventions, and interventions into evidence, remain comparatively thin.
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Figure 1. Conceptual framework of the pavement maintenance decision chain and the artificial intelligence (AI) intervention gap, developed from the present synthesis. Boxes show the links of the chain and the qualitative strength of current AI evidence for each link. Solid arrows indicate relationships that are routinely implemented and empirically examined in the reviewed literature; dashed arrows indicate relationships that evidence-based decision-making requires but that are rarely implemented or evaluated, and are therefore hypothesised rather than established. The shaded band indicates the region of the chain in which the intervention gap is located. M&R, maintenance and rehabilitation.
3.2 Prediction Problems and Intervention Problems
The distinction between prediction and intervention clarifies why accuracy at the early links of the chain does not guarantee good decisions. Some maintenance questions are genuine prediction problems in the sense described by Kleinberg et al. (2015). Identifying which sections are likely to exceed an intervention threshold in the next survey cycle, or where an inspection resource would be most informative, can be improved directly by better forecasts, because the decision depends on the predicted state and not on the effect of an action. Other questions are intervention problems. Choosing between crack sealing, a thin overlay and deferral requires a comparison of potential outcomes under each action, and the data available for that comparison were generated by past decisions that responded to condition. Athey (2017) noted that prediction methods can be productive in policy applications but that several gaps separate a prediction from a decision, and that the assumptions underlying data-driven decisions must be understood before those decisions can be optimised. One such assumption is that the data used for prediction were not themselves shaped by the decisions being contemplated.
In pavement data, this feedback is structural. Deterioration models that include overlay thickness or maintenance actions as explanatory variables are subject to endogeneity, because engineers choose those actions in response to field conditions that the model does not fully observe (Gayah & Madanat, 2017). Simple regression estimates of treatment effects suffer from sample selectivity, because treatments are not applied randomly, and from uncertainty about the timing of treatment relative to inspection (Prozzi & Hong, 2010). Monitoring data also contain measurement errors and selection biases that distort estimated transition probabilities unless they are modelled explicitly (Kobayashi et al., 2012). A flexible learner trained on such data will reproduce these associations accurately, and high predictive accuracy can therefore coexist with biased estimates of what a treatment would achieve.
A second separation concerns the criterion by which models are judged. Training a model to minimise prediction error treats all errors as equally costly, whereas the consequences of an error depend on how it changes the chosen action. Elmachtoub and Grigas (2022) formalised this through a loss function that measures the decision error induced by a prediction, and a subsequent review and benchmark of decision-focused learning showed that integrating prediction with the downstream optimisation can improve decision quality across a range of constrained problems (Mandi et al., 2024). A deterioration model that is slightly less accurate on average but more accurate near intervention thresholds may therefore be more valuable to an agency than one with a better overall coefficient of determination. Pavement studies almost universally report the latter type of metric.
3.3 Evidence-Based Decision-Making as an Organising Standard
Evidence-based medicine was defined as the conscientious, explicit and judicious use of current best evidence in making decisions about individual patients, integrating external evidence with clinical expertise (Sackett et al., 1996). Its transferable core is not a hierarchy of study designs but a set of commitments: decisions should be informed by evidence about the effects of interventions, that evidence should be appraised for its validity and applicability, professional judgement should remain part of the decision, and outcomes should be monitored. When applied to pavement maintenance, these commitments imply four requirements for AI-supported decisions. Intervention effects should be explicitly identified rather than inferred from associational fits. Uncertainty in condition, deterioration and treatment effects should be propagated into the decision instead of being reported separately. Models and policies should be evaluated by the quality of the decisions they produce, preferably against realised outcomes. Agencies should record treatments and their subsequent performance in a form that allows the evidence base to be updated.
Analogous requirements have been articulated for RL in clinical settings, where policies are learned from observational cohorts. Guidelines for that field ask whether the learning agent has access to all the variables that influence real decisions, whether confounding has been handled, how large the effective sample size of the policy evaluation is, and whether the learned policy will behave as intended when deployed prospectively (Gottesman et al., 2019). The confounding example used in those guidelines, in which sicker patients are treated earlier and fare worse, has a direct counterpart in pavement networks, where sections in worse condition are treated sooner. The pavement literature has its own precedent for outcome-based evaluation. The Arizona system was assessed by the savings realised after implementation rather than by the fit of its underlying model (Golabi et al., 1982). More recent work rarely reports evaluations of this kind.
Table 2 sets out the conceptual distinctions that structure the remainder of the review. For each link of the decision chain it contrasts the evidence that decisions require with the evidence that AI studies typically produce, and it identifies the principal threat to validity that arises when the latter is used in place of the former. The table shows that the mismatch widens from sensing to outcome monitoring, which is the pattern Figure 1 summarises as the intervention gap.
Table 2. Evidential requirements of the pavement maintenance decision chain compared with the evidence typically produced by AI studies
	Link in the decision chain
	Typical AI task
	Evidence required for intervention decisions
	Evidence typically produced
	Principal threat to decision validity
	Supporting references

	Condition assessment
	Distress detection and segmentation; condition index estimation
	Condition estimates with known error that remain valid across sensors, regions and survey cycles
	Precision, recall, F1 or intersection-over-union on benchmark or single-source images
	Dataset shift and unquantified measurement error propagating to treatment triggers
	Arya et al., 2021, 2024; Bogus et al., 2010; Madanat & Ben-Akiva, 1994; Maeda et al., 2018

	Deterioration prediction
	Forecasting IRI, rutting, cracking or PCI
	Forecasts of condition under deferral with calibrated uncertainty for the population being managed
	R² and error metrics from random or record-level train–test splits
	Leakage and spatial or temporal dependence inflating accuracy; poor transfer
	Gong et al., 2018; Kapoor & Narayanan, 2023; Marcelino et al., 2021; Roberts et al., 2017; Tamagusko & Ferreira, 2023

	Intervention-effect estimation
	Predicting post-treatment performance; treatment benefit
	Counterfactual comparison of treated and untreated or alternatively treated sections, with heterogeneity
	Associational models fitted to records in which treatment followed condition
	Selection bias and endogeneity in treatment assignment
	Gayah & Madanat, 2017; Kobayashi et al., 2012; Prozzi & Hong, 2010; You et al., 2024

	Decision optimisation
	Metaheuristic search; stochastic programming; RL
	Decisions that perform well under uncertainty in effects, costs and budgets
	Objective-function values within a model or simulator built from the same predictive models
	Simulator bias and optimisation of the model rather than the network
	Elmachtoub & Grigas, 2022; Fani et al., 2022; Gottesman et al., 2019; Yao et al., 2020

	Implementation and outcome monitoring
	Digital twins; decision-support systems; language-model assistants
	Prospective evaluation of recommended programmes against realised condition, cost and service outcomes
	Architectural demonstrations and case studies
	Absence of outcome feedback and unverified agency benefit
	Golabi et al., 1982; Luo et al., 2026; Sackett et al., 1996; Talaghat et al., 2024


Note. AI, artificial intelligence; F1, harmonic mean of precision and recall; IRI, International Roughness Index; PCI, Pavement Condition Index; R², coefficient of determination; RL, reinforcement learning. The table summarises dominant patterns and does not imply that every study in a category shares the stated limitation.
4. Condition Assessment: Detection Accuracy and Decision Relevance
4.1 Deep Learning for Distress Detection
Automated condition assessment is the most mature application of AI in pavement management and the one for which the strongest technical evidence exists. Early CNN studies showed that convolutional architectures could detect concrete cracks without hand-engineered features, and they were proposed specifically to overcome the sensitivity of conventional image-processing techniques to changes in lighting and shadow (Cha et al., 2017). For asphalt pavements, CrackNet achieved pixel-level crack detection on three-dimensional laser surface data by preserving spatial resolution through all layers (A. Zhang et al., 2017), and its successor CrackNet-V used a deeper architecture with fewer parameters to improve both accuracy and computational efficiency (Fei et al., 2020). Object-detection networks extended the scope from cracks to multiple distress classes. A region-based CNN detector (Faster R-CNN) trained and tested on 6,498 pavement images detected and located cracks, potholes, bleeding and other surface defects (Song & Wang, 2021), and region-based detectors have been proposed for distress detection in varied pavement conditions (Ibragimov et al., 2022).
The development of low-cost data acquisition broadened the potential user base. Maeda et al. (2018) assembled 9,053 smartphone images containing 15,435 instances of road damage, trained object detectors that ran on both a server and a smartphone and classified damage into eight types. Subsequent datasets added images from India and the Czech Republic and, later, from Norway, the United States and China, creating multi-national benchmarks for detection and classification (Arya et al., 2021, 2024). Reviews of this period described deep CNNs as a rapidly spreading choice for automated distress detection and compared architectures, software frameworks and reported performance across studies (Gopalakrishnan, 2018; Hsieh & Tsai, 2020). Complementary sensing approaches, including smartphone accelerometers and gyroscopes, ground-penetrating radar and fibre-optic systems, have been reviewed alongside image-based methods (Cano-Ortiz et al., 2022; Lekshmipathy et al., 2020; Sattar et al., 2018).
Confidence that deep learning can detect and classify visible surface distress under controlled acquisition conditions is therefore high. The more consequential question for maintenance is whether these outputs are accurate, consistent and transferable enough to drive treatment decisions across a network and over time.
4.2 Benchmarks, Transfer and the Reference Standard
The multi-national road damage datasets provide the clearest evidence on transfer. Arya et al. (2021) explicitly assessed whether a model developed for Japanese roads could be used in other countries, and the motivation for pooling images from several countries was that models trained in one context do not generalise automatically to roads with different surfaces, damage morphology and imaging conditions. The top-performing model of the associated international challenge achieved an F1 score, the harmonic mean of precision and recall, of 76.9% on the multi-national RDD2022 data (Arya et al., 2024). That result represents a substantial engineering achievement, but it also indicates that the combined burden of missed and spurious detections remains considerable even for the best entrant on a curated benchmark. The detection literature seldom reports how such errors are distributed across damage types or severity levels, which is the information that determines whether a section crosses a treatment trigger.
The reference standard against which detection is judged is itself uncertain. Manual distress surveys, which supply most training labels and historical condition records, exhibit measurable variability between and within raters (Bogus et al., 2010), and highway agencies have had to develop explicit quality-management procedures for automated, semi-automated and manual condition data collection (Flintsch & McGhee, 2009). When labels are noisy, a reported accuracy measures agreement with one imperfect observer rather than closeness to true condition, and a change of survey technology can introduce discontinuities into condition histories that later deterioration models treat as genuine change. Smartphone sensing illustrates the trade-off between coverage and fidelity. It extends monitoring to agencies that cannot afford specialised survey vehicles, but low sampling frequencies limit detection accuracy (Sattar et al., 2018), and vibration-based and vision-based approaches capture different aspects of surface condition (Lekshmipathy et al., 2020). Crowdsourced data introduce further process uncertainty that requires explicit statistical treatment before they are used for performance analysis (Cai et al., 2026).
These measurement issues matter for decisions in a way that detection metrics do not reveal. Classical analyses showed that ignoring measurement error leads to different, and costlier, maintenance and inspection policies than accounting for it (Madanat & Ben-Akiva, 1994), and that the latent condition of a facility should be distinguished from its observed indicators when planning interventions (Ben-Akiva et al., 1993). No study identified in this review traced the propagation of AI detection error through condition indices and deterioration forecasts to the resulting maintenance programme. That absence of evidence does not imply that the propagated error is large, but it does mean that the decision value of improvements in detection accuracy is currently unknown.
4.3 From Detected Distress to Decision-Grade Condition Indicators
Maintenance decisions are typically triggered by composite indicators such as the Pavement Condition Index (PCI), IRI or agency-specific indices and not by individual detections. ML has been used to develop PCI values from distress data (Kheirati & Golroo, 2022), and modelling PCI as a continuous variable rather than as ordinal categories retains information about gradual deterioration that is lost when indices are binned, with random forest and neural network models performing best in one comparison (Amir & Henry, 2025). Clustering and dimensionality-reduction methods have been combined to group pavement sections by distress and performance characteristics as a basis for decision support (X. Guo, 2025), and a three-stage approach for airport pavements used a classifier to assign maintenance levels and clustering to refine preventive maintenance requirements before selecting procedures by dominant damage type (Y. Li et al., 2025).
These studies move closer to decisions, but they generally inherit a rule-based mapping from condition to treatment without evaluating whether the mapping produces good outcomes. Their accuracy is judged against condition labels or expert classifications, and the treatment recommendation is validated, where it is validated at all, by agreement with existing practice. The step from condition to intervention thus tends to be encoded rather than tested. The implication for research is that condition assessment studies should report errors in the units and at the thresholds that agencies use for decisions, and should be linked to downstream decision analysis when claims are made about maintenance benefits.
5. Deterioration Prediction: Accuracy, Generalisation and Associational Learning
5.1 Machine Learning Deterioration Models
Deterioration and performance models are the analytical core of a PMS, because they connect present condition to future needs and costs (Justo-Silva et al., 2021). ML has been applied to this task more extensively than to any other part of the decision chain apart from distress detection, and the reported accuracy is frequently high. A random forest regression model trained on more than 11,000 LTPP samples estimated IRI with coefficients of determination (R²) above 0.95 in both training and test sets and outperformed a regularised linear model (Gong et al., 2018). A gradient boosting decision tree trained on more than 1,600 LTPP records predicted IRI and rut depth with an R² of approximately 0.9 and outperformed neural network and random forest comparators (R. Guo et al., 2022). A systematic review of ML models for IRI on flexible pavements concluded that tree ensembles and boosted trees were the most effective model classes and found that traffic data were used in 89% of the reviewed studies (Tamagusko & Ferreira, 2023). A broader systematic review of 158 studies using supervised AI techniques for performance prediction found that neural networks were the most commonly used algorithms and that most studies addressed flexible pavements and IRI, followed by rutting (Kang et al., 2025). Comparable findings have been reported for PCI (Amir & Henry, 2025) and for roughness on arterial roads in Sri Lanka, where five ML models with only pavement age and cumulative traffic as predictors achieved R² values above 0.75, except for a support vector machine (Sandamal et al., 2023).
The evidence that ML models fit pavement condition data better than conventional regression is therefore consistent. Its interpretation requires care. In the random forest study, the initial IRI was the most important predictor of subsequent IRI (Gong et al., 2018), and many models include previous measurements of the target indicator among their inputs (Marcelino et al., 2021). Strong autoregressive structure is expected in deterioration data and is useful for short-term forecasting, but it means that much of the reported accuracy reflects persistence rather than learned understanding of the processes that maintenance could alter. Some models also estimate one condition indicator from measurements of other distresses (Gong et al., 2018), which is closer to condition estimation than to forecasting under alternative future actions. Marcelino et al. (2021) observed that most earlier studies trained neural networks for high accuracy while neglecting generalisation capability, and proposed a development approach that placed generalisation at its centre.
5.2 Validation Design, Leakage and Transferability
The credibility of reported accuracy depends on how training and test data are separated. Across 17 scientific fields that have adopted ML, information leakage between training and evaluation affected 294 papers and in some cases produced grossly over-optimistic conclusions, with several leakage types arising from non-independence between training and test samples and from temporal mismatch (Kapoor & Narayanan, 2023). Where data have spatial, temporal or hierarchical dependence, random cross-validation underestimates prediction error, and block cross-validation is recommended even when the dependence is not evident in model residuals (Roberts et al., 2017). Pavement condition records are dependent in all three respects, because the same sections are surveyed repeatedly, adjacent sections share traffic and climate, and sections are nested within routes, regions and agencies. Random record-level splitting and record-level cross-validation, which several LTPP-based studies describe (Gong et al., 2018; R. Guo et al., 2022), can place observations of the same section in both training and test sets. A recent integrated forecasting and optimisation framework explicitly used section-based splitting to prevent leakage (Tamagusko et al., 2026), which shows that the issue is recognised, but most prediction studies identified in this review do not report spatially or temporally blocked validation.
Evidence on transfer between contexts is limited and mixed. Transfer learning has been shown to produce performance models that outperform baselines in limited-data contexts, especially for long-term forecasts (Marcelino et al., 2020), and models developed for clusters of climate and traffic conditions have proved more effective than pooled models (Zhao & Wang, 2025). The latter finding is encouraging for model design but also signals that deterioration relationships are heterogeneous, so a model trained in one region cannot be assumed to hold elsewhere. A framework using approximately 430,000 inspection records from Japanese national highways visualised regional heterogeneity in deterioration through the distribution of attribution values associated with regional variables (Sugama et al., 2025). A study of historical IRI records from the Kenyan trunk road network addressed a further problem that is common in data-constrained agencies: condition records are missing not at random, because the sections that are surveyed or recorded differ systematically from those that are not. Temporal drift correction and weighting for selective observation, evaluated by spatial cross-validation, removed systematic bias, and models with similar aggregate errors differed meaningfully in the coverage and width of their prediction intervals (Odera & Henry, 2026). That result illustrates why aggregate error metrics are an incomplete basis for choosing a model that will support decisions.
5.3 Probabilistic and Latent-State Deterioration Models
Decision models need distributions of future condition, not only point forecasts. The stochastic tradition in infrastructure management addressed this through Markov models, and its more recent developments target the same weaknesses that affect ML. A hidden Markov model estimated with Bayesian methods was developed to address selection biases in visual inspection data from the Japanese national road system, improving the properties of the estimated transition matrix relative to a conventional multi-stage exponential Markov model (Kobayashi et al., 2012). Hidden Markov formulations have also been applied to time-series condition data (Lethanh et al., 2015), and a regime-switching continuous-time Markov chain in which a latent ageing regime modulates transition probabilities was proposed to test the time-homogeneity assumption for long-lived assets (Mizutani & Yuan, 2023).
ML studies have begun to adopt probabilistic outputs. A Bayesian neural network produced probabilistic deterioration predictions from provincial pavement data in China (Xiao et al., 2023). A Bayesian-optimised natural gradient boosting model trained on cold-region LTPP data achieved an R² of 0.897 while providing uncertainty estimates intended to support risk-based decisions (Liu et al., 2025). A distress-level model built from 9,038 high-frequency inspection records combined convergent cross mapping, a technique for detecting dynamical coupling and lag between time series, with a Bayesian long short-term memory network and reported prediction-interval coverage of 100% (Sun et al., 2025). These developments are welcome, but two limitations recur. Interval coverage is rarely reported together with interval width and calibration across condition ranges, so it is difficult to judge whether uncertainty estimates are informative or merely conservative. More fundamentally, the uncertainty is almost never carried into the maintenance decision itself, so the decision consequences of better uncertainty quantification remain untested.
5.4 Explainability: Engineering Insight or Post Hoc Narrative
Interpretability is increasingly presented as a prerequisite for adoption. A scoping review of explainable AI in asphalt pavement engineering identified 163 publications and argued that a lack of transparency can undermine engineering trust, defensibility and field implementation (Jweihan, 2026). SHapley Additive exPlanations (SHAP) dominate this literature. They have been used to rank factors affecting IRI and rutting (R. Guo et al., 2022), combined with accumulated local effects and interaction statistics to show that environmental factors dominated roughness deterioration and that traffic load had a threshold effect (Wu et al., 2024), and used to argue that explanations increase the trust of users and experts in ML predictions (Sandamal et al., 2023).
These attributions describe how a fitted model uses its inputs. They do not establish how the pavement would respond if an input were changed, and they inherit any confounding present in the training data. When maintenance history or overlay thickness enters a deterioration model, its attribution reflects both the effect of the treatment and the conditions that prompted it, which is the endogeneity problem identified by Gayah and Madanat (2017). An explanation of that kind can be internally faithful to the model and still misleading as guidance for intervention. For high-stakes decisions, Rudin (2019) argued that inherently interpretable models are preferable to post hoc explanations of black boxes, because explanations can be incomplete or unfaithful to the computation they summarise. Several pavement studies report that tree ensembles outperform linear or statistical models (Gong et al., 2018; Sandamal et al., 2023), but whether the gain in accuracy justifies the loss of transparency in a given decision context has rarely been examined. The more decision-relevant form of interpretability would expose the estimated effect of each candidate treatment, its uncertainty and the assumptions under which it was identified.
Table 3 consolidates the methodological limitations that recur across the condition assessment and deterioration prediction literature. Its purpose is to connect each limitation with its consequence for maintenance decisions and with a remedy that is already available, so that the limitations read as a research design agenda and not as a critique of individual studies.
Table 3. Recurrent methodological limitations in AI-based condition assessment and deterioration prediction and their implications for maintenance decisions
	Limitation
	How it arises
	Consequence for maintenance decisions
	Indicative remedy
	Supporting references

	Benchmark-bound detection accuracy
	Training and testing on curated images from limited acquisition settings
	Unknown error when sensors, surfaces or countries change; treatment triggers may shift
	Multi-source datasets; external test sets; reporting by distress type and severity
	Arya et al., 2021, 2024; Maeda et al., 2018

	Imperfect reference standard
	Labels from manual surveys with rater variability; technology changes in condition histories
	Accuracy measures agreement with an imperfect observer; spurious change in condition series
	Quality-managed labelling; inter-rater statistics; latent-condition models
	Ben-Akiva et al., 1993; Bogus et al., 2010; Flintsch & McGhee, 2009

	Leakage and dependent data
	Random record-level splits of repeatedly surveyed sections; spatial and temporal correlation
	Over-optimistic accuracy and unwarranted confidence in network-level forecasts
	Section-, route- or period-blocked validation; leakage checklists
	Kapoor & Narayanan, 2023; Roberts et al., 2017; Tamagusko et al., 2026

	Autoregressive accuracy
	Previous condition dominating predictors
	High R² without insight into the factors that maintenance can alter
	Report skill relative to persistence baselines; separate forecasting from estimation
	Gong et al., 2018; Marcelino et al., 2021

	Selective and missing observations
	Surveys and records concentrated on particular sections or periods
	Biased deterioration rates and transition probabilities
	Missing-not-at-random weighting; hidden Markov models; spatial validation
	Kobayashi et al., 2012; Odera & Henry, 2026

	Limited transferability
	Heterogeneous climate, traffic, materials and practices
	Models mis-specified for other networks or future periods
	Transfer learning with local recalibration; cluster-specific models
	Marcelino et al., 2020; Sugama et al., 2025; Zhao & Wang, 2025

	Uncertainty reported but not used
	Probabilistic outputs without calibration checks or decision integration
	Decisions made on point forecasts despite available uncertainty
	Calibration diagnostics; propagation into optimisation and risk measures
	Liu et al., 2025; Sun et al., 2025; Xiao et al., 2023

	Attribution read as causation
	Post hoc explanations of models fitted to confounded data
	Misattribution of treatment effects and misplaced trust
	Inherently interpretable or causal models; explicit identification assumptions
	Gayah & Madanat, 2017; Jweihan, 2026; Rudin, 2019; Wu et al., 2024


Note. AI, artificial intelligence; R², coefficient of determination. Remedies are indicative and are drawn from the cited methodological sources or from practices already used in some of the reviewed studies.
6. Estimating Intervention Effects: The Missing Causal Layer
6.1 Evidence from Experimental and Field Evaluations of Treatments
The most direct evidence on treatment effects comes from field experiments and long-term monitoring of treated and untreated sections. The Specific Pavement Studies 3 (SPS-3) experiment of the LTPP programme was designed to evaluate preventive maintenance treatments, and its comparisons of treated and untreated sections are less exposed to the selection problems of routine network records. Analyses of SPS-3 data found that only thin overlay and chip seal were effective in retarding fatigue cracking (Gong et al., 2016) and that, across five performance indicators, thin overlay was the most and crack seal the least effective of four preventive treatments, and suggested that a critical original pavement condition may exist for the long-term effectiveness of each treatment (Jia et al., 2020). Chip seal applied in four climatic zones of the United States was cost-effective, and its life extension, relative benefit and benefit–cost ratio were highest when the pavement was smooth at the time of treatment (Mamlouk & Dosa, 2014). For rehabilitation, LTPP-based regression showed that thicker overlays and milling reduced post-rehabilitation roughness, whereas thin overlays, high traffic and poor pre-rehabilitation condition accelerated deterioration, and an optimal pre-rehabilitation roughness or timing existed for a given deterioration rate (Dong & Huang, 2012). Survival analysis of test sections in a pavement preservation study found that crack sealing on pavements in fair or poor condition extended life by between 1.1 and 7.3 years depending on pretreatment condition and lane, whereas for pavements in good condition the benefit could not be calculated because the median time to failure would not be reached within ten years (Vargas-Nordcbeck & Jalali, 2020). Survival methods have also been applied to rutting failures after hot in-place recycling (Pan et al., 2024).
Two conclusions are reasonably well supported by these studies. Treatment effects are heterogeneous, and pretreatment condition is among their strongest modifiers, with the evidence generally favouring application of preventive treatments before substantial distress develops. The effects also differ by performance indicator, so a treatment that is effective against one distress may be ineffective against another. Confidence in the magnitudes is more limited. The experimental studies cover a small number of treatments, sites and climates, follow-up periods are short relative to pavement service lives, and the estimates are not easily transferred to the treatment specifications and contractual arrangements of other agencies. These are precisely the data that an AI system would need in order to recommend treatments, and they remain scarce.
6.2 Selection, Endogeneity and the Counterfactual Problem in Network Data
Most maintenance records come from routine operations, not from experiments. In those records, the choice, timing and intensity of treatment depend on condition, traffic, budgets and engineering judgement, so treated and untreated sections differ systematically even before treatment. Prozzi and Hong (2010) identified two consequences for conventional regression: sample selectivity bias, because treatment is not random, and misrepresentation of treatment effects, because the interval between the intervention and the next inspection is uncertain. They applied average treatment effect modelling, which allows the effect to be estimated for any section whether or not it was treated. Gayah and Madanat (2017) extended selectivity correction to discrete maintenance choices within a single roughness progression model and obtained consistent estimates that were more realistic than earlier estimates from the same Washington State data.
Treatment effects are also commonly represented deterministically in PMS. A Markov hazard model that estimated probabilistic repair transitions and repair-specific suppression of subsequent deterioration showed that deterministic assumptions systematically misrepresent post-repair performance. Treatments that strongly suppress later deterioration provided substantially longer service lives than deterministic models implied even when their immediate condition recovery was modest, and deterministic assumptions led to network priorities that favoured more expensive treatments without matching gains in service life (Abera et al., 2026). This finding is significant for AI-based planning, because many optimisation and RL environments encode treatments as fixed condition resets or fixed improvements.
6.3 Causal Machine Learning for Pavement Treatments
Causal ML provides tools for estimating treatment effects and their heterogeneity from observational data under explicit assumptions. Causal forests estimate heterogeneous treatment effects with valid confidence intervals under unconfoundedness (Wager & Athey, 2018), and double or debiased ML uses flexible learners for nuisance functions while protecting the estimate of the treatment parameter from regularisation and overfitting bias (Chernozhukov et al., 2018). In transport, generalised random forests outperformed outcome regression, propensity score and doubly robust methods in simulation experiments on heterogeneous effects of road safety treatments (Y. Zhang et al., 2022), which suggests that the methods can be adapted to infrastructure interventions.
Applications to pavement maintenance are few. A causal inference approach that combined a structural causal model with the potential outcomes framework evaluated the annual post-maintenance performance of four preventive treatments with respect to longitudinal cracking over five years, addressing identification of causal structure, identification of direct effects and sensitivity analysis (You et al., 2024). The term causal is used more loosely elsewhere. The distress-level model cited above applied convergent cross mapping to quantify causal strength and lag between environmental factors and distress growth (Sun et al., 2025), which concerns dynamical association between time series rather than the effect of a maintenance action. Both uses have value, but only the former addresses the counterfactual question on which treatment selection depends.
The assumptions of causal ML are demanding in pavement settings. Unconfoundedness requires that all factors affecting both treatment choice and subsequent performance are measured, whereas engineering judgement often draws on site information that is not recorded. Overlap requires that comparable sections receive different treatments, whereas agency decision rules can make treatment almost deterministic within condition bands. Treatment timing, specification and construction quality are inconsistently recorded. Each of these problems can be mitigated through design, for example by exploiting variation in budgets or programme rules, by sensitivity analysis and by improved recording of interventions, but none can be removed by a more flexible learner.
6.4 Predicting Post-Treatment Performance Is Not Estimating Treatment Effects
A larger body of ML work predicts performance after treatment and uses these predictions to compare scenarios. A study using more than 2,700 LTPP samples forecast short-term and long-term IRI changes under alternative maintenance scenarios, with random forest R² values of 80% to 96% for long-term changes, and used the forecasts to produce schedules of treatment types, timing, locations and costs (Ghodratabadi et al., 2025). Ensemble models developed from LTPP data were used to investigate the effects of asphalt overlays on distress development and service life, indicating, for example, that milling before overlay tended to slow the increase of IRI but accelerate rutting (Zhao & Wang, 2025). A recursive framework fed maintenance decisions at year t back into the state inputs of a gradient boosting forecaster at year t + 1 and coupled it with a genetic algorithm, reporting a 3% improvement in network condition and a 22% reduction in maintenance cost relative to reactive strategies (Tamagusko et al., 2026).
These are useful advances because they make the dynamic interaction between interventions and deterioration explicit. Their treatment effects, however, are the differences between model predictions with and without a treatment indicator, and they are unbiased only if the training data contain no systematic differences between treated and untreated sections beyond the measured covariates. None of these studies reports an identification strategy or a sensitivity analysis for unmeasured confounding, so the estimated benefits are best regarded as associational. A related strand of work learns decisions rather than effects. Classifiers trained on historical inspection and intervention inventories have been used to predict maintenance alerts and intervention types (Morales et al., 2021), and an artificial neural network trained on 884 treatment patterns derived from expert recommendations in Colorado reproduced regional decision practice and exposed variability among regions linked to funding constraints (Hafez et al., 2019). Learning from expert decisions can standardise practice and reveal inconsistencies, but it reproduces the existing policy, including its constraints and any of its errors, and therefore cannot show that a different policy would be better.
Table 4 compares the approaches used to estimate intervention effects. The table indicates that the designs offering the strongest identification, field experiments and explicit causal or econometric models, are the least common in the AI literature, whereas scenario prediction from associational models is common but provides the weakest basis for treatment selection.
Table 4. Approaches to estimating the effects of pavement maintenance interventions and their relevance to AI-supported decisions
	Approach
	Source of identification
	Principal strengths
	Principal threats
	Decision relevance
	Supporting references

	Controlled field experiments and long-term test sections
	Treated and untreated test sections under planned assignment
	Strongest internal validity; direct estimates of effectiveness and life extension
	Few sites, treatments and climates; short follow-up; limited transfer to other specifications
	High for the treatments and contexts studied; low coverage
	Gong et al., 2016; Jia et al., 2020; Mamlouk & Dosa, 2014; Vargas-Nordcbeck & Jalali, 2020

	Regression and survival analysis of observational records
	Adjustment for measured covariates
	Uses routine data at network scale; captures condition-dependent effects
	Selection on unmeasured factors; uncertain treatment timing; survivorship
	Moderate when covariates capture assignment; otherwise uncertain
	Dong & Huang, 2012; Pan et al., 2024; Vargas-Nordcbeck & Jalali, 2020

	Econometric selectivity and endogeneity corrections
	Selection models; instrumented or corrected regressors
	Explicitly addresses non-random treatment assignment
	Strong modelling assumptions; valid instruments are scarce
	High for policy evaluation where assumptions are credible
	Gayah & Madanat, 2017; Prozzi & Hong, 2010

	Stochastic repair-effect models
	Markov hazard models with probabilistic repair transitions
	Represents variability in recovery and post-repair deterioration
	Requires adequate repair records; heterogeneity specification
	High for network prioritisation and life-cycle costing
	Abera et al., 2026; Kobayashi et al., 2012

	Causal machine learning
	Unconfoundedness and overlap; structural causal models
	Heterogeneous effects with uncertainty; sensitivity analysis
	Unmeasured confounding; weak overlap within decision rules
	Potentially high; few pavement applications
	Chernozhukov et al., 2018; Wager & Athey, 2018; You et al., 2024; Y. Zhang et al., 2022

	Scenario prediction with associational ML
	Treatment indicators within predictive models
	Flexible; integrates many covariates; supports dynamic simulation
	Confounding by indication; no identification strategy
	Low to moderate; useful for screening rather than selection
	Ghodratabadi et al., 2025; Tamagusko et al., 2026; Zhao & Wang, 2025

	Imitation of historical or expert decisions
	Recorded or elicited decisions as labels
	Standardises practice; reveals inconsistency among regions
	Reproduces existing policy and its constraints
	Low for improving decisions; useful for audit
	Hafez et al., 2019; Morales et al., 2021


Note. AI, artificial intelligence; ML, machine learning. Decision relevance is a qualitative judgement of how directly the approach supports the comparison of alternative treatments for a given section or network.
7. From Predictions to Decisions: Optimisation, Reinforcement Learning and Decision Quality
7.1 Stochastic Optimisation and the Treatment of Uncertainty
Network-level M&R optimisation predates AI and supplies the benchmark against which AI-based planning should be judged. Markov decision models remain a standard formulation, and a recent example used a ten-state transition matrix with seventeen treatment variables and a cost-effectiveness ratio to prioritise treatments under budget constraints (Abaza & Ferreira, 2026). A critical review of multi-objective optimisation for M&R decisions documented a wide range of strategic goals, uncertainty characterisation methods and intelligent search algorithms, and emphasised the need for joint models covering multiple facilities and techniques (Chen & Zheng, 2021). The treatment of uncertainty has advanced substantially. Multistage stochastic mixed-integer programming was used to plan network M&R under uncertain deterioration and budgets, on the grounds that ignoring uncertainty produces sub-optimal plans (Fani et al., 2022), and a follow-up study compared stochastic and deterministic formulations under different budget and deterioration-rate uncertainty scenarios and examined the role of network size (Fani et al., 2025). Chance-constrained multi-objective programming has been used to incorporate performance uncertainty in single-period project selection and budget allocation (Cao et al., 2024), and decision makers' attitudes towards risk and opportunity have been incorporated explicitly, on the argument that risk and uncertainty are distinct concepts that earlier studies had conflated (Yao et al., 2023). A recent review set these developments within a probabilistic life-cycle framework that distinguishes aleatory from epistemic uncertainty (Xin et al., 2026).
Practical constraints matter as much as algorithmic sophistication. Optimisation of a large database of road segments showed that annual budget constraints were the most useful formulation because they smooth spending over time, but also the most difficult to solve (Harvey, 2024). Metaheuristic algorithms, including water cycle, genetic, differential evolution, ant colony and swarm methods, have been compared for large networks and combined with ML-derived deterioration functions (Naseri, Fani, & Golroo, 2022; Naseri, Shokoohi, et al., 2022). Control-theoretic formulations have used moving-horizon optimisation over a state-space description of condition as an alternative to fixed intervention thresholds (van Aggelen & De Schutter, 2026), and Bayesian belief networks have been used to integrate deterioration data with expert knowledge in an expert-system framework (Philip & AlJassmi, 2024).
The common limitation of this literature is that optimisation quality is bounded by the deterioration and treatment-effect models that define the problem. Uncertainty is usually represented as variability around those models rather than as possible bias in them, and few studies test how the recommended programme changes when treatment effects are estimated with selection correction or represented stochastically. The evidence from stochastic repair-effect modelling, which showed that deterministic effects can shift network priorities towards more expensive treatments without matching service-life gains (Abera et al., 2026), indicates that such sensitivity analyses are likely to matter.
7.2 Reinforcement Learning: Promise and Evaluation Deficits
RL learns a policy that maps states to actions by maximising cumulative reward, and deep RL extends this to the large state and action spaces of networks with many components. In infrastructure management, a deep centralised multi-agent actor-critic framework was developed for systems whose state and action spaces grow exponentially with the number of components and whose dynamics may be accessible only through numerical simulators (Andriotis & Papakonstantinou, 2019). Subsequent work combined constrained partially observable Markov decision processes (POMDPs) with multi-agent deep RL to address the curses of dimensionality and history, state uncertainty from imperfect inspection and long-term resource constraints (Andriotis & Papakonstantinou, 2021). Alternatives that avoid explicit belief computation have been compared with Monte Carlo tree search on a basic inspection and maintenance problem (Koutas et al., 2024), and efficient RL for large state spaces remains an active methodological topic (Habib et al., 2026).
Applications to pavements have multiplied. Deep RL was used to learn maintenance strategies for single-lane segments with 42 state parameters describing structure, materials, traffic, maintenance history and condition, and on two Chinese expressways the learned strategies improved long-term cost-effectiveness while keeping condition within acceptable limits (Yao et al., 2020). A later approach for multi-lane highways integrated life-cycle assessment (LCA) and life-cycle cost analysis (LCCA) and represented deterioration uncertainty through an RL environment containing several probabilistic performance models (Yao et al., 2022). A proximal policy optimisation model with an environment constructed from a deep neural network was applied to highway maintenance in Jiangsu Province and reported a decision accuracy of 82.2%, an increase of 17.2% over an artificial neural network model (Han et al., 2021). For airport pavements, supervised condition prediction was combined with Q-learning using data from Chicago O'Hare International Airport and reduced M&R costs relative to practice (Barua & Zou, 2022). Other studies have reported reductions of up to 25% in network roughness for a road network exposed to different flood levels under conventional and performance-based contracting schemes (Zukhruf et al., 2025), cost reductions of 15.72% and 24.80% relative to a solver-based method and a metaheuristic on a Greek road network (Paraschos et al., 2025), and frameworks addressing reward design and increasingly extreme climate conditions (Molinero-Pérez et al., 2026a, 2026b).
These results show that RL can represent sequential maintenance problems at a realistic scale. They do not yet show that RL policies produce better outcomes on real networks. In most studies the environment in which the policy is trained and evaluated is built from the same associational deterioration and treatment models discussed in Sections 5 and 6, sometimes from a neural network fitted to historical records (Han et al., 2021) and sometimes from a set of performance models (Yao et al., 2022) or supervised predictors (Barua & Zou, 2022). A policy optimised within such an environment will exploit any systematic error in it, and its reported advantage is an advantage within the model. The choice of baseline compounds the difficulty. Comparisons with fixed-interval rules, reactive strategies, metaheuristics or historical practice demonstrate relative performance under shared assumptions, while a metric such as decision accuracy presupposes a reference set of correct decisions rather than measuring realised long-term outcomes. Reward functions encode weights on cost, condition, emissions and service, and studies that make reward design explicit are an important step because those weights determine which policy is optimal (Molinero-Pérez et al., 2026b). Partial observability, which classical work showed to be decision-relevant (Madanat & Ben-Akiva, 1994), is handled explicitly in the general infrastructure literature (Andriotis & Papakonstantinou, 2021; Koutas et al., 2024) but rarely in pavement applications.
Guidelines developed for RL in healthcare offer a template for the evaluation that is missing. They ask whether the agent observes the variables that drive real decisions, whether confounding has been handled and how large the effective sample size of off-policy evaluation is, noting that evaluation from observational data is most reliable when a learned policy stays close to current practice. They also warn that poorly designed rewards, data-recording errors and changes in setting can cause a policy to behave differently from what was intended (Gottesman et al., 2019). No pavement RL study identified in this review reported an off-policy evaluation of a learned policy against observed outcomes, a sensitivity analysis to bias in the environment model or a prospective field comparison. Confidence in claimed savings should therefore be regarded as low, even where the computational work is of high quality.
7.3 Prediction Error, Decision Error and Adaptive Learning
The separation of prediction from optimisation in most pavement studies follows the predict-then-optimise paradigm, in which a model trained for accuracy supplies parameters to a separate optimisation. Training with a loss that measures the decision error induced by predictions can produce better decisions than training for accuracy (Elmachtoub & Grigas, 2022), and decision-focused learning methods have been benchmarked across a range of constrained combinatorial problems (Mandi et al., 2024). In pavement maintenance, the decision is often insensitive to forecast errors for sections far from intervention thresholds and highly sensitive near them, and budget constraints couple decisions across sections. These features suggest that decision-focused training could be beneficial, but no pavement application of decision-focused learning was identified, so the magnitude of any benefit is unknown.
Closer coupling between forecasting and optimisation has nonetheless appeared. Recursive frameworks that update the forecasting state with each year's decisions (Tamagusko et al., 2026) and moving-horizon schemes that re-optimise as condition evolves (van Aggelen & De Schutter, 2026) make the dynamic dependence of future condition on present action explicit. Earlier work on adaptive control showed that updating deterioration-rate estimates with condition information obtained during operation yields economic benefits, especially when the initial expected deterioration rate is a poor representation of the actual rate (Durango & Madanat, 2002). This adaptive principle, in which models are revised as decisions generate new evidence, is closer to evidence-based practice than a static model trained once on historical data, but it depends on the same condition that the rest of this review emphasises: the outcomes of interventions must be observed and recorded.
7.4 Objectives, Values and Equity
Optimisation and RL make the objectives of maintenance explicit, which is both a strength and a source of risk. Decision-support systems have integrated life-cycle agency costs, road user costs and greenhouse gas emissions (Santos et al., 2017), multi-objective metaheuristics have traded network condition against carbon dioxide emissions (Naseri, Ehsani, et al., 2022), and RL environments have embedded LCA and LCCA (Yao et al., 2022). Equity has been introduced through an index that measures how evenly maintenance benefits are distributed across a network (Naseri, Fani, & Golroo, 2022), and climate risk has been incorporated through a criticality-based risk index used as a constraint in genetic algorithm optimisation (Madushani et al., 2024) and through RL formulations for extreme climate conditions and flood risk (Molinero-Pérez et al., 2026a; Zukhruf et al., 2025).
These studies are valuable for showing that broader objectives can be represented. They provide little evidence on how the weights, constraints and equity definitions should be chosen, whose preferences they represent, or how sensitive the recommended programmes are to these choices. Explicit modelling of risk attitudes is one exception (Yao et al., 2023). Because a learned policy optimises whatever is encoded in its objective, the specification of that objective is a governance decision that should be documented and subjected to stakeholder scrutiny in the same way as the evidence on treatment effects.
Table 5 compares the main decision-support approaches. The comparison shows that methodological sophistication in representing uncertainty and sequential decisions has increased, whereas validation against realised outcomes has not, so that the weakest element of each approach is the external evidence that its internal model is correct.
Table 5. Decision-support approaches for pavement maintenance and their evidential limitations
	Approach
	Representation of deterioration and treatment effects
	Treatment of uncertainty
	Typical evaluation
	Principal limitation for evidence-based decisions
	Supporting references

	Markov decision and stochastic optimisation models
	Transition matrices or performance models with fixed or estimated treatment improvements
	Probabilistic transitions; scenarios; chance constraints; adaptive updating
	Objective value within the model; case networks
	Treatment effects rarely identified causally; bias in the model not represented
	Abaza & Ferreira, 2026; Cao et al., 2024; Durango & Madanat, 2002; Fani et al., 2022; Golabi et al., 1982

	Metaheuristic multi-objective optimisation
	Regression or ML deterioration functions and treatment improvement equations
	Usually deterministic; occasional scenario analysis
	Pareto fronts; comparison among algorithms
	Algorithm comparison substitutes for outcome validation
	Chen & Zheng, 2021; Naseri, Ehsani, et al., 2022; Naseri, Fani, & Golroo, 2022; Naseri, Shokoohi, et al., 2022; Santos et al., 2017

	Control-theoretic and moving-horizon optimisation
	State-space condition models
	Re-optimisation as condition is observed
	Simulated comparison with threshold rules
	Depends on model identification; limited field evidence
	van Aggelen & De Schutter, 2026

	Expert-system and Bayesian network decision support
	Probabilistic dependencies elicited from data and experts
	Explicit probabilistic reasoning
	Case application; expert review
	Expert priors may encode existing practice
	Philip & AlJassmi, 2024

	Supervised prediction coupled with search or RL
	ML forecasts with treatment indicators driving a GA or RL agent
	Mostly point forecasts; some probabilistic models
	Improvement over reactive or threshold strategies
	Associational effects propagate into optimised policies
	Barua & Zou, 2022; Ghodratabadi et al., 2025; Tamagusko et al., 2026

	Deep and multi-agent reinforcement learning
	Simulators built from performance models or neural networks
	Stochastic environments; POMDP formulations in general infrastructure studies
	Cumulative reward in simulation; decision accuracy; comparison with baselines
	Simulator fidelity untested; no off-policy or field evaluation
	Andriotis & Papakonstantinou, 2021; Gottesman et al., 2019; Han et al., 2021; Paraschos et al., 2025; Yao et al., 2020, 2022

	Human–AI collaborative and language-model decision support
	Inherited from underlying models and retrieved knowledge
	Varies; often implicit
	Comparison with human experts and baseline methods in experiments with real-world data for the collaborative framework
	Evidential strength limited by the knowledge base and evaluation design
	Hei, Dong, et al., 2026; Hei, Han, et al., 2026; Luo et al., 2026; Zeng et al., 2026


Note. GA, genetic algorithm; ML, machine learning; POMDP, partially observable Markov decision process; RL, reinforcement learning. Entries describe typical practice within each approach and are not exhaustive.
8. Implementation, Governance and Learning Systems
8.1 Digital Twins and Integrated Decision Support
DTs have been proposed as the infrastructure through which sensing, prediction and decision support can be integrated with a live representation of the network. A systematic review of DT technology for road pavements found that research was limited, that the few use cases that had attracted significant scientific attention concerned reactive maintenance and that proactive maintenance remained largely unexplored (Talaghat et al., 2024). A blueprint for pavement DTs has since been published (Talaghat, Golroo, Rasti, & Shahhosseini, 2026), and an implemented web-based intelligent decision support system for proactive maintenance in Finland was built on a four-layer architecture that integrated building information modelling, heterogeneous data sources and a sequential chain of AI processing that included generative data augmentation (Talaghat, Golroo, Shahhosseini, & Rasti, 2026). Such systems address a genuine barrier, the fragmentation of data and models across agency functions, and they create the possibility of recording interventions and outcomes in a form that supports learning.
The evidence they provide is, however, mainly architectural. Demonstrating that a DT can ingest data, run models and display recommendations is different from demonstrating that it improves maintenance outcomes, and the two should not be conflated. A DT that integrates associational deterioration models and rule-based treatment logic reproduces the limitations of those components at greater speed and scale. The decisive question for DT research is therefore not technical integration alone but whether the twin is designed to estimate intervention effects, propagate uncertainty and evaluate its own recommendations against observed outcomes.
8.2 Human–AI Collaboration and Language Models
Professional judgement remains central to maintenance decisions, both because engineers hold information that is not captured in databases and because agencies are accountable for programme choices. A hierarchical multi-agent framework designed for human–AI collaboration coordinated treatment selection, intervention timing and scheduling through decision and execution layers with human-in-the-loop feedback, and in experiments using real-world data reported a 29.5% increase in pavement serviceability relative to human experts and a score more than 16% above baseline methods on the technique for order preference by similarity to an ideal solution (TOPSIS) (Luo et al., 2026). Large language models (LLMs) have also been proposed as decision aids for pavement maintenance, including retrieval-augmented and multi-agent configurations (Hei, Dong, et al., 2026; Hei, Han, et al., 2026; Zeng et al., 2026).
These developments shift the interface between AI and decision-makers, but they do not change the evidential foundation of the recommendations. A collaborative or conversational system can make recommendations more accessible and can encode procedural knowledge, yet the quality of its advice depends on the treatment-effect evidence and deterioration models on which it draws. Comparisons with human experts are informative only when both are evaluated against the same independently measured outcomes rather than against model-based estimates of serviceability. Where the underlying knowledge base consists of associational predictions and unvalidated rules, fluent recommendations add accessibility but not evidential strength.
8.3 Data Governance and the Recording of Interventions
Evidence-based decisions depend on data that are rarely treated as research infrastructure. Condition data require explicit quality management across automated, semi-automated and manual collection methods (Flintsch & McGhee, 2009), and manual ratings contain measurable variability (Bogus et al., 2010). Selective observation and missing records bias deterioration estimates unless they are modelled (Kobayashi et al., 2012; Odera & Henry, 2026), and crowdsourced data require explicit treatment of process uncertainty (Cai et al., 2026). For intervention decisions, the critical gap is the recording of treatments themselves: their type, specification, date, extent and construction quality, together with the condition that prompted them. Without such records, neither causal estimation nor policy evaluation is possible, and AI models will continue to learn condition trajectories in which the effects of past interventions are confounded with the reasons they were applied.
Regional variability in practice, which ML has been used to reveal (Hafez et al., 2019), is an asset in this context as well as a problem. Differences in treatment policies among regions or agencies with similar networks create variation in exposure that can support causal comparison if the policies and their outcomes are documented. Agencies that standardise decision rules without recording why exceptions were made may unintentionally remove the variation that would allow those rules to be evaluated.
8.4 Closing the Loop between Decisions and Evidence
The early Arizona system was evaluated by realised savings after implementation (Golabi et al., 1982), and adaptive-control formulations demonstrated the value of revising deterioration models as condition information accumulates (Durango & Madanat, 2002). These precedents point to the form that an evidence-based AI system for pavement maintenance should take. Recommendations should be accompanied by their predicted effects and uncertainties, implemented decisions and their departures from recommendations should be recorded, and outcomes should be compared with predictions so that both the models and the decision rules can be revised. In clinical settings, the use of observational data to learn treatment policies has led to explicit guidance on the conditions under which such policies can be trusted (Gottesman et al., 2019). No equivalent guidance exists for pavement maintenance, and its absence is itself a gap that the field could address relatively quickly.
9. Future Directions
The research priorities below follow from the weaknesses identified along the decision chain. They are ordered by the extent to which progress on one is a precondition for the others. The first three are immediate priorities that can be pursued with existing data and methods. The last two require sustained collaboration between researchers and agencies over longer periods.
9.1 Intervention-Linked Datasets and Reporting Standards
The most immediate obstacle is the absence of shared datasets in which condition histories are linked to recorded interventions, the reasons for those interventions and subsequent performance. Benchmark image datasets transformed distress detection because they allowed methods to be compared on common data (Arya et al., 2024), but no equivalent resource exists for treatment decisions, and most deterioration studies rely on the LTPP database or on single-agency records whose intervention data are incomplete. Agencies and researchers should assemble multi-agency datasets that record treatment type, specification, date, extent, pretreatment condition and the decision rule or judgement that triggered the work, together with documentation of missing-data mechanisms (Odera & Henry, 2026). These datasets should be accompanied by reporting standards for prediction and decision studies, covering leakage checks of the kind proposed for ML-based science (Kapoor & Narayanan, 2023), spatially and temporally blocked validation (Roberts et al., 2017), calibration of uncertainty estimates and comparison with persistence and current-practice baselines. Outcome measures should include decision-relevant metrics such as regret relative to the best feasible programme and error at intervention thresholds, in addition to conventional accuracy. Such resources would allow claims about AI-supported maintenance to be tested on common ground and would make the remaining priorities feasible.
9.2 Credible Estimation of Treatment Effects
The evidence on treatment effects is too thin and too weakly identified to support confident algorithmic treatment selection. Field experiments demonstrated that effects vary with pretreatment condition, treatment type and performance indicator (Gong et al., 2016; Jia et al., 2020; Vargas-Nordcbeck & Jalali, 2020), while econometric work showed that observational estimates are biased when selection is ignored (Gayah & Madanat, 2017; Prozzi & Hong, 2010). Two complementary designs are needed. Quasi-experimental analyses of network records should exploit sources of variation that are plausibly unrelated to unmeasured section characteristics, such as changes in budgets or in agency decision thresholds, differences in policy between comparable regions and staggered programme roll-outs, and they should be combined with causal ML for heterogeneous effects (Chernozhukov et al., 2018; Wager & Athey, 2018) and with sensitivity analysis for unmeasured confounding (You et al., 2024). Pragmatic field trials, in which comparable sections receive alternative treatments or treatment timings under planned assignment, should extend the experimental tradition to the treatments, climates and contracting arrangements that agencies now use. Stochastic representations of repair effects should replace deterministic resets in planning models (Abera et al., 2026). Relevant outcomes are condition trajectories for several indicators, time to failure, life extension, life-cycle cost and, where possible, user costs. Because pavement responses unfold over years, these studies require commitments of five to ten years, which makes early agency involvement essential.
9.3 Decision-Centred Evaluation of Models and Policies
Prediction models and learned policies are evaluated with criteria that do not measure decision quality. Model development should therefore report the decision consequences of prediction errors, and decision-focused training should be tested against conventional predict-then-optimise pipelines on realistic budget-constrained problems (Elmachtoub & Grigas, 2022; Mandi et al., 2024). RL studies should separate the data used to build simulators from the data used to evaluate policies, test sensitivity to plausible biases in deterioration and treatment-effect models, and apply off-policy evaluation to historical data before any field use (Gottesman et al., 2019). Partial observability and inspection decisions, which the general infrastructure literature already models (Andriotis & Papakonstantinou, 2021), should be incorporated in pavement applications. Comparisons should include strong conventional baselines, such as well-tuned stochastic optimisation, in addition to reactive or fixed-interval rules. This programme can be undertaken immediately with existing datasets and would show whether the gains claimed for AI-based planning survive more demanding evaluation.
9.4 Prospective Evaluation and Learning Pavement Management Systems
Even well-identified models and carefully evaluated policies need to be tested in practice. In the longer term, agencies should evaluate AI-supported programmes prospectively, for example by deploying them in stages across comparable districts while continuing conventional practice elsewhere, and by comparing realised condition, cost and service outcomes. DT platforms and integrated decision-support systems (Talaghat, Golroo, Shahhosseini, & Rasti, 2026) are well placed to support such evaluations if they record recommendations, implemented decisions, departures from recommendations and subsequent outcomes. Human–AI collaborative designs (Luo et al., 2026) should be evaluated against independently measured outcomes instead of model-estimated serviceability. The adaptive principle of revising deterioration models as evidence accumulates (Durango & Madanat, 2002) should be extended to treatment-effect models and decision rules. The relevant timescale is a full programming cycle and preferably several, and the principal outcomes are network condition, life-cycle cost, the distribution of benefits across the network and the frequency and reasons for overriding recommendations. Success would convert the PMS from a planning tool into a learning system.
9.5 Transferability, Equity and Governance
AI tools are increasingly offered to agencies whose networks, data and capacities differ from those on which the tools were developed. Evidence that deterioration relationships vary by region and context (Sugama et al., 2025; Zhao & Wang, 2025) and that detection models require adaptation across countries (Arya et al., 2021) implies that external validation across climates, traffic regimes and data-collection technologies should become routine, with particular attention to data-constrained agencies in low- and middle-income settings (Odera & Henry, 2026). The objectives encoded in optimisation and RL models also require governance. Research should examine how equity, climate risk and risk attitudes are specified and weighted (Madushani et al., 2024; Naseri, Fani, & Golroo, 2022; Yao et al., 2023), how sensitive recommended programmes are to these specifications and how agencies document and justify them. Guidance comparable to that developed for clinical RL, setting out the conditions under which an AI-supported maintenance recommendation can be considered evidence-based, would provide a practical framework for agencies and for the review of research.
Table 6 summarises these priorities. It distinguishes immediate from longer-term work and identifies the designs and outcome measures through which each would advance the field from predictive accuracy towards evidence on intervention quality.
Table 6. Prioritised research agenda for evidence-based, AI-supported pavement maintenance decisions
	Priority
	Unresolved problem
	Recommended design or methodological improvement
	Key outcome measures
	Timescale
	Supporting references

	Intervention-linked datasets and reporting standards
	No shared data linking condition histories to recorded treatments and reasons; inconsistent validation reporting
	Multi-agency curated datasets; documentation of missing-data mechanisms; leakage and validation checklists
	Data completeness; decision regret; threshold error; calibration
	Immediate
	Arya et al., 2024; Kapoor & Narayanan, 2023; Odera & Henry, 2026; Roberts et al., 2017

	Credible treatment-effect estimation
	Effects inferred from records in which treatment followed condition; deterministic repair effects
	Quasi-experimental designs; causal ML with sensitivity analysis; pragmatic field trials; stochastic repair models
	Condition trajectories; time to failure; life extension; life-cycle cost
	Immediate start; five to ten years for field trials
	Abera et al., 2026; Chernozhukov et al., 2018; Gayah & Madanat, 2017; Gong et al., 2016; Prozzi & Hong, 2010; Wager & Athey, 2018; You et al., 2024

	Decision-centred evaluation of models and policies
	Accuracy and in-simulator reward used as proxies for decision quality
	Decision-focused learning; off-policy evaluation; simulator stress tests; strong stochastic-optimisation baselines
	Decision regret; robustness to model bias; cost and condition under alternative policies
	Immediate
	Andriotis & Papakonstantinou, 2021; Elmachtoub & Grigas, 2022; Gottesman et al., 2019; Mandi et al., 2024

	Prospective evaluation and learning systems
	No evidence that AI-supported programmes improve realised outcomes
	Staged deployment across comparable districts; DT-based recording of recommendations, decisions and outcomes; adaptive updating
	Network condition; life-cycle cost; override frequency and reasons
	Longer term; several planning cycles
	Durango & Madanat, 2002; Luo et al., 2026; Talaghat, Golroo, Shahhosseini, & Rasti, 2026

	Transferability, equity and governance
	Context-specific models; unexamined objective specifications
	External validation across regions and technologies; stakeholder-informed objective specification; sensitivity analysis of weights
	Transfer error; distribution of benefits; sensitivity of programmes to objectives
	Immediate to longer term
	Arya et al., 2021; Madushani et al., 2024; Naseri, Fani, & Golroo, 2022; Sugama et al., 2025; Yao et al., 2023


Note. AI, artificial intelligence; DT, digital twin; ML, machine learning. Timescales are indicative and depend on agency data systems and programming cycles.
10. Conclusions
This review set out to define the AI intervention gap in pavement maintenance, to appraise the evidence produced at each link of the maintenance decision chain and to identify what an evidence-based standard for AI-supported decisions would require. The gap is real and has a definite structure. The evidence is strongest at the beginning of the chain. Deep learning detects visible surface distress with high accuracy under controlled conditions, and ensemble and neural network models fit historical condition data closely. Confidence declines at each subsequent link. Detection accuracy is measured against imperfect reference standards and transfers incompletely across contexts. Prediction accuracy is often inflated by validation designs that ignore dependence in the data and is driven largely by persistence of past condition. The effects of treatments, which determine the value of any maintenance decision, are usually inferred from records in which treatment followed condition, so their estimates are vulnerable to selection bias that most AI studies do not address.
At the decision stage, the methodological sophistication of optimisation and RL has outpaced the evidence that their internal models describe real networks correctly. Reported savings are mostly measured within simulators or optimisation models built from associational predictions, and comparisons with practice or simple rules do not establish that learned policies would improve realised outcomes. Explanations and digital integration improve the accessibility of models but do not, by themselves, strengthen the causal basis of their recommendations. Implementation evidence remains at the stage of architectures and case demonstrations.
The most defensible conclusion is that AI has improved what agencies can observe and forecast but has not yet been shown to improve which interventions they choose. That conclusion is tentative, not negative, because it reflects an absence of decision-level evaluation and not evidence that AI-supported decisions are worse. The well-supported elements of the synthesis are the high performance of detection and short-term prediction within their development contexts, the heterogeneity of treatment effects by pretreatment condition and indicator, and the presence of selection and endogeneity in observational maintenance data. The interpretive elements are the extent to which these limitations change recommended programmes and the size of the benefits that better-identified decision tools would deliver.
An evidence-based standard for the field would require explicit identification of intervention effects, propagation of uncertainty into decisions, evaluation by decision quality and realised outcomes, and systematic recording of interventions so that evidence accumulates with each programming cycle. These requirements reconnect contemporary AI with the earlier tradition of infrastructure decision analysis, in which measurement error, uncertainty and adaptive learning were treated as properties of the decision problem rather than as technical details. Meeting them would allow agencies to judge AI tools by the quality of the maintenance they help to deliver, which is the purpose for which those tools are developed.
11. Limitations
The first limitation is intrinsic to the critical narrative design. Literature was selected purposively according to relevance, methodological adequacy, decision relevance and credibility, and the synthesis reflects interpretive judgements about the strength and implications of the evidence. Although the search, eligibility criteria and appraisal approach were reported transparently, selection and interpretive bias cannot be excluded, and another author applying the same approach might weight particular studies differently. As a narrative review, the study did not follow the procedural requirements of a systematic review, such as reporting of screening and deduplication counts, a flow diagram or independent duplicate screening and appraisal by multiple reviewers, and its conclusions should be read in that light.
The searches relied on openly accessible multidisciplinary and regional indexes, citation tracking and institutional sources, and subscription bibliographic databases were not searched. Some relevant studies, particularly conference papers and agency reports that are poorly indexed in open sources, may therefore have been missed. For a minority of included studies, full text was not accessible and assessment relied on abstracts and verified bibliographic metadata, so these studies were cited only for claims that such information could support. Only English-language publications were included, which is likely to under-represent research published in Chinese, Japanese, Korean, Spanish and other languages, despite the deliberate inclusion of a regional platform.
The evidence base is heterogeneous in data sources, condition indicators, model classes, validation designs and outcome measures, and much of it concerns asphalt pavements, a small number of national databases and particular regions, notably North America, China and Japan. Quantitative synthesis of reported performance was neither feasible nor appropriate, and comparisons of performance across studies are therefore qualitative. Studies reporting favourable results are more likely to be published, which may lead the literature to overstate the benefits of AI methods. Long-term evidence on treatment effects and on the outcomes of AI-supported programmes is scarce, so several conclusions concern the absence of evaluation rather than evidence of ineffectiveness. The field is developing rapidly, particularly in RL, DTs and language-model applications, and studies published after the search period may alter the assessment of these emerging areas.
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