


Artificial Intelligence and Machine Learning in Banking: A Critical Narrative Synthesis of Application Domains, Methods and Emerging Research Gaps (2015–2024)
Abstract
Learning systems have moved from experimental pilots to embedded components of banking operations over the past decade, yet the scholarly evidence supporting that transition remains uneven in quality and unevenly distributed across the functions banks actually perform. This critical narrative review examines research published between 2015 and 2024 on the application of artificial intelligence and machine learning within banking, with attention to the methods employed, the strength of the evidence, and the questions that remain unresolved. The review synthesises peer-reviewed empirical and methodological work alongside supervisory and intergovernmental reporting, organising the literature around application domains, methodological practice, interpretability and fairness, and the governance interface rather than around individual studies. Five conclusions emerge. Predictive gains from complex learners over regularised parametric baselines are real but modest and highly sensitive to the evaluation criterion chosen; gains attributable to novel data sources appear larger and more durable than gains attributable to novel algorithms. Deep architectures have not established a consistent advantage over gradient-boosted trees on the tabular data that dominate retail banking. The evidence base is heavily concentrated in credit assessment and payment fraud detection, while treasury operations, supervisory analytics, internal control and customer relationship management are supported by markedly thinner empirical work. Recurrent methodological weaknesses, including reliance on small public benchmark datasets, temporally naive validation, informal handling of class imbalance, and evaluation detached from the economics of lending, limit confidence in reported performance differences and constrain their generalisability to deployed systems. Distributional and fairness consequences are demonstrated in specific mortgage and consumer credit markets but have not been established as general properties of algorithmic underwriting. Priority research needs include prospective evaluation of deployed systems, disclosure of temporal validation protocols, outcome measures aligned with portfolio economics and consumer welfare, and evidence from jurisdictions currently absent from the literature.
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1. Introduction
Banking has long been an applied statistics industry. Retail lenders have used quantitative scorecards since the middle of the twentieth century, and the discipline of credit scoring developed its methodological conventions, its benchmark datasets and its evaluation habits well before the recent expansion of computational learning methods. What changed during the decade from 2015 was not the introduction of statistical decision-making into banking but a shift in the class of functions that banks were willing to estimate, the volume and variety of data available to estimate them, and the range of operational processes in which estimated functions were permitted to act. That shift is what the terms artificial intelligence (AI) and machine learning (ML) denote in the banking literature, and the imprecision of those terms is itself a source of difficulty in reading the evidence.
Terminology requires care. Throughout this review, machine learning refers to algorithmic procedures that induce predictive functions from data without a fully pre-specified parametric form, encompassing tree ensembles, kernel methods, neural networks and their hybrids. Artificial intelligence is used more broadly to include machine learning together with rule-based expert systems, natural language processing, conversational agents and, latterly, foundation models. Supervisory authorities have adopted similarly broad definitions, and the Bank of England and Financial Conduct Authority (2024) treat artificial intelligence as the simulation of human intelligence by machines performing tasks that previously required human cognition. The breadth of the term matters because it permits studies of very different objects, a gradient-boosted probability of default model and a customer-service chatbot, to be aggregated under a single heading in reviews and adoption surveys, obscuring differences in evidentiary maturity that this review treats as central.
The empirical record of adoption is now reasonably firm at the level of the firm, if not at the level of the individual application. Supervisory survey evidence from the United Kingdom indicates that the proportion of regulated firms reporting use of artificial intelligence rose from 58 per cent in 2022 to 75 per cent in 2024, with a further 10 per cent planning adoption within three years (Bank of England & Financial Conduct Authority, 2024). The same survey reports that gradient boosting accounts for the largest single share of use cases at 32 per cent, that foundation models account for 17 per cent, and that 55 per cent of use cases involve some degree of automated decision-making while only 2 per cent are fully autonomous. Intergovernmental assessment has followed a similar trajectory, moving from a horizon-scanning posture (Financial Stability Board, 2017) to an assessment identifying third-party concentration, correlated model behaviour, cyber exposure and model governance as vulnerabilities warranting monitoring (Financial Stability Board, 2024). Adoption, in other words, is no longer in question. What remains contested is what adoption achieves, at what cost, for whom, and under what conditions the reported gains persist.
Academic attention has expanded correspondingly. Bibliometric mapping identifies rapid growth in publication volume and the emergence of distinguishable research clusters around credit risk, financial markets and behavioural questions (Ahmed et al., 2022; Goodell et al., 2021). Domain reviews have surveyed risk management applications (Leo et al., 2019), banking supervision (Guerra & Castelli, 2021), credit analysis (Sadok et al., 2022), customer-facing services (Hentzen et al., 2022), deep learning in credit scoring (Hayashi, 2022) and finance more generally (Mienye et al., 2024; Milana & Ashta, 2021). Broader syntheses have attempted to characterise the banking sector as a whole (Ghandour, 2021; Kalyani & Gupta, 2023; Königstorfer & Thalmann, 2020), and explainability has attracted dedicated review attention (Černevičienė & Kabašinskas, 2024). The field is therefore not under-reviewed. Recent reviews published near the end of the review window likewise describe a broad and rapidly expanding research landscape across banking and financial services, including risk, credit, detection, and other decision-oriented applications (Bahoo et al., 2024; Pattnaik et al., 2024). A broader review of machine learning in business and finance further underscores the methodological diversity of the field and the persistence of open research questions across application settings (Gao et al., 2024).
It is, however, unevenly reviewed, and the unevenness follows a recognisable pattern. Bibliometric studies characterise the shape of the literature without appraising it, so a heavily cited study with temporally naive validation contributes to a research cluster on the same terms as a study with a properly held-out out-of-time sample. Domain reviews appraise within a domain but seldom compare evidentiary maturity across domains, which leaves the impression that all banking applications rest on comparable foundations. Reviews oriented towards technique catalogue algorithmic variants and report accuracy comparisons drawn from primary studies without interrogating whether the comparisons were conducted on data, time horizons and evaluation criteria that make them meaningful for a bank. Several widely used syntheses were completed before the diffusion of foundation models and before supervisory expectations were codified in binding law, and their treatment of governance is correspondingly dated. The consequence is a literature in which the accumulation of reported performance improvements has outpaced scrutiny of whether those improvements are measured in ways that would survive contact with a lending portfolio, a supervisory review or a fair-lending challenge.
A second difficulty concerns the relationship between the technical and the economic literatures. Work published in operational research, expert systems and computing venues is largely concerned with predictive discrimination on benchmark data. Work published in finance and economics venues is largely concerned with market outcomes, distributional consequences and firm performance, and frequently uses learning methods instrumentally rather than as objects of study. These literatures cite each other sparingly. The result is that the question of whether more accurate models produce better lending, and for whom, sits in the gap between them. Studies demonstrating that a particular ensemble attains a higher area under the receiver operating characteristic curve on a public dataset (Lessmann et al., 2015) and studies demonstrating that the introduction of machine learning redistributes credit terms across borrower groups (Fuster et al., 2022) are addressing adjacent aspects of the same phenomenon without a shared analytical vocabulary.
1.1 Scope, Research Gap and Objectives
This review covers scholarly work published between 2015 and 2024 concerning the application of machine learning and artificial intelligence within banking institutions, together with supervisory and intergovernmental reporting bearing directly on that application. Foundational earlier work is included where it is necessary to explain the intellectual development of a method or a benchmark convention. The scope is defined by institutional function rather than by technique: applications are included when they support lending, deposit-taking, payments, financial crime control, customer relationship management, internal operations, risk measurement or supervisory interaction within banks and closely comparable credit institutions.
Several areas are deliberately excluded. Algorithmic trading, asset pricing, portfolio construction and market microstructure are outside the scope, since they concern securities markets rather than banking intermediation and possess a distinct methodological literature. Insurance underwriting is excluded for the same reason. Cryptocurrency analytics are excluded except where the methods bear directly on transaction monitoring within regulated banks. Central bank monetary policy modelling is excluded. Purely technical contributions that propose algorithmic variants without any banking data, banking evaluation criterion or banking application are excluded, as are studies of consumer attitudes that do not connect to a specific banking process.
The gap this review addresses is the absence of a synthesis that compares evidentiary maturity across banking application domains while simultaneously appraising the methodological practices that generate the evidence. Existing syntheses do one or the other. Mapping the literature by volume does not reveal that some domains rest on repeated evaluation against industry data while others rest on a handful of studies using small public datasets. Appraising technique within a single domain does not reveal that the appraisal criteria differ systematically across domains in ways that make cross-domain claims about the value of learning systems in banking unsupportable. Neither approach adequately confronts the divergence between technical performance literatures and economic outcome literatures, or the recent codification of governance expectations that changes what counts as an acceptable model.
The contribution is an integrated critical appraisal that treats domain, method, evaluation and governance as interdependent rather than separable concerns, and that states explicitly where the evidence supports confident conclusions, where it supports provisional ones, and where it supports none.
Four objectives follow. The first is to characterise the application domains in which learning systems are deployed in banking and to assess, domain by domain, the maturity and quality of the supporting evidence. The second is to evaluate the comparative performance claims made for different method families and to determine which claims are robust to changes in evaluation criterion, data source and validation protocol. The third is to identify the recurrent methodological weaknesses that limit the interpretation of reported results and to explain how those weaknesses relate to the structure of the field. The fourth is to derive a prioritised research agenda that distinguishes questions answerable with existing data from questions requiring new forms of evidence, particularly evidence from deployed rather than retrospective systems.
2. Methods for Literature Selection
2.1 Review Design and Rationale
A critical narrative design was selected in preference to a systematic review, scoping review or meta-analysis for reasons intrinsic to the material. The review question spans several disciplines with incompatible reporting conventions, ranging from operational research studies reporting classifier rankings on benchmark datasets to finance studies reporting regression coefficients on administrative loan data to supervisory surveys reporting adoption percentages. No common effect measure exists across these designs, so quantitative pooling would be misleading rather than merely imprecise. Where predictive performance is reported, it is reported against heterogeneous outcome definitions, observation windows and populations, and the same nominal metric can denote materially different quantities in different studies. A meta-analysis would therefore aggregate incommensurable quantities and present the result with unwarranted precision.
The review question is also interpretive rather than enumerative. It asks not how many studies report a positive finding but whether the conditions under which findings are generated permit the inferences drawn from them. That question requires appraisal of design decisions that structured extraction forms handle poorly, including the timing of validation splits relative to the data-generating process and the correspondence between the reported metric and the decision the model supports. Narrative synthesis accommodates that appraisal. The design does not, however, relieve the review of obligations of transparency or critical rigour. Guidance on narrative review conduct emphasises that the absence of a fixed protocol increases rather than reduces the need for explicit statement of scope, sources, selection reasoning and appraisal criteria, and the reporting below is structured accordingly (Leo et al., 2019; Sadok et al., 2022).
2.2 Information Sources
The following scholarly databases and indexes were searched: Crossref, the Directory of Open Access Journals, Semantic Scholar, OpenAIRE, EconBiz and Google Scholar. EconBiz was included as the principal disciplinary index for economics, business and finance, and provided coverage of banking and financial economics titles that general multidisciplinary indexes returned inconsistently. Crossref was used both for discovery and for bibliographic verification, since it provides authoritative metadata for the journals in which the relevant technical and financial literatures appear. Semantic Scholar and the Directory of Open Access Journals extended coverage to computing and open-access venues respectively, and OpenAIRE provided further coverage of European repository-deposited work.
Database searching was supplemented by targeted examination of institutional sources bearing directly on the topic, specifically the publication repositories of the Financial Stability Board, the Bank of England, the International Monetary Fund and the legislative database of the European Union. Backward citation searching was applied to the reference lists of the reviews and benchmark studies identified as central, and forward citation tracking was used to identify subsequent work responding to those studies. Related-article facilities were used where available. Records were checked for corrections, expressions of concern and retractions before inclusion.
Access to subscription-only indexes was not available during the preparation of this review, and no claim of coverage of such indexes is made. This limitation is revisited in the final section.
2.3 Search Strategy and Search Period
Search concepts were constructed from four elements: the technology, the institutional setting, the application function, and the evaluative dimension. The technology concept combined artificial intelligence, machine learning, deep learning, neural network, gradient boosting, random forest and, for later material, large language model and foundation model. The institutional concept combined bank, banking, credit institution, retail banking and financial institution. The application concept combined credit scoring, credit risk, default prediction, loan underwriting, fraud detection, money laundering, transaction monitoring, customer churn, chatbot, robo-advice, operational efficiency, bank failure, stress testing and supervision. The evaluative concept combined interpretability, explainability, fairness, discrimination, model risk, governance, regulation, validation and financial inclusion.
Terms within concepts were combined with the Boolean operator OR and concepts were combined with AND. A representative string, adapted to the syntax of each source, was: (“machine learning” OR “artificial intelligence” OR “deep learning”) AND (bank OR banking OR “credit institution”) AND (“credit scoring” OR “credit risk” OR “fraud detection” OR “money laundering” OR “bank failure” OR “customer service”). Narrower strings were run for each application domain and for each evaluative dimension, since combined strings returned surface coverage of every domain and adequate coverage of none. Where a source supported field restriction, searching was restricted to title, abstract and keyword fields; where it did not, general bibliographic searching was used and results were screened manually.
The publication window for the substantive evidence synthesis is 1 January 2015 to 31 December 2024. The starting year is defensible on intellectual grounds rather than convenience: the updated large-scale credit scoring benchmark of Lessmann et al. (2015) re-established the comparative baseline against which subsequent method claims in retail banking have been assessed, and it coincides with the point at which gradient-boosted ensembles and deep architectures began to appear together in banking applications. Foundational earlier publications were admitted where necessary to explain historical development, notably work establishing the feasibility of learning-based consumer credit risk modelling on institutional data (Khandani et al., 2010). The final search date was 29 June 2026. Records published after the close of the substantive window were used only to identify later reviews, corrections and post-window developments, and are identified as such wherever cited.
2.4 Eligibility Criteria
Peer-reviewed journal articles reporting original empirical work, methodological development or critical synthesis were eligible. Reports from recognised intergovernmental, supervisory and governmental bodies were eligible where they provided evidence on adoption, risk assessment or regulatory expectation that is not available from the peer-reviewed literature. Legislative instruments were eligible where they establish binding requirements bearing on banking applications.
Studies were required to concern banking or closely comparable credit provision, to involve a learning or artificial intelligence method as an object of study rather than an incidental tool, and to report sufficient methodological detail for the basis of any performance or outcome claim to be assessed. Publications were restricted to English language, which is acknowledged as a limitation. Excluded were preprints where peer-reviewed evidence on the same question was available, trade and promotional material, personal commentary without empirical or analytical content, conference abstracts lacking methodological detail, patents, and any source whose bibliographic identity could not be confirmed. Studies concerning securities trading, insurance underwriting, non-financial applications of the same methods, and consumer attitude surveys unconnected to a specific banking process were excluded as outside scope.
2.5 Screening, Duplicate Handling and Study Selection
Records retrieved from each source were assessed first on title and abstract against the scope and eligibility criteria, and records surviving that stage were assessed on full text where the full text was accessible. Where full text could not be obtained, the record was retained only if the abstract and indexed metadata were sufficient to support the specific claim for which it would be cited, and was otherwise excluded. Duplicates arising from overlapping source coverage were identified by Digital Object Identifier where present and by matching of author, title, journal and year where absent, with the version of record retained in preference to earlier posted versions. Where an accepted manuscript and a version of record differed in pagination or year, the version of record was used.
Selection at the full-text stage was purposive rather than exhaustive, consistent with the narrative design. Studies were selected for their contribution to the review question, judged on conceptual importance, methodological contribution, scale and quality of evidence, independent replication or confirmation, and demonstrable influence on subsequent work or on practice. Citation count was used as one signal among several rather than as a selection criterion, since heavily cited studies in this field include work whose validation practices have since been superseded, while more recent work identifying weaknesses in established results has necessarily accumulated fewer citations. Studies reporting negative, null or contrary findings were sought deliberately and retained, since the tendency of the applied literature to report favourable comparisons makes such studies disproportionately informative. No record counts are reported, since a formal screening log with reproducible counts was not maintained and a narrative review of this design does not require one.
2.6 Critical Appraisal and Evidence Synthesis
Evidence was appraised against criteria appropriate to the design of each study rather than through a single instrument. For predictive modelling studies, appraisal considered the provenance and representativeness of the data, whether validation was temporally ordered or randomly partitioned, whether hyperparameter selection was conducted inside or outside the validation loop, the treatment of class imbalance and of rejected applicants, the correspondence between the reported evaluation metric and the decision the model supports, the use of statistical comparison across multiple datasets, and the availability of code or data permitting verification. For observational studies of market or firm outcomes, appraisal considered identification strategy, treatment of confounding, sample construction, robustness reporting and the plausibility of the causal interpretation offered. For survey and adoption evidence, appraisal considered sampling frame, response characteristics, definitional consistency and whether reported quantities are self-assessed. Formal risk-of-bias scoring was not applied, since no validated instrument covers this range of designs and the reporting detail available would not support reliable scoring.
Synthesis proceeded thematically. Themes were developed from the material rather than imposed in advance, through iterative grouping of studies by the question they address, the mechanism they invoke and the evaluative standard they apply. Where studies disagreed, the review examined whether the disagreement is attributable to differences in data, population, time period, outcome definition, evaluation metric or identification strategy before considering whether it reflects genuine substantive dispute. Disagreements that dissolve under examination of measurement choices are reported as measurement artefacts; those that survive are reported as unresolved. Confidence in each principal conclusion is stated in the text and calibrated to the number of independent sources, the diversity of data on which they rest, and the severity of the methodological limitations identified.
3. Application Domains and the Uneven Distribution of Evidence
The most consequential observation about the banking literature on learning systems is that its coverage does not correspond to the operational importance of the functions it studies. Some functions attract sustained empirical attention with institutional data; others are represented by a small number of studies using convenience samples; a few operationally significant functions are effectively unstudied outside supervisory reporting. This section characterises the principal domains and states what the evidence in each will and will not support.
3.1 Credit assessment and portfolio risk
Credit assessment is the most heavily researched domain and the only one in which a genuine cumulative tradition exists. The tradition is organised around comparative benchmarking. Lessmann et al. (2015) compared 41 classification methods across eight retail credit scoring datasets using six performance measures, extending an earlier benchmark and establishing a reference point that subsequent studies have used to position their own contributions. The principal finding was that several methods, particularly heterogeneous ensembles, predict credit risk significantly more accurately than the logistic regression that has served as the industry standard. That finding is robust and has been repeatedly confirmed. Its practical significance is a separate question, addressed below.
The tradition has extended in three directions. The first concerns method class. Gunnarsson et al. (2021) compared deep learning architectures with conventional and ensemble methods across a substantial number of real-world credit scoring datasets, evaluating on several performance measures and applying both Bayesian and non-parametric statistical testing. Their conclusion was that deep learning does not appear to be an appropriate model class for credit scoring on this evidence and that extreme gradient boosting should be preferred when classification performance is the objective. This is a well-designed negative finding and it has not been overturned, though it applies to tabular application data rather than to settings where sequential or textual inputs are available.
The second direction concerns the reconciliation of performance with interpretability. Dumitrescu et al. (2022) responded directly to the observation that logistic regression persists as the industry benchmark not because it predicts best but because the opacity of ensembles is incompatible with regulatory requirements. Their penalised logistic tree regression uses rules extracted from short-depth decision trees as predictors within a penalised logistic model, capturing non-linear effects while preserving the interpretability of the parametric form. Across Monte Carlo simulation and four real credit default datasets, the method predicted significantly more accurately than logistic regression and competitively with random forests. The importance of this result is that it reframes the accuracy-interpretability relationship as a design problem rather than an unavoidable trade-off, at least within the range of non-linearity present in retail credit data.
The third direction concerns data rather than algorithms, and the evidence here is the strongest in the domain. Berg et al. (2020) demonstrated that variables derived from a digital footprint, meaning information left by users simply through accessing or registering on a website, matched the information content of credit bureau scores in predicting consumer default, and complemented rather than substituted for bureau information. Óskarsdóttir et al. (2019) combined call-detail records with credit and debit account information to construct scorecards for credit card applicants, applying social network analytics to propagate default influence through call networks, and reported significant improvement in area under the curve alongside gains under a profit measure. Kriebel and Stitz (2022) extracted default-relevant signal from borrower-written text in peer-to-peer lending using deep learning, demonstrating that unstructured inputs carry information beyond structured application variables. Bazarbash (2019) assessed machine learning applications to credit risk in the context of financial inclusion, and Mhlanga (2021) examined the same relationship in emerging economies. Taken together, this work supports a proposition that the benchmark literature does not: that the marginal return to new information sources exceeds the marginal return to new estimators applied to existing information.
Portfolio and downstream credit risk applications are less developed but growing. Nazemi and Fabozzi (2024) applied interpretable machine learning to creditor recovery rates, addressing the loss-given-default parameter that has attracted far less attention than probability of default despite comparable regulatory significance. Krivorotov (2023) modelled profit rather than default in credit card underwriting, with implications for how credit risk is conceived when the objective function is portfolio return. Bitetto et al. (2023) examined credit risk in small and mid-sized business lending, a segment where the informational environment differs materially from consumer credit. Fraisse and Laporte (2022) considered the return on artificial intelligence investment in the specific context of bank capital requirements, connecting model performance to regulatory capital consequences in a way that most of the technical literature does not attempt.
Set against this, the market-outcome literature reaches conclusions the technical literature is not equipped to reach. Fuster et al. (2022) predicted mortgage default using both traditional and machine learning models on United States data and found that Black and Hispanic borrowers were disproportionately less likely to gain from the introduction of machine learning; in an equilibrium credit market model, machine learning increased dispersion in rates both between and within groups, attributable principally to the greater flexibility of the estimator rather than to the incorporation of proxy characteristics. Bartlett et al. (2022) found that risk-equivalent Latinx and Black borrowers paid significantly higher interest rates on government-sponsored-enterprise-securitised and Federal Housing Administration-insured loans, estimating the cost to minority borrowers at over 450 million United States dollars annually, while finding that financial technology lenders exhibited rate disparities similar to those of other lenders for one loan category and lower disparities for another. These are findings about credit markets, not about classifiers, and they are the only findings in the domain that speak to welfare.
3.2 Financial crime detection
Payment fraud detection is the second domain with a substantial methodological tradition, and it is distinguished by a rare degree of realism about deployment conditions. Dal Pozzolo et al. (2018) framed credit card fraud detection as a problem defined by extreme class imbalance, concept drift and the delayed, partial and costly nature of feedback, since only a fraction of transactions are ever investigated and confirmed. Their contribution was a learning strategy designed around these constraints rather than around a static benchmark. Carcillo et al. (2021) extended the approach by combining unsupervised anomaly scoring with supervised classification, addressing the fact that supervised learning alone cannot detect fraud patterns absent from labelled history. Vanini et al. (2023) situated online payment fraud detection within a risk management framework, treating detection as one component of a control system rather than as a self-contained prediction task.
Anti-money laundering presents a harder problem and a correspondingly weaker evidence base. Chen et al. (2018) reviewed learning techniques for suspicious transaction detection and documented the field's structural difficulty: the true label is not fraud but a regulatory determination made downstream of the model, ground truth is scarce and delayed, and the operative constraint is analyst capacity rather than statistical performance. Gupta et al. (2022) identified data quality deficiencies as a first-order limitation on model performance in this setting, arguing that modelling improvements cannot compensate for defects in the underlying transaction and customer records. Tertychnyi et al. (2022) developed a time-aware and interpretable predictive monitoring approach, addressing both the temporal structure of the problem and the requirement that alerts be explicable to investigators. Reite et al. (2025) reported on machine learning applied to client risk classification with the explicit objective of improving detection efficiency rather than raw accuracy, which is the operationally relevant framing; this work postdates the substantive review window and is cited here as an indication of trajectory rather than as evidence within it.
The financial crime literature has an evidentiary advantage and a corresponding disadvantage. Its advantage is proximity to deployment: the leading studies use transaction data from operating institutions and evaluate against constraints that practitioners recognise. Its disadvantage is that data-sharing restrictions prevent independent replication, so central findings rest on single-institution evidence that cannot be verified externally. Supervisory reporting identifies anti-money laundering and fraud among the highest perceived current benefits of artificial intelligence in financial services (Bank of England & Financial Conduct Authority, 2024), and this perception is not matched by an equivalent volume of publicly verifiable evidence.
3.3 Customer-facing applications
Customer-facing applications are widely deployed and thinly evidenced. Hentzen et al. (2022) reviewed artificial intelligence in customer-facing financial services and found a literature dominated by adoption intention, attitudinal measurement and conceptual framework development, with limited evidence connecting deployment to service outcomes. Huang et al. (2024) examined whether chatbot customer service can match human agents on customer satisfaction and identified trust as central to the comparison, providing one of the few studies with a direct performance comparison against the incumbent alternative. Piehlmaier (2022) examined adoption of automated financial advice and found that overconfident investors disproportionately drive its expansion, a finding relevant to whether automated advice reaches those who would benefit most. Boustani (2022) examined the effects of artificial intelligence on both clients and employees in a developing-country banking context, addressing a dimension that the customer-experience literature generally neglects.
The gap between deployment and evidence is stark. Supervisory survey data indicate that an additional 36 per cent of firms expect to adopt artificial intelligence for customer support including chatbots within three years (Bank of England & Financial Conduct Authority, 2024), yet the peer-reviewed literature contains little evidence on complaint rates, resolution quality, differential service experience across customer segments, or the treatment of vulnerable customers by automated channels. Studies of adoption intention measured on convenience samples of respondents who have not used the system in question cannot substitute for this evidence.
3.4 Institutional risk, supervision and financial stability
Applications directed at the institution rather than the customer constitute a coherent and methodologically respectable body of work. Gogas et al. (2018) forecast bank failures using learning methods in a stress-testing frame. Petropoulos et al. (2020) predicted bank insolvencies on United States institutions and reported superior out-of-sample and out-of-time performance for random forests, with neural networks performing comparably out-of-time, and identified earnings and capital metrics within the CAMELS framework as the largest marginal contributors; they additionally assessed generalisation through application to a sample of major European banks. The use of out-of-time validation and cross-jurisdictional generalisation testing in this study is notable, since both practices are uncommon in the credit scoring literature.
At the system level, Kou et al. (2019) surveyed learning methods for systemic risk analysis across financial sectors, and Liu and Pun (2022) developed a supervised learning enhancement to systemic risk measurement. Daníelsson et al. (2022) approached the question from the opposite direction, treating artificial intelligence itself as a potential source of systemic risk through mechanisms including correlated model behaviour and the concentration of model and data provision. This concern is echoed in supervisory assessment, which identifies third-party dependencies and common models or datasets among the principal systemic vulnerabilities and reports that the top three third-party model providers account for 44 per cent of all named providers, up from 18 per cent two years earlier (Bank of England & Financial Conduct Authority, 2024; Financial Stability Board, 2024). Guerra and Castelli (2021) reviewed learning applications in banking supervision itself, and McCarthy (2023) analysed the regulatory challenges of supervisory and regulatory technology. Ozgur et al. (2021) applied learning methods to identify drivers of bank lending in an emerging economy, illustrating the use of these methods for explanatory rather than predictive purposes.
3.5 Operations, efficiency and firm performance
The firm-level performance literature is the least satisfactory of the domains reviewed, and the reason is measurement rather than neglect. Studies typically proxy artificial intelligence adoption using digital transformation indices, technology expenditure or textual disclosure counts, none of which distinguishes a bank operating consequential learning systems in underwriting from a bank that has replaced a document management platform. Ren et al. (2024) examined whether digital transformation increases bank profit efficiency using Chinese data, and Rahman (2023) examined the effect of business intelligence on bank operational efficiency and perceptions of profitability. Both are informative about digitalisation broadly. Neither isolates the contribution of learning systems specifically, and the tendency to describe such results as evidence about artificial intelligence overstates what the measurement supports.
A further constraint is geographical concentration. A substantial share of firm-level evidence originates from a small number of jurisdictions, particularly China, where disclosure practices and the pace of digital transformation differ from those elsewhere. Extrapolation from this evidence to banking systems with different competitive structures, regulatory regimes and legacy technology estates is not warranted on present evidence. Supervisory survey data offer a partial corrective, since they cover a defined regulated population and report use directly rather than by proxy, but they measure adoption and perception rather than performance.
Table 1 summarises the application domains against the character of the evidence supporting each, the dominant method families, and the principal limitation constraining inference. The table makes visible the review's central structural observation: evidentiary maturity varies by roughly an order of magnitude across domains that are treated as comparable in general syntheses, and the domains with the weakest evidence are not the least deployed. Credit assessment and payment fraud detection support cautious generalisation; customer-facing applications and firm-level performance do not, and claims about the value of artificial intelligence in banking that draw on all domains equally are therefore not defensible.
Table 1. Banking application domains for learning systems, dominant methods, character of the supporting evidence and principal limitation on inference
	Application domain
	Dominant method families
	Character of supporting evidence
	Principal limitation on inference
	Supporting references

	Retail credit assessment
	Regularised logistic regression; tree ensembles, principally gradient boosting; hybrid interpretable models
	Mature. Repeated multi-dataset benchmarking, several studies using institutional portfolios, independent replication of the principal comparative finding
	Heavy reliance on small and dated public benchmarks; validation frequently not temporally ordered; evaluation usually by discrimination rather than portfolio economics
	Chen et al. (2024); Dumitrescu et al. (2022); Gunnarsson et al. (2021); Jiang et al. (2023); Khandani et al. (2010); Lessmann et al. (2015)

	Alternative-data credit assessment
	Tree ensembles and deep architectures applied to digital footprint, network and textual inputs
	Developing but strong. Studies use institutional or platform data and report both discrimination and economic measures
	Few markets represented; consent, coverage and stability of data sources unassessed over time; findings not independently replicated across providers
	Bazarbash (2019); Berg et al. (2020); Kriebel & Stitz (2022); Mhlanga (2021); Óskarsdóttir et al. (2019)

	Downstream credit risk and portfolio parameters
	Interpretable ML for recovery rates; profit models; SME credit models
	Emerging. Small number of studies, generally on institutional or regulatory data
	Sparse coverage of loss given default and exposure parameters relative to probability of default; limited cross-market evidence
	Bitetto et al. (2023); Fraisse & Laporte (2022); Krivorotov (2023); Nazemi & Fabozzi (2024)

	Payment fraud detection
	Supervised classification with drift adaptation; unsupervised anomaly scoring; hybrid architectures
	Mature within its constraints. Leading studies use operating-institution transaction data and model imbalance, drift and delayed feedback explicitly
	Proprietary data prevent independent replication; single-institution findings; adversarial adaptation not observable retrospectively
	Carcillo et al. (2021); Dal Pozzolo et al. (2018); Vanini et al. (2023)

	Anti-money laundering and transaction monitoring
	Supervised classification; anomaly detection; temporal and process-aware models
	Weak to moderate. Review-level synthesis available; primary studies few and institution-specific
	Ground truth is a downstream regulatory determination rather than a verified outcome; data quality is a binding constraint; analyst capacity rather than accuracy is the operative limit
	Chen et al. (2018); Gupta et al. (2022); Reite et al. (2025); Tertychnyi et al. (2022)

	Customer-facing services and automated advice
	Conversational agents; recommendation and personalisation systems; automated advisory tools
	Weak. Literature dominated by adoption intention, attitudinal measurement and conceptual frameworks
	Little operational outcome evidence; convenience samples common; no disaggregation by customer vulnerability; deployment far ahead of evidence
	Boustani (2022); Hentzen et al. (2022); Huang et al. (2024); Piehlmaier (2022)

	Institutional risk, failure prediction and supervision
	Tree ensembles and neural networks on supervisory and accounting data
	Moderate to strong. Out-of-time validation and cross-jurisdictional generalisation testing are used
	Rare events limit sample size; regime change between estimation and application periods; supervisory data access restricts replication
	Gogas et al. (2018); Guerra & Castelli (2021); McCarthy (2023); Ozgur et al. (2021); Petropoulos et al. (2020)

	Systemic risk and financial stability
	Supervised enhancement of systemic risk measures; network and connectedness methods; conceptual analysis
	Emerging and divided between measurement studies and studies treating AI as a risk source
	Mechanisms proposed are largely untested empirically; concentration and correlation effects documented by supervisors rather than in peer-reviewed work
	Daníelsson et al. (2022); Financial Stability Board (2024); Kou et al. (2019); Liu & Pun (2022)

	Operations, efficiency and firm performance
	Panel regression on digitalisation and technology proxies; efficiency frontier methods
	Weak for AI specifically. Adoption measured by proxy rather than by observation of deployed systems
	Proxies do not distinguish learning systems from general digitalisation; geographical concentration; causal identification generally limited
	Bank of England & Financial Conduct Authority (2024); Rahman (2023); Ren et al. (2024)


Note. AI = artificial intelligence; ML = machine learning; SME = small and medium-sized enterprise. Characterisation of evidence reflects the appraisal criteria stated in Section 2.6 and applies to the literature published within the review window. Assessments are relative to other domains in this table rather than absolute.
4. Method Families and the Predictive Performance Question
The most frequently asked question in the applied literature is which method predicts best. It is also the question whose answer has proved least stable, and the instability is instructive.
4.1 The ensemble plateau
The comparative evidence converges on a narrow conclusion. Regularised parametric models are outperformed on discrimination measures by tree-based ensembles across a wide range of retail credit datasets, and this has been established repeatedly since Lessmann et al. (2015). Gradient-boosted variants have emerged as the preferred class within that family, and the preference is consistent across independent evaluations (Gunnarsson et al., 2021). Supervisory survey evidence indicates that practice reflects this: gradient boosting accounts for 32 per cent of reported use cases in United Kingdom financial services, more than three times the share of the next most common model type (Bank of England & Financial Conduct Authority, 2024).
The conclusion is narrow because the margin is narrow and the ranking is unstable within the ensemble family. Comparative studies frequently report differences in area under the curve in the second decimal place, and the ordering among gradient boosting, random forests and heterogeneous ensembles varies with dataset, tuning budget and evaluation measure. Lessmann et al. (2015) examined this explicitly by evaluating across six performance measures and by assessing the financial consequences of scorecard choice separately from statistical accuracy. The finding that assessment differs across indicators is at least as important as the finding that ensembles win, because it establishes that a single-metric comparison is insufficient to support a method recommendation. Much of the subsequent literature has not absorbed this lesson.
4.2 Deep architectures and the tabular data problem
Deep learning has not established a general advantage in banking applications, and the evidence for this is now reasonably strong. Gunnarsson et al. (2021) found deep architectures inappropriate for credit scoring relative to gradient boosting under systematic comparison. Hayashi (2022) surveyed the deep learning credit scoring literature and characterised it as emerging rather than established. Mienye et al. (2024) surveyed deep learning across finance more broadly and identified applications where sequential and unstructured data give deep architectures a genuine structural advantage, which is the appropriate qualification.
The qualification matters. Where the input is a fixed-length vector of application variables, the inductive biases of deep architectures offer little that tree ensembles do not already exploit. Where the input has sequential structure, as in transaction streams, or is textual, as in loan applications and correspondence, the position reverses. Kriebel and Stitz (2022) demonstrated predictive value in borrower-written text using deep learning, and this is a setting in which the architecture is doing work that tree ensembles on engineered features would not do as well. Talaat et al. (2024) integrated explainable techniques with deep learning for credit card default prediction, working within the same constraint. The defensible summary is that architecture choice should follow data structure, and that the literature's habit of comparing architectures on tabular benchmarks and generalising the result to banking as a whole is unsound in both directions.
4.3 The primacy of data over estimator
The most robust comparative finding in the domain is not about estimators at all. Gains attributable to new information sources have consistently exceeded gains attributable to new estimators applied to existing information. Berg et al. (2020) found that easily accessible digital footprint variables matched the information content of credit bureau scores, a magnitude of improvement that no estimator comparison in the benchmark literature approaches. Óskarsdóttir et al. (2019) reported significant discrimination improvement and profit gains from incorporating call network structure. Kriebel and Stitz (2022) extracted default-relevant information from text that structured variables did not contain.
The strategic implication for banks is different from the implication conveyed by the benchmarking literature. If the constraint on predictive performance is the informational content of the feature set rather than the flexibility of the estimator, then data acquisition, permissioning and quality are the binding constraints, and the model selection question is comparatively minor. This reframing also relocates the principal risks. Alternative data sources raise questions of consent, proxy discrimination, availability across population segments and stability over time that estimator selection does not raise. Berg et al. (2020) noted implications for access to credit among the unbanked and for the behaviour of consumers, firms and regulators, and these implications are more consequential than any reported difference between ensemble variants.
Table 2 compares the principal method families against the evidence supporting their use, the settings in which each is best supported, and the qualifications that apply. Its purpose is to replace the ranking question with a conditional one. Read alongside Table 1, it indicates that the domains where method choice has been most thoroughly investigated are not the domains where method choice matters most, since in fraud and anti-money laundering the operative constraints are label availability, drift and investigative capacity rather than estimator flexibility.
Table 2. Method families in banking applications: settings in which each is best supported, strength of the supporting evidence and qualifications
	Method family
	Setting in which best supported
	Strength of evidence
	Principal qualification
	Supporting references

	Regularised parametric models
	Regulated credit decisions requiring documented functional form; small samples; settings where justification standards are demanding
	Strong as a baseline. Outperformed on discrimination but never shown to be unusable
	Discrimination deficit relative to ensembles is consistent, though modest and dependent on the evaluation criterion applied
	Dumitrescu et al. (2022); Lessmann et al. (2015)

	Tree ensembles, principally gradient boosting
	Tabular application and behavioural data in retail credit, fraud and institutional failure prediction
	Strong and repeatedly replicated across datasets and jurisdictions
	Ordering within the ensemble family is unstable across datasets, tuning budgets and metrics; opacity raises justification requirements
	Bank of England & Financial Conduct Authority (2024); Gunnarsson et al. (2021); Jiang et al. (2023); Lessmann et al. (2015); Petropoulos et al. (2020)

	Hybrid interpretable models
	Credit decisions where non-linearity is material and the parametric form must be retained for justification
	Moderate. Demonstrated on simulated and multiple real credit datasets; fewer independent replications than for ensembles
	Advantage depends on the degree of non-linearity present; performance relative to ensembles is competitive rather than superior
	Chen et al. (2024); Dumitrescu et al. (2022)

	Deep architectures on tabular data
	Not established for this setting
	Negative finding, systematically tested with statistical comparison
	Applies to fixed-length application vectors; should not be extended to sequential or textual inputs
	Gunnarsson et al. (2021); Hayashi (2022)

	Deep architectures on sequential and textual data
	Transaction sequences; borrower-written text; unstructured documentation
	Moderate and growing. Architecture confers a structural advantage that feature engineering does not replicate
	Few studies; institutional data rarely available; explanation requirements are more demanding than for tabular models
	Kriebel & Stitz (2022); Mienye et al. (2024); Talaat et al. (2024)

	Unsupervised and hybrid anomaly detection
	Fraud and transaction monitoring where labelled history does not cover emerging patterns
	Moderate. Demonstrated on operating-institution data
	Alert volume rather than detection rate is frequently the binding constraint; evaluation standards are not comparable across studies
	Carcillo et al. (2021); Dal Pozzolo et al. (2018); Vanini et al. (2023)

	Network and relational methods
	Credit assessment using call or transaction networks; monitoring of connected entities
	Moderate. Reported gains in both discrimination and profit on combined institutional datasets
	Data availability is exceptional rather than typical; privacy and consent constraints limit transferability
	Kou et al. (2019); Óskarsdóttir et al. (2019)


Note. Strength of evidence refers to the number of independent evaluations, the diversity of data on which they rest and the rigour of the comparison, appraised as described in Section 2.6. Settings are stated at the level of data structure and decision context rather than by product.
5. Recurrent Methodological Weaknesses
The performance claims surveyed above are generated by research practices that vary widely in rigour. Four weaknesses recur with sufficient frequency to affect the interpretation of the literature as a whole.
5.1 Evaluation criteria detached from banking objectives
The dominant evaluation measure in credit scoring research is the area under the receiver operating characteristic curve, which summarises ranking quality across all decision thresholds. Banks do not operate across all thresholds. They set a cut-off, accept above it, and realise a return determined by the interest earned on accepted accounts that perform, the loss incurred on those that do not, and the opportunity cost of applicants declined. A model that ranks well overall may rank poorly in the region of the cut-off where decisions are actually made, and two models with indistinguishable area under the curve may differ materially in portfolio return.
A minority literature has taken this seriously. Lessmann et al. (2015) assessed the financial impact of alternative scorecards alongside statistical accuracy. Kozodoi et al. (2019) developed profit-driven feature selection using a multi-objective formulation, making the economic objective explicit at the model construction stage rather than at evaluation. Krivorotov (2023) modelled profit directly in credit card underwriting. Óskarsdóttir et al. (2019) reported profit alongside discrimination and found that the ranking of alternatives could differ between the two. The existence of this literature demonstrates that profit-aware evaluation is feasible; its minority status demonstrates that the field has not adopted it. The practical consequence is that a substantial proportion of reported performance improvements cannot be interpreted as improvements in lending outcomes, and should not be described as such.
5.2 Class imbalance, temporal validity and leakage
Default and fraud are rare events, and the handling of the resulting class imbalance is frequently informal. Resampling is often applied without clear statement of whether it was applied before or after the validation split, a distinction that determines whether reported performance is contaminated. Jiang et al. (2023) benchmarked imbalanced data learning approaches for credit scoring systematically and found that the choice of imbalance treatment interacts with the choice of classifier, so results obtained under one combination do not transfer to another. Chen et al. (2024) addressed interpretable modelling specifically for imbalanced credit scoring datasets, recognising imbalance as a first-order design constraint rather than a preprocessing detail.
Temporal validity is a more serious and less acknowledged problem. Credit and fraud data are generated by processes that change: macroeconomic conditions shift, product terms change, fraud typologies adapt in response to detection. Random partition of a pooled dataset into training and test sets permits information from later periods to inform predictions about earlier ones and produces performance estimates that systematically overstate what the model would achieve in deployment. Out-of-time validation is standard in the bank failure literature (Petropoulos et al., 2020) and is common in the fraud literature, where drift is explicitly modelled (Dal Pozzolo et al., 2018), but it is not standard in credit scoring research. Kapoor and Narayanan (2023) documented leakage as a systematic source of irreproducibility across machine-learning-based science, cataloguing failure modes including temporal leakage, duplication between training and test partitions, and selection of preprocessing decisions using test data. Their analysis is not specific to banking, but every failure mode they identify is present in the banking literature, and there is no reason to expect banking research to be exempt.
The consequence is that the second-decimal-place differences on which method recommendations are frequently based are of the same order as the inflation that leakage can introduce. Where validation protocol is not reported in sufficient detail to exclude leakage, and this is common, the appropriate response is to treat the reported difference as uninformative rather than as small.
5.3 Benchmark datasets and external validity
A large share of credit scoring research is conducted on a small number of public datasets, several of which are decades old, contain a few hundred to a few thousand records, and originate from credit markets and product structures that no longer exist in the form represented. Lessmann et al. (2015) mitigated this by combining public datasets with data collected from major financial institutions, and the studies with the greatest claim to external validity are consistently those using institutional data (Berg et al., 2020; Óskarsdóttir et al., 2019; Bitetto et al., 2023; Khandani et al., 2010).
The persistence of small public benchmarks is a rational response to a genuine constraint, since banking data are confidential and the alternative to public benchmarks is often no empirical evaluation at all. The consequence is nonetheless serious. Repeated evaluation of successive method proposals on the same small datasets constitutes collective overfitting to those datasets, in which methods are selected for their fit to idiosyncratic features of particular samples rather than for properties that generalise. The magnitude of this effect in the credit scoring literature has not been quantified, and it is not currently possible to determine how much of the accumulated ensemble advantage would survive evaluation on contemporary institutional portfolios.
5.4 Reject inference and the unobserved counterfactual
Scorecards are estimated on accepted applicants, whose outcomes are observed, but applied to the full applicant population including those who would previously have been declined. The resulting selection problem is well recognised in credit scoring and has attracted methodological attention. Mancisidor et al. (2020) applied deep generative models to reject inference, treating the missing outcomes as a structured missing data problem. The broader literature, however, frequently proceeds without addressing selection, and does so without stating that the resulting performance estimates apply to a population that differs from the deployment population in a manner correlated with the outcome of interest.
The issue is not merely technical. Selection interacts with distributional questions, since applicants declined under a historical policy are unlikely to be distributed evenly across borrower groups, and a model trained on the survivors of a selective process inherits the properties of that process. Fuster et al. (2022) provide the clearest demonstration of the general point that estimation flexibility redistributes outcomes, and reject inference is one mechanism through which such redistribution can occur without appearing in any accuracy measure.
Table 3 sets out these limitations with their consequences for interpretation and the studies that have addressed each. The pattern it reveals is that solutions exist for every weakness identified and that adoption of those solutions is the exception. This suggests that the barrier is incentive and convention rather than knowledge, since a study reporting an out-of-time-validated, profit-evaluated, selection-corrected comparison will report smaller margins than a study omitting these controls, and smaller margins are harder to publish.
Table 3. Recurrent methodological limitations in the banking literature, their consequences for interpretation and the remedies demonstrated within the field
	Limitation
	Consequence for interpretation
	Remedy demonstrated in the literature
	Supporting references

	Discrimination measures used as the sole evaluation criterion
	Reported improvements cannot be translated into lending outcomes; model rankings may reverse under an economic criterion, so a method recommendation based on one metric is unsupported
	Expected profit and cost-sensitive evaluation reported alongside discrimination; profit-driven feature selection at the construction stage
	Kozodoi et al. (2019); Krivorotov (2023); Lessmann et al. (2015); Óskarsdóttir et al. (2019)

	Randomly partitioned rather than temporally ordered validation
	Performance estimates systematically overstate deployment performance because information from later periods informs predictions about earlier ones
	Out-of-time validation with explicit split points; assessment of generalisation on an external sample
	Dal Pozzolo et al. (2018); Kapoor & Narayanan (2023); Petropoulos et al. (2020)

	Informal or undocumented handling of class imbalance
	Reported gains may reflect the imbalance treatment rather than the classifier; results do not transfer across classifier and treatment combinations
	Systematic benchmarking of imbalance treatments crossed with classifiers; interpretable modelling designed for imbalanced data
	Chen et al. (2024); Jiang et al. (2023)

	Leakage between preprocessing, tuning and evaluation
	Differences of the magnitude typically reported are of the same order as leakage-induced inflation, so small reported margins are uninformative
	Explicit statement of the position of preprocessing and hyperparameter selection relative to the validation split
	Kapoor & Narayanan (2023)

	Repeated evaluation on small and dated public benchmarks
	Collective overfitting to idiosyncratic sample features; external validity to contemporary portfolios unestablished
	Evaluation on institutional portfolios, alone or combined with public datasets
	Berg et al. (2020); Bitetto et al. (2023); Khandani et al. (2010); Lessmann et al. (2015); Óskarsdóttir et al. (2019)

	Selection induced by historical acceptance policy left uncorrected
	Performance estimates apply to accepted applicants rather than to the population scored in deployment, with the difference correlated with the outcome of interest
	Reject inference treated as a structured missing-data problem
	Fuster et al. (2022); Mancisidor et al. (2020)

	Adoption measured by digitalisation or expenditure proxies
	Firm-level associations cannot be attributed to learning systems specifically; effects of general digitalisation are misreported as effects of artificial intelligence
	Direct observation of use cases and model types within a defined regulated population
	Bank of England & Financial Conduct Authority (2024); Rahman (2023); Ren et al. (2024)

	Reliance on proprietary single-institution data without replication
	Central findings in fraud and transaction monitoring cannot be independently verified; publication bias towards favourable results cannot be assessed
	No general remedy demonstrated; partial mitigation through review-level synthesis and reporting of data quality constraints
	Chen et al. (2018); Gupta et al. (2022)


Note. Limitations are listed in the order in which they are discussed in Section 5. The remedy column identifies practices demonstrated within the reviewed literature rather than practices proposed in methodological guidance elsewhere.
6. Interpretability, Fairness and the Governance Interface
The questions that determine whether a model can be deployed in a regulated bank are not primarily questions of accuracy. They concern whether the model's behaviour can be explained to a supervisor, justified to a declined applicant, and shown not to produce prohibited distributional effects. The literature addressing these questions is substantial but internally divided in ways that the term explainability tends to conceal.
6.1 Post hoc explanation and inherent interpretability
Two positions are held in the literature and they are not reconcilable by compromise. The first holds that complex models can be deployed with post hoc explanation attached, using techniques that attribute predictions to input features. Bussmann et al. (2021) applied Shapley-value explanation to credit risk models and demonstrated that meaningful attributions can be recovered from complex learners. Giudici and Raffinetti (2021) developed a Shapley-Lorenz decomposition intended to provide explanation with an accompanying measure of predictive contribution. Dastile et al. (2022) developed model-agnostic counterfactual explanations for credit scoring, addressing the specific requirement that a declined applicant be told what would have changed the decision. Talaat et al. (2024) integrated explanation with deep learning for default prediction. Heger et al. (2024) applied explainable methods to credit spread analysis. Practice has followed this position: 81 per cent of firms using artificial intelligence report employing some explainability method, with feature importance used by 72 per cent and Shapley additive explanations by 64 per cent (Bank of England & Financial Conduct Authority, 2024).
The second position holds that post hoc explanation of an opaque model is unreliable and that high-stakes decisions should use models that are interpretable by construction. Rudin (2019) argued this directly, on grounds that post hoc explanations are approximations of the model rather than descriptions of it, that competing explanation methods can yield different attributions for the same prediction, and that the accuracy sacrifice from inherently interpretable models is smaller than commonly assumed in structured-data settings. The credit scoring evidence supports the empirical component of this argument. Dumitrescu et al. (2022) achieved performance competitive with random forests while retaining the interpretability of a penalised logistic model, and Chen et al. (2024) pursued inherent interpretability in the imbalanced setting.
The disagreement is not primarily empirical. Both positions accept that ensembles predict marginally better and that post hoc attributions are approximations. They differ on whether an approximation is adequate for a decision that must be justified to a regulator and to an affected individual, and that is a question about the standard of justification rather than about model performance. Černevičienė and Kabašinskas (2024) reviewed explainable artificial intelligence in finance and documented both the proliferation of techniques and the absence of agreed criteria for evaluating whether an explanation is adequate. Until such criteria exist, the field cannot resolve the dispute, and the reasonable position is that the choice depends on the consequence of the decision and the applicable justification standard rather than on a general property of the methods.
6.2 Fairness: measurement, mitigation and cost
Fairness research in credit has developed rapidly and has produced findings that are more precise than the general discussion of algorithmic bias suggests. Kozodoi et al. (2022) examined statistical fairness criteria for adequacy in credit scoring, catalogued algorithmic options for incorporating fairness objectives, and compared fairness processors empirically in a profit-oriented setting using real data. They found that multiple fairness criteria can be approximately satisfied simultaneously, recommended separation as an appropriate criterion for scorecard fairness, found in-processing methods to deliver a favourable balance between profit and fairness, and concluded that algorithmic discrimination can be reduced to a reasonable level at relatively low cost. This last finding is important because the cost of fairness constraints is frequently asserted to be prohibitive without empirical support.
The market-outcome literature complicates rather than contradicts this. Fuster et al. (2022) attributed the redistributive effect of machine learning principally to the greater flexibility of the estimator rather than to triangulation of excluded characteristics, which implies that removing protected attributes and their obvious proxies does not eliminate the effect: flexible estimators find structure that varies across groups because the underlying relationships vary across groups. Bartlett et al. (2022) documented substantial pricing disparities for risk-equivalent minority borrowers in United States mortgage markets while finding that financial technology lenders were not uniformly worse than incumbents and were better in some segments. The apparent tension between these findings and the optimistic mitigation results of Kozodoi et al. (2022) is largely a difference in question: the former examine outcomes in markets with particular institutional and regulatory features, the latter examine what can be achieved within a model development pipeline when fairness is an explicit objective. Both can be correct.
There is, however, a genuine unresolved question underneath. A body of work argues that alternative data and flexible estimation extend credit to populations that thin-file scoring excludes (Bazarbash, 2019; Berg et al., 2020; Mhlanga, 2021; Óskarsdóttir et al., 2019), while the market-outcome work documents differential gains and persistent disparities (Bartlett et al., 2022; Fuster et al., 2022). These are not necessarily contradictory, since extension of access at the margin and redistribution of terms among the already-served can occur simultaneously, but no study has measured both effects in the same market with a common framework. Until one does, claims that algorithmic underwriting improves or worsens equity in credit access are underdetermined by the evidence, and the honest statement is that the net effect is unknown and probably context-dependent.
6.3 Governance and the regulatory interface
Governance requirements have moved from guidance to binding law within the review period. Regulation (EU) 2024/1689 classifies artificial intelligence systems used to evaluate creditworthiness or establish credit scores of natural persons as high-risk, subjecting them to requirements including risk management, data governance, technical documentation, record-keeping, transparency, human oversight and accuracy and robustness obligations. This places the interpretability dispute discussed above on a statutory footing for European deployment, since the demonstrability of compliance rather than the availability of an explanation becomes the operative standard.
Supervisory evidence indicates that governance practice is developing but incomplete. Eighty-four per cent of firms report an accountable person for their artificial intelligence framework, yet 46 per cent report only partial understanding of the technologies they use against 34 per cent reporting complete understanding, with the gap attributed principally to third-party models (Bank of England & Financial Conduct Authority, 2024). The same source records that a third of use cases are third-party implementations, up from 17 per cent two years earlier, and that supplier concentration in model provision has risen sharply. Accountability assigned to a firm that does not fully understand a model it did not build is accountability of limited operational content, and this is a governance problem that the academic literature has barely begun to address. Guerra and Castelli (2021) and McCarthy (2023) examine supervisory and regulatory technology, but the specific question of how model risk management functions when the model is procured rather than developed is largely absent from peer-reviewed work.
Financial stability assessment has converged on a similar set of concerns, identifying third-party dependency and provider concentration, correlated market behaviour arising from common models and data, cyber exposure, and model risk and data governance as the vulnerabilities warranting monitoring (Financial Stability Board, 2024). Daníelsson et al. (2022) provide the principal academic treatment of the systemic dimension. The imbalance between the volume of supervisory concern and the volume of academic evidence on these mechanisms is among the clearest gaps identified in this review.
Table 4 sets out the principal disagreements identified in this review, the evidence on each side, and the most plausible explanation for the disagreement. Several apparent controversies dissolve on inspection into differences of question, population or measurement, which is itself a finding: the field's disputes are frequently conducted between literatures that are not addressing the same object. The disagreements that survive this analysis, particularly the net distributional effect of algorithmic underwriting and the adequacy of post hoc explanation, are the ones that warrant research investment.
Table 4. Principal disagreements in the literature, the evidence on each side and the most plausible explanation for the divergence
	Point of disagreement
	One position and its evidence
	Opposing position and its evidence
	Most plausible explanation for divergence
	Supporting references

	Whether complex learners materially improve credit decisions
	Ensembles outperform parametric baselines on discrimination across many datasets
	Margins are modest, unstable across metrics, and have not been shown to change portfolio outcomes
	Difference of criterion rather than of finding: statistical and economic evaluations answer different questions, and few studies report both
	Kozodoi et al. (2019); Krivorotov (2023); Lessmann et al. (2015)

	Whether deep learning is suited to banking data
	Deep architectures underperform gradient boosting on credit scoring under systematic comparison
	Deep architectures add value where inputs are sequential or textual
	Genuine but resolved: the disagreement dissolves once data structure is specified, and the positions apply to different input types
	Gunnarsson et al. (2021); Hayashi (2022); Kriebel & Stitz (2022); Mienye et al. (2024)

	Whether post hoc explanation is adequate for high-stakes credit decisions
	Attribution methods recover meaningful explanations and are widely used in practice
	Post hoc explanations approximate rather than describe the model; inherently interpretable models achieve comparable accuracy
	Unresolved. The dispute concerns the required standard of justification rather than model performance, and no agreed criteria for explanation adequacy exist
	Bussmann et al. (2021); Černevičienė & Kabašinskas (2024); Dastile et al. (2022); Dumitrescu et al. (2022); Giudici & Raffinetti (2021); Rudin (2019)

	Whether algorithmic underwriting improves or worsens equity in credit
	Alternative data and flexible estimation extend access to thin-file and excluded populations
	Flexible estimation redistributes terms unequally and substantial disparities persist for risk-equivalent borrowers
	Unresolved. The two literatures measure different margins, extensive and intensive, and no study measures both in a single market
	Bartlett et al. (2022); Bazarbash (2019); Berg et al. (2020); Fuster et al. (2022); Mhlanga (2021)

	Whether fairness constraints are costly to impose
	Multiple criteria can be approximately satisfied at once and discrimination reduced at relatively low profit cost
	Market evidence shows persistent disparities that model-level mitigation has not removed
	Difference of level rather than of finding: pipeline-level mitigation and market-level outcomes are distinct objects, and the former does not determine the latter
	Bartlett et al. (2022); Fuster et al. (2022); Kozodoi et al. (2022)

	Whether artificial intelligence adoption improves bank performance
	Digitalisation is associated with higher profit efficiency and perceived operational benefit
	Adoption is measured by proxies that do not isolate learning systems, and identification is generally weak
	Measurement artefact rather than substantive dispute: the positive association is credible for digitalisation broadly but does not support inference about learning systems
	Bank of England & Financial Conduct Authority (2024); Rahman (2023); Ren et al. (2024)

	Whether artificial intelligence increases systemic risk
	Concentration in model and data provision and correlated model behaviour are plausible amplification channels identified by supervisors
	The mechanisms remain largely conceptual and have not been demonstrated empirically
	Unresolved and empirically open: supervisory concern rests on structural observation while academic evidence on the mechanisms is minimal
	Daníelsson et al. (2022); Financial Stability Board (2024); Liu & Pun (2022)


Note. Disagreements are classified as resolved, artefactual or unresolved on the basis of whether the divergence survives examination of the question, population, level of analysis and measurement choices adopted by the studies concerned, following the procedure described in Section 2.6.
7. Structural Asymmetries in the Evidence Base
The gaps identified in the preceding sections are not randomly distributed. They follow from the structure of the field, and understanding that structure is necessary for a research agenda that is more than a list of topics.
The first asymmetry is between retrospective and prospective evidence. Almost the entire literature evaluates models on historical data. Almost none evaluates deployed systems prospectively. The distinction matters because a deployed model changes the population it scores: applicants respond to observed decision rules, staff exercise discretion around model output, portfolios shift composition in response to acceptance policy, and adversaries adapt to detection. None of these feedback effects is observable in retrospective evaluation, and all of them can reverse conclusions drawn from it. Fraisse and Laporte (2022) examined return on artificial intelligence investment through the capital requirement channel and represent one of the few studies connecting model deployment to a realised institutional outcome. The near-absence of prospective evaluation is the single largest gap in the evidence base.
The second asymmetry is between technical and welfare outcomes. Predictive discrimination is measured routinely; portfolio return is measured occasionally; consumer outcomes such as access, pricing, default experience and complaint incidence are measured rarely, and then almost exclusively in mortgage markets in the United States (Bartlett et al., 2022; Fuster et al., 2022). Whether the distributional findings from that setting generalise to unsecured consumer credit, to small business lending, or to jurisdictions with different fair lending regimes and credit reporting infrastructure is unknown. No study identified in this review examines those questions in a European, African or Asian retail credit market with comparable identification rigour.
The third asymmetry is geographical and follows from data availability. Institutional-data studies cluster where data access has been negotiated, and firm-level performance studies cluster where disclosure practices permit proxy construction. Neither pattern reflects the distribution of banking activity. Emerging-market evidence exists (Bazarbash, 2019; Boustani, 2022; Mhlanga, 2021; Ozgur et al., 2021) but is thinner and less frequently based on transaction-level institutional data. The financial inclusion argument for algorithmic credit assessment is made most strongly in relation to markets from which the least rigorous evidence originates, which is an uncomfortable position for the argument.
The fourth asymmetry concerns the unit of analysis. The technical literature studies models; the finance literature studies firms and markets; the supervisory literature studies firms and systems. The intermediate unit, the decision process within which a model operates alongside human judgement, policy rules and operational constraint, is studied by almost no one. Yet supervisory data indicate that this is where most deployment actually sits, with 55 per cent of use cases involving some automated decision-making but only 2 per cent fully autonomous (Bank of England & Financial Conduct Authority, 2024). A literature that studies either isolated models or aggregate firm outcomes has no purchase on the sociotechnical system in which the great majority of banking artificial intelligence operates.
Table 5 translates these asymmetries into research priorities, stating for each the unresolved problem, why current evidence is inadequate and the design that would materially advance the question. The priorities are ordered by the expected reduction in decision-relevant uncertainty rather than by tractability, and the immediate priorities are distinguished from those requiring longer-term infrastructure.
Table 5. Prioritised research agenda: unresolved problems, inadequacy of current evidence, appropriate designs and expected contribution
	Priority and horizon
	Unresolved problem and why current evidence is inadequate
	Appropriate design and outcome measures
	Context and scale required
	Supporting references

	Prospective evaluation of deployed models (immediate)
	No reliable estimate of how much retrospectively measured advantage survives deployment; retrospective designs cannot observe applicant response, staff override or adversarial adaptation
	Prospective cohort or staged rollout scoring the same applicant flow with incumbent and learning-based models; realised portfolio return, default at fixed acceptance rate, override frequency and direction, complaint incidence
	One or more operating banks over a full outcome cycle; supervisory or institutional sponsorship permitting publication
	Fraisse & Laporte (2022); Lessmann et al. (2015); Petropoulos et al. (2020)

	Temporal validation standards and leakage quantification (immediate)
	Reported differences are not comparable across studies because validation protocols differ and are frequently unreported; leakage-induced inflation in banking research has never been estimated
	Re-evaluation of published banking models under strictly temporal validation; reporting convention covering observation window, split point, position of preprocessing and tuning, and treatment of rejected applicants
	Multi-study methodological programme; adoption by journals in operational research and applied computing
	Kapoor & Narayanan (2023); Petropoulos et al. (2020)

	Routine economic evaluation of model choice (immediate)
	Discrimination measures do not identify which model produces better lending; profit-aware evaluation is demonstrated but not normalised
	Expected profit or cost-sensitive measures reported alongside discrimination, with stated cost structure and acceptance rate and sensitivity of method ranking to both
	Applicable to existing datasets; no new data required
	Kozodoi et al. (2019); Krivorotov (2023); Óskarsdóttir et al. (2019)

	Operational evidence on customer-facing automation (immediate)
	Deployment is expanding while evidence is confined to adoption intention and average satisfaction; attitudinal measures do not predict outcomes and do not address differential experience
	Operational channel data comparing resolution rate, escalation, time to resolution, repeat contact and complaints between automated and human channels, disaggregated by customer characteristics including vulnerability indicators
	Retail banks with deployed conversational channels; conduct regulator engagement
	Hentzen et al. (2022); Huang et al. (2024); Piehlmaier (2022)

	Net distributional effect of algorithmic underwriting (longer term)
	Access extension and term redistribution have never been measured together in one market, so the net welfare effect is undetermined and both optimistic and pessimistic claims exceed the evidence
	Application-level data including declined applicants, with realised pricing and performance outcomes, spanning a change in underwriting methodology, in a market permitting observation or credible imputation of protected characteristics
	Market-wide data; most plausible as a supervisory or central bank undertaking
	Bartlett et al. (2022); Berg et al. (2020); Fuster et al. (2022); Kozodoi et al. (2022)

	Model risk governance for procured systems (longer term)
	Accountability frameworks assume the accountable firm understands the model, and supervisory evidence indicates this frequently fails for third-party implementations whose share and concentration are rising
	Comparative qualitative study of validation practice, contractual arrangements, testing access and escalation across institutions and providers, followed by quantitative assessment of behavioural correlation under common model provision
	Cross-institutional access; supervisory facilitation
	Bank of England & Financial Conduct Authority (2024); Daníelsson et al. (2022); Financial Stability Board (2024); McCarthy (2023)

	Geographical extension of institutional-data evidence (longer term)
	Conclusions drawn from a small set of markets are applied to banking generally, and inclusion claims are strongest where evidence is weakest; access rather than method has determined where research occurs
	Replication of established designs on portfolios outside currently represented jurisdictions, enabling cross-market comparison rather than new method development
	Data-access infrastructure through supervisory intermediation, secure research environments or privacy-preserving computation
	Bazarbash (2019); Boustani (2022); Mhlanga (2021); Ozgur et al. (2021)


Note. Horizon denotes whether the priority is pursuable with existing data and institutional relationships (immediate) or requires new data access arrangements or market-wide evidence (longer term). Priorities are ordered by expected reduction in decision-relevant uncertainty rather than by tractability.
8. Future Directions
Four priorities are immediate in the sense that they can be pursued with existing data and institutional relationships. The first is prospective evaluation of deployed models. The unresolved problem is that no reliable estimate exists of how much of the retrospectively measured performance advantage of learning systems survives deployment. Current evidence is inadequate because retrospective evaluation cannot observe feedback between decision rule and applicant population, cannot capture staff override behaviour, and cannot represent adversarial adaptation in fraud settings. The appropriate design is a prospective cohort study within a bank in which a learning-based and an incumbent model score the same applicant flow over a defined period, with realised outcomes tracked to maturity for both, or a staged rollout with cohort comparison where randomisation is not feasible. Relevant outcome measures are realised portfolio return, default rate at fixed acceptance rate, override frequency and direction, and complaint and dispute incidence. Such a study requires a supervisory or institutional sponsor willing to permit publication, and the implication for policy is that supervisors could require or encourage disclosure of such evaluations as a condition of model approval for high-materiality applications.
The second immediate priority is standardisation of temporal validation and its reporting. The problem is that reported performance differences are not comparable across studies because validation protocols differ and are frequently unreported. Existing evidence is inadequate because the magnitude of leakage-induced inflation in banking research has never been estimated, though its existence across machine-learning-based science is documented (Kapoor & Narayanan, 2023). The appropriate response combines a methodological study re-evaluating a set of published banking models under strictly temporal validation to quantify the inflation, and a reporting convention specifying the observation window, the temporal split point, the position of preprocessing and hyperparameter selection relative to the split, and the treatment of rejected applicants. Journals in operational research and applied computing are positioned to require this, and the effect would be to make subsequent comparisons interpretable.
The third immediate priority is routine economic evaluation. The problem is that discrimination measures do not identify which model produces better lending. The evidence is inadequate because profit-aware evaluation exists as a demonstrated capability (Kozodoi et al., 2019; Krivorotov, 2023; Lessmann et al., 2015; Óskarsdóttir et al., 2019) but not as a norm, so most reported improvements cannot be translated into institutional outcomes. The appropriate design is straightforward: report expected profit or an equivalent cost-sensitive measure alongside discrimination measures, with explicit statement of the cost structure and acceptance rate assumed, and report sensitivity of the model ranking to those assumptions. The finding of greatest interest is not the profit figure but whether the ranking of methods changes when the criterion changes, since a ranking that is not stable across criteria does not support a method recommendation.
The fourth immediate priority is evidence on customer-facing automation. The problem is that deployment of conversational and automated advisory systems is expanding rapidly while evidence on service outcomes is confined largely to adoption intention and satisfaction. Existing evidence is inadequate because attitudinal measurement on respondents who have not used the system does not predict outcomes for those who have, and because the relevant question concerns differential experience across customer segments rather than average satisfaction. The appropriate design uses operational data from deployed channels, comparing resolution rate, escalation rate, time to resolution, repeat contact and complaint incidence between automated and human channels, disaggregated by customer characteristics with particular attention to indicators of vulnerability. Huang et al. (2024) and Hentzen et al. (2022) establish the framing; the operational evidence remains to be produced. The policy implication concerns conduct regulation, since differential service quality across segments is a conduct matter irrespective of average performance.
Three further priorities require longer horizons or new infrastructure. The first is measurement of the net distributional effect of algorithmic underwriting in a single market. The unresolved question is whether extension of credit access at the extensive margin and redistribution of terms at the intensive margin net to an improvement or a deterioration in aggregate consumer welfare, and for which groups. Current evidence measures one margin or the other but never both in the same market with a common framework, which is why the inclusion literature and the disparity literature reach opposing impressions from non-contradictory findings. The appropriate design combines application-level data including declined applicants with realised pricing and performance outcomes, over a period spanning a change in underwriting methodology, in a market where protected characteristics can be observed or credibly imputed. The evidence requirements are demanding and the study is most plausible as a supervisory or central bank undertaking rather than an academic one.
The second longer-term priority is model risk governance for procured systems. The problem is that accountability frameworks assume the accountable firm understands the model, and supervisory evidence indicates that this assumption frequently fails for third-party implementations, whose share is rising alongside concentration among providers (Bank of England & Financial Conduct Authority, 2024; Financial Stability Board, 2024). Current academic evidence is close to absent, since the model risk literature addresses internally developed models. Appropriate research is comparative and qualitative in the first instance, examining validation practice, contractual arrangements, testing access and escalation procedures across institutions and provider relationships, followed by quantitative work on whether concentration in model provision produces correlation in institutional behaviour. Daníelsson et al. (2022) motivate the systemic question; the firm-level mechanism requires separate investigation.
The third longer-term priority is geographical extension of institutional-data evidence. The problem is that conclusions drawn from a small set of credit markets are applied to banking generally, and the markets where financial inclusion claims are strongest are those with the least rigorous supporting evidence. Existing evidence is inadequate because access to institutional data has determined where research occurs. The appropriate response is infrastructural rather than methodological: the establishment of data-access arrangements, whether through supervisory intermediation, secure research environments or privacy-preserving computation, that permit evaluation on portfolios outside the small number of jurisdictions currently represented. The methodological requirement is that such studies replicate established designs rather than introduce new ones, so that cross-market comparison becomes possible. Without this, the field will continue to generalise from an unrepresentative sample of the world's banking systems.
The rapid diffusion of foundation models, which already account for 17 per cent of reported use cases in one supervised population (Bank of England & Financial Conduct Authority, 2024), cuts across all of these priorities and does not yet have an evidence base of its own within banking. Later reviews have begun to address the broader landscape (Singh et al., 2025), but the specific questions of validation, explanation and model risk governance for systems whose behaviour is not fully characterised by their developers remain open. Applying the four immediate priorities above to foundation model deployments as they mature is likely to be more productive than developing a parallel research agenda for them.
9. Conclusions
This review set out to characterise the application domains of artificial intelligence and machine learning in banking between 2015 and 2024, to assess comparative performance claims, to identify the methodological weaknesses limiting their interpretation, and to derive research priorities. The evidence supports firm conclusions on some of these questions and only provisional ones on others, and distinguishing between the two is the review's principal contribution.
The strongest conclusion concerns the relative contribution of data and estimator. Improvements attributable to new information sources exceed, by a considerable margin, improvements attributable to new estimators applied to existing information. This finding rests on multiple independent studies using institutional data across different markets and information types, and it is the most robust result in the domain. Its implication is that the field's concentration on algorithmic comparison has been disproportionate to the return, and that the questions of consent, proxy discrimination, coverage and stability raised by alternative data are correspondingly more important than the questions raised by model selection.
A second firm conclusion is that tree-based ensembles, and gradient boosting in particular, outperform regularised parametric models on discrimination measures in retail credit applications, that deep architectures do not offer a general advantage on tabular banking data, and that architecture choice should follow data structure rather than novelty. The margin of the ensemble advantage is modest and its stability across evaluation criteria has not been demonstrated, so the conclusion supports method preference but not the claim that method selection is a major determinant of lending outcomes.
A third conclusion, held with moderate confidence, is that the accuracy-interpretability trade-off has been overstated for structured banking data. Methods that retain the interpretability of parametric forms while capturing non-linear structure have achieved performance competitive with opaque ensembles in credit scoring. Whether inherent interpretability or post hoc explanation is the appropriate approach cannot be settled on current evidence, because the field lacks agreed criteria for judging explanation adequacy and because the answer depends on a justification standard that is legal rather than statistical, and that has recently changed.
The distributional conclusions are the most consequential and the least settled. That flexible estimation redistributes credit terms across borrower groups is demonstrated for United States mortgage markets. That fairness constraints can be imposed within model development at modest cost to profit is demonstrated on real credit data. That algorithmic assessment extends credit access to populations excluded by thin-file scoring is supported for several settings. These findings are not contradictory, but no study has measured access extension and term redistribution together in a single market, so the net welfare effect of algorithmic underwriting is unknown. Assertions in either direction currently exceed the evidence.
Across all domains, confidence in reported performance differences is limited by evaluation practices that are not aligned with banking objectives, by validation protocols that frequently do not respect the temporal structure of the data-generating process, by repeated evaluation on small and dated public benchmarks, and by inconsistent treatment of the selection induced by historical acceptance policy. Each weakness has a demonstrated remedy in the literature, and each remedy remains a minority practice. The distribution of evidence across domains is also markedly uneven, with credit assessment and payment fraud detection supporting cautious generalisation while customer-facing automation, procured model governance and firm-level performance do not. General claims about the value of artificial intelligence in banking that draw on all domains as though they were equally evidenced are not defensible, and the broader significance of this synthesis is that the field's principal deficit is not algorithmic but evidential: what is missing is prospective, economically evaluated, temporally valid evidence from deployed systems across a representative range of banking markets.
10. Limitations
The limitations of a critical narrative review begin with the design itself. Selection of sources was purposive rather than exhaustive, and the appraisal that structures the synthesis is interpretive. Another reviewer applying the same scope to the same literature could reasonably select a partly different set of studies and reach somewhat different emphases, particularly in judging which disagreements are genuine and which are artefacts of measurement. The search was designed for breadth across a multidisciplinary literature and was documented transparently, but the absence of independent duplicate screening means that the possibility of selection and interpretive bias cannot be excluded, and no formal assessment of inter-reviewer agreement was possible.
Access to subscription-only bibliographic indexes was not available during preparation, so coverage depended on open and freely accessible scholarly databases together with citation tracking and institutional sources. Relevant work indexed only in restricted databases may therefore have been missed, and the risk is greatest for journals with limited open metadata deposit. The restriction to English-language publications compounds this and is likely to have reduced representation of research published in the languages of banking systems that are already under-represented in the synthesis, which weakens the geographical claims more than the methodological ones.
Substantive limitations arise from the material. The studies reviewed employ incompatible designs, outcome definitions, populations and evaluation criteria, which prevents quantitative synthesis and means that comparative statements about the magnitude of effects are necessarily qualitative. Reporting detail was frequently insufficient to determine validation protocol, treatment of class imbalance or handling of rejected applicants, so appraisal on those dimensions rested on what authors chose to disclose, and absence of a reported safeguard was not treated as evidence of its absence. Geographical representation in the underlying evidence is uneven, and firm-level performance evidence in particular is concentrated in a small number of jurisdictions. Much of the strongest evidence rests on proprietary institutional data that cannot be independently verified or replicated, which constrains confidence in single-institution findings in fraud and anti-money laundering especially.
The evidence is also predominantly retrospective and observational. Prospective evaluation of deployed systems is nearly absent, long-term outcome evidence is scarce, and causal interpretation of firm-level associations is generally not supported by the identification strategies employed. The field develops rapidly, and material published after the close of the substantive window may have altered the balance of evidence on questions treated here as open, particularly in relation to foundation models and to governance requirements that continue to be implemented. Conclusions concerning method performance are stated for the settings and data types in which they were tested and should not be extended to settings with different data structures, decision consequences or regulatory environments.
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