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Abstract  

This paper provides an assessment of supervisory effectiveness in credit risk using confidential 

data from ECB Banking Supervision. The analysis covers 8,106 supervisory measures issued 

and closed between 2016 and 2025. A central contribution is the construction of a measure-

level indicator of supervisory effectiveness based on large language model (LLM) analysis of 

supervisory narratives and closure justifications. The indicator captures whether supervisory 

measures resulted in full remediation of the underlying deficiencies. Using logistic and duration 

models, we examine the characteristics of findings, measures, and banks associated with 

remediation outcomes and remediation speed. The results show that multi-faceted findings are 

a key driver of supervisory outcomes. Measures related to data, reporting, and IT deficiencies 

are less likely to achieve full remediation and require longer remediation periods. Measures 

originating from on-site inspections are associated with higher remediation rates and faster 

closure. Stronger governance is also associated with more successful remediation outcomes. 

 

 

Keywords: supervisory effectiveness, credit risk, large language models, banking 
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Non-technical summary 

Effective banking supervision requires more than identifying weaknesses in banks. It also 

requires ensuring that banks address those weaknesses in a timely and comprehensive 

manner. Yet assessing whether supervisory actions actually lead to remediation remains 

challenging. Supervisory performance is often measured through completed processes and 

activities, while evidence on whether supervisory interventions resolve the underlying 

deficiencies is much more limited. 

This paper provides new evidence on supervisory effectiveness in the area of credit risk using 

confidential data from ECB Banking Supervision. The analysis is based on more than 8,100 

supervisory measures issued and closed between 2016 and 2025 and recorded in the ECB's 

Findings and Measures database. The paper focuses on whether supervisory measures 

achieved their intended objective, namely the remediation of the deficiencies identified by 

supervisors. 

A key challenge is that remediation outcomes are not directly recorded in structured 

supervisory data. Although a measure may be formally closed, closure does not necessarily 

imply that the underlying issue has been fully resolved. To address this challenge, the paper 

applies large language models (LLMs) to supervisory narratives and closure justifications to 

classify measures according to whether they resulted in full, partial, or no remediation. This 

creates a novel outcome-based indicator of supervisory effectiveness that can be analysed 

systematically across a large number of supervisory cases. 

Using this indicator, the paper examines which characteristics of supervisory measures, 

findings, and banks are associated with successful remediation and the time required to 

achieve it. 

The results show that supervisory effectiveness differs substantially across both measure 

types and institutions. 

First, the complexity of the underlying finding is an important determinant of outcomes. 

Measures addressing multiple issues are less likely to achieve full remediation and take longer 

to close. Similarly, deficiencies related to data, reporting and IT systems are among the most 

difficult to remediate, both in terms of success rates and remediation time. This reflects the 

substantial organisational, technological, and operational changes often required to address 

such weaknesses. 
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Second, measures originating from on-site inspections are associated with more successful 

and faster remediation than measures resulting from broader supervisory processes such as 

the Supervisory Review and Evaluation Process (SREP) or ongoing supervisory monitoring. 

This finding suggests that highly targeted and in-depth supervisory assessments can facilitate 

corrective action and highlights the importance of using different supervisory tools in a 

complementary manner. 

Third, more severe supervisory measures are less likely to achieve full remediation and 

generally remain open for longer periods. This likely reflects the fact that more severe findings 

are often associated with deeper-rooted weaknesses and require more extensive corrective 

action. 

Fourth, bank characteristics matter, although their influence is generally weaker than that of 

finding and measure characteristics. Banks with stronger governance frameworks and those 

with higher profitability tend to achieve higher remediation rates. However, some of these 

relationships become less pronounced once differences across supervisory teams and 

institutions are taken into account, suggesting that remediation outcomes are influenced by a 

combination of bank-specific and supervisory factors. 

The results have several implications for supervisory authorities. They highlight the importance 

of designing supervisory measures that are sufficiently focused, clearly communicated, and 

tailored to the nature of the underlying deficiency. They also point to the particular challenges 

posed by complex, cross-cutting issues, especially those involving data and IT infrastructures, 

where remediation may require longer time horizons and sustained supervisory follow-up. 

More generally, the results can support supervisors in allocating resources and calibrating 

supervisory intensity more effectively. 

Beyond the substantive findings, the paper demonstrates how artificial intelligence can support 

supervisory effectiveness assessments. By transforming large volumes of unstructured 

supervisory information into structured data, LLMs make it possible to evaluate supervisory 

outcomes at a level of granularity that would otherwise be difficult to achieve. While the results 

should be interpreted as evidence of associations rather than causal effects, they provide a 

new and practical framework for monitoring and analysing supervisory effectiveness in banking 

supervision. 
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1. Introduction 

The Global Financial Crisis and subsequent episodes of banking stress highlighted the 

importance of effective banking supervision and triggered far-reaching reforms of regulatory 

and supervisory frameworks. These reforms included revisions to the Capital Requirements 

Directive and Capital Requirements Regulation, as well as the establishment of the Single 

Supervisory Mechanism (SSM) in 2014 under the auspices of the European Central Bank 

(ECB). More recently, the banking turmoil of March 2023 renewed attention on the role of 

supervision in identifying vulnerabilities and ensuring that banks address them in a timely 

manner. 

But what defines effective supervision, and how can it be assessed? The Basel Committee on 

Banking Supervision (BCBS, 2025) defines supervisory effectiveness as: “Effective 

supervision promotes the safety and soundness of banks and the banking system by promptly 

assessing prudential risks, identifying material shortcomings within banks, and using the 

supervisory toolkit and powers appropriately to ensure that banks remediate shortcomings in 

a timely manner.” Effectiveness extends beyond compliance, focusing on timely intervention, 

corrective action, and institutional resilience. The BCBS identifies two key purposes for 

assessing supervision: public accountability and optimising supervisory strategy, such as 

determining which tools to use for different banks and how to allocate resources. Crucially, 

effectiveness should be measured by outcomes, not just outputs, as what matters is whether 

a bank’s remedial actions resolve identified shortcomings.  

Importantly, supervisory effectiveness should not be equated with changes in observed risk 

metrics. Supervisory measures rarely seek to reduce a specific level of credit risk directly. 

Instead, they typically aim to address weaknesses in governance arrangements, risk-

management processes, internal controls, methodologies, data quality, reporting frameworks, 

or other prudential deficiencies. Consequently, a supervisory measure should be considered 

effective when the bank successfully implements the required corrective actions and 

remediates the identified shortcoming. In fact, effective supervision may sometimes lead to a 

temporary increase in measured risk if improved methodologies, controls, or reporting 

practices result in more accurate risk identification. For this reason, the focus of this paper is 

on remediation outcomes rather than subsequent changes in credit risk indicators or prudential 

metrics. 
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Despite a growing literature on supervisory effectiveness, evidence on supervisory outcomes 

remains limited. Existing studies typically evaluate supervisory tools by examining their impact 

on bank behaviour, lending activity, risk-taking, or market outcomes. While these approaches 

provide valuable insights, they do not address a more granular question: whether individual 

supervisory measures achieve the remediation of the specific deficiencies they were intended 

to correct. Answering this question has proved difficult because the relevant information is 

rarely available in structured datasets and often remains embedded in confidential supervisory 

documentation. 

This paper addresses that gap using confidential data from ECB Banking Supervision's 

Findings and Measures (F&M) database. The database contains detailed information on 

supervisory findings and measures generated through on-site inspections, horizontal reviews, 

ongoing supervisory activities, and the Supervisory Review and Evaluation Process (SREP). 

Although the database contains more than 75,000 observations since the establishment of the 

SSM, much of the relevant information is stored in unstructured narrative fields, making 

systematic analysis challenging. 

To overcome this challenge, we apply large language models (LLMs) to transform supervisory 

narratives into structured analytical variables. We first classify supervisory findings and 

measures into thematic categories using a dedicated taxonomy framework. We then construct 

a novel measure-level indicator of supervisory effectiveness by analysing supervisory closure 

narratives and classifying measures according to whether they resulted in full, partial, or no 

remediation of the underlying deficiency. This approach allows us to move beyond traditional 

process-based measures of supervision and towards an outcome-oriented assessment of 

supervisory effectiveness. 

Our analysis focuses on 8,106 credit-risk-related supervisory measures issued and closed 

between 2016 and 2025. Using the LLM-based effectiveness indicator, we examine which 

characteristics of supervisory measures, findings, and supervised institutions are associated 

with successful remediation in a logistic regression framework. We then analyse the duration 

of fully effective measures to identify the factors associated with faster or slower remediation 

using Cox proportional hazards model. 

Three main findings emerge. First, finding complexity is an important determinant of 

supervisory outcomes. Measures addressing multiple issues are less likely to achieve full 

remediation and remain open for longer periods. Data, reporting, and IT-related deficiencies 
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also prove particularly difficult to remediate. Second, supervisory measures arising from on-

site inspections exhibit higher remediation rates and shorter remediation periods than 

measures originating from broader supervisory processes such as the SREP or ongoing 

supervisory monitoring. Third, bank characteristics matter, albeit to a lesser extent than finding 

and measure characteristics. Stronger governance and greater profitability are associated with 

better remediation outcomes, although these relationships weaken once supervisory-team 

heterogeneity is considered. 

This paper contributes to the literature in three ways. First, it provides one of the first large-

scale empirical assessments of supervisory effectiveness at the level of individual supervisory 

measures rather than supervisory frameworks or instruments. Second, it introduces a novel 

outcome-based measure of supervisory effectiveness grounded in the remediation of identified 

deficiencies. Third, it demonstrates how artificial intelligence can be used to extract policy-

relevant information from large volumes of confidential supervisory text, thereby expanding the 

scope for empirical research and policy evaluation in banking supervision. 

The remainder of the paper is organised as follows. Section 2 reviews the literature on 

supervisory effectiveness and textual analysis. Section 3 describes the methodology and the 

construction of the LLM-based effectiveness indicator. Section 4 presents the data. Section 5 

discusses the empirical results. Section 6 concludes. 

2. Literature review 

This study draws on two strands of research. The first is the empirical literature on the 

effectiveness of banking supervision, reviewed in Section 2.1. The second is the literature on 

textual data and artificial intelligence in economics and finance, reviewed in Section 2.2. This 

paper is at the intersection of the two: a granular, measure-level assessment of supervisory 

effectiveness, made possible by applying large language models to a large body of 

unstructured supervisory text. 

2.1 Evaluating supervisory effectiveness 

The most comprehensive recent survey of this field is the Basel Committee's literature review 

on supervisory effectiveness (BCBS, 2025). It organises the evidence around a 'house of 

effectiveness': a set of enablers and impediments at the base, three pillars: risk identification 

and assessment, remediation and enforcement, and collaboration and transparency and 
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supervisory culture as the roof. This section follows that structure, after first setting out what 

effectiveness means and why it is hard to measure. 

2.1.1 Risk identification and assessment 

The first pillar concerns the tools through which supervisors identify and assess risk: on-site 

inspections, supervisory stress tests, horizontal reviews and benchmarking, and early-warning 

models (BCBS, 2025). On-site inspections have received the most empirical attention, 

because they are intrusive and may involve a detailed review of the loan book. The Basel 

Committee's review reports that inspections promote more conservative risk management, 

with more prudent provisioning afterwards, and that the supervisory ratings derived from them 

have predictive power for financial stress (BCBS, 2025). Consistent with this, Passalacqua et 

al. (2021) use the quasi-random selection of Italian banks for inspection and find that inspected 

banks are more likely to reclassify loans as non-performing, cut credit to unproductive 'zombie' 

firms, and reallocate lending towards more productive borrowers, with positive spillovers for 

the wider economy; they trace these effects to improvements in bank governance. Bonfim et 

al. (2023) report comparable results for inspections of the largest Portuguese banks, although 

in that case the effect was confined to the inspected portfolios. Importantly, supervisory 

activities often extend beyond risk identification and contribute directly to remediation. The 

distinction between assessing weaknesses and ensuring their correction is therefore not 

always clear-cut. 

2.1.2 Remediation and enforcement 

The second pillar concerns the tools through which supervisors ensure that banks correct 

identified weaknesses and comply with prudential requirements. These include capital 

constraints under Pillar 2, enforcement and sanction actions, early-intervention regimes, and 

individual accountability regimes (BCBS, 2025). For a study focused on credit risk, the 

evidence on sanctions is particularly relevant. The Basel Committee's working paper finds that 

enforcement actions promote a more truthful classification of credit quality, reduce bank risk 

and lending, and generate deterrent effects on non-sanctioned banks, with effectiveness 

increasing in severity and depending critically on timing (BCBS, 2025). 

Prior studies find that supervisory sanctions and capital-related supervisory measures can 

reduce risk-taking and strengthen resilience, although their effectiveness depends on timing, 

severity and institutional context (Delis et al., 2016; Caiazza et al., 2018; Berger et al., 2022; 

BCBS, 2025). This literature is the closest precedent for the present study, yet a gap remains. 
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Each of these studies measures the response of the bank, or of credit supply, to an 

enforcement tool. None measures whether a specific supervisory measure was implemented, 

and the underlying shortcoming rectified. Whether a measure achieves its purpose is unlikely 

to be uniform: a narrowly targeted measure may be more readily remedied than a broad one, 

and a bank with stronger governance, may comply more readily than a weaker peer.  

These remain conjectures because the evidence does not reach the level of the individual 

measure. As a result, little is known about which categories of findings are remediated, which 

are not, and which characteristics of banks and supervisory measures distinguish the two 

outcomes. 

Other dimensions of supervisory effectiveness, including coordination, transparency, 

consistency and supervisory culture, have also received attention in the literature. For 

example, Agarwal et al. (2014) show that differences in supervisory practices across 

authorities can lead to inconsistent regulatory outcomes, while the BCBS (2025) highlights the 

roles of supervisory cooperation, transparency and organisational culture in supporting 

effective oversight. These dimensions are important determinants of supervisory outcomes but 

are less directly related to the measure-level focus of this paper. 

Taken together, the literature shows that the effectiveness of supervision depends on the tools 

used, on the bank, and on the institutional setting. What it does not provide is evidence at the 

level of the individual measure and its remediation. The binding constraint is not a lack of 

observations, but their form and confidentiality: the relevant information is recorded as free text 

rather than structured data and is typically not publicly accessible. This limitation is therefore 

less about data availability than about the ability to analyse them systematically. Turning 

unstructured supervisory text into analysable variables, and so into outcome-level evidence, is 

the methodological problem addressed in the next section. 

2.2 Textual analysis and artificial intelligence 

A key reason why effectiveness remains difficult to assess is that some of the richest 

supervisory records are stored as free text, inspection reports, findings, and the narratives that 

justify supervisory decisions, which conventional statistical methods cannot readily exploit. 

Advances in textual analysis, particularly through artificial intelligence, make it possible to 

convert this information into structured data, thereby enabling large-scale empirical analysis of 

supervisory outcomes that would otherwise be prohibitively time-consuming. Text-as-data 

approaches have become increasingly common in economics and finance, enabling 
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researchers to extract information from large collections of documents that would otherwise be 

difficult to analyse systematically (Gentzkow et al., 2019).  

Early applications relied primarily on dictionary-based approaches, which classify text using 

predefined word lists. While useful, these methods often struggle to capture context-specific 

meanings in financial and supervisory language (Loughran and McDonald, 2011). More 

recently, machine learning techniques and large language models (LLMs) have substantially 

expanded the scope of textual analysis by allowing information to be interpreted in context and 

classified with greater flexibility (Huang et al., 2023; BIS, 2024; Korinek, 2023). 

These methods are increasingly being applied to central banking and financial stability 

analysis. Studies have shown that textual information contained in central bank publications 

can provide useful signals regarding perceptions of risk and future financial vulnerabilities 

(Correa et al., 2021). Recent work at the ECB further demonstrates the potential of LLMs to 

identify and quantify risk assessments in financial stability communication and related policy 

documents (Fell et al., 2026). Applications to supervisory records remain comparatively limited, 

largely because such information is confidential. One notable exception is Goldsmith-Pinkham, 

Hirtle and Lucca (2016), who analyse the content of US supervisory examination reports and 

show that supervisory narratives contain information beyond formal supervisory ratings. 

However, existing studies have generally focused on characterising supervisory 

communication rather than assessing the outcomes of supervisory actions.  

2.3 Research gap and contribution 

The two strands reviewed above leave a specific gap. While the supervisory effectiveness 

literature provides evidence on the impact of broad supervisory tools, it rarely assesses 

whether individual measures lead to the remediation of underlying deficiencies. This reflects 

the distinction between supervisory outputs, i.e. completed supervisory actions, and 

supervisory outcomes, i.e. effective remediation. At the same time, textual-analysis methods 

have rarely been applied to the outcomes of confidential supervisory actions. 

Using confidential supervisory data from ECB Banking Supervision, we apply large language 

models to identify whether individual measures resulted in full, partial or no remediation. This 

allows an outcome-oriented assessment of supervisory effectiveness at the measure level and 

provides evidence on the characteristics of supervisory measures and banks associated with 

more effective remediation outcomes.  
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3. Methodology 

This section describes the methodology used to extract supervisory information from textual 

records through large language models and to quantify supervisory effectiveness at the 

measure level. 

3.1 Constructing the Effectiveness Variable Using Large Language 

Models 

A key empirical challenge is that supervisory effectiveness, i.e. whether a measure achieves 

its intended objective, is not directly observable in structured supervisory data. While the F&M 

database records supervisory actions and their administrative status, the closure of a measure 

does not necessarily imply that the underlying deficiency has been fully remediated. Measures 

may be closed despite only partial remediation, because they are superseded by new 

measures, or for other supervisory reasons. Consequently, a measure's closure status cannot 

be interpreted as a direct indicator of supervisory effectiveness. 

The information required to assess remediation is instead contained in qualitative supervisory 

narratives, particularly in the descriptions of identified shortcomings and in the justifications 

provided when measures are closed. The objective of the LLM-based framework is therefore 

to transform this information into a systematic measure of whether the supervisory objective 

was ultimately achieved. 

The construction of the outcome variable is grounded in the definition of supervisory 

effectiveness articulated by the BCBS. Importantly, the outcome variable is not designed to 

measure changes in a bank's risk profile as this is typically not the intended objective of the 

supervisor. Rather, the effectiveness measure developed in this paper captures whether the 

supervisory objective underlying a measure was achieved, namely whether the identified 

deficiency was adequately remediated by the supervised entity. The analysis therefore does 

not seek to estimate the impact of supervisory measures on realised credit-risk outcomes or 

broader prudential indicators. Instead, it evaluates supervisory effectiveness at the level of the 

individual supervisory intervention, focusing on whether the action achieved the corrective 

outcome sought by supervisors. 

In line with the focus of this paper, we adopt a narrower operational definition: a measure is 

considered effective if it leads to the full remediation of the underlying deficiency identified by 

the supervisor. Measures that are only partially implemented, or for which remediation remains 
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incomplete at closure, are classified as somewhat effective, while measures for which no 

remediation is observed are classified as ineffective. 

We implement the classification task using the GPT-4.1 model in a prompt-based framework. 

Each observation consists of two textual inputs: (i) the measure description, outlining the 

identified shortcoming and supervisory expectations, and (ii) the closure narrative, describing 

the actions taken by the bank and the rationale for closing the measure. Based on this 

information, the model determines whether the deficiency has been effectively resolved. The 

temperature parameter is set to 0.15 to promote stable and consistent outputs. 

We encode the operational definition of effectiveness in the prompt and instruct the model to 

base its assessment exclusively on the information contained in the input texts. We restrict the 

model output to three categories, effective, somewhat effective, and ineffective, ensuring 

consistency across observations. This approach embeds expert judgement ex ante and 

applies it uniformly across the dataset. 

Given the model-generated nature of the dependent variable, several validation steps are 

performed. First, we conduct human-in-the-loop validation on selected subsamples and use 

expert assessments to refine the prompt. Second, to reduce stochastic variation, we repeat 

the classification ten times and aggregate the results using a majority-voting rule. Third, we 

replicate the exercise using an alternative model (o4-mini) yielding an agreement rate of 

approximately 90%. 

Despite these safeguards, the approach remains subject to limitations. The classification 

depends on the completeness and clarity of supervisory narratives and may therefore be 

affected by reporting practices. In addition, prompt-based methods are inherently sensitive to 

instruction design and model-specific behaviour. Finally, the resulting indicator captures 

documented remediation rather than the broader impact of supervisory measures on bank risk.  

Moreover, supervisory findings and associated measures are classified into six remediation-

topic categories using a dedicated LLM taxonomy-classification framework: Governance & 

Controls; Classification & Staging; Data, Reporting & IT; Provisioning & Model Risk; NPE & 

Collateral Management; and Credit Lifecycle Management. The taxonomy-development 

process, category definitions, and validation procedures are reported in Technical Annex B. 
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3.2 Empirical Strategy 

3.2.1 Drivers of effectiveness: binomial logit  

Having constructed a measure-level indicator of supervisory effectiveness using an LLM-

based classification approach, we turn to the empirical analysis of its determinants. The 

objective is to assess which characteristics of supervisory measures and supervised 

institutions are associated with full remediation of the underlying issues. 

In the main specification the dependent variable, Effectiveness, is defined as a binary indicator 

equal to one if a supervisory measure is classified as effective (full remediation of the 

underlying supervisory concern) and zero if it is classified as somewhat effective or ineffective. 

This specification focuses on the factors associated with achieving complete remediation, 

which represents the supervisory outcome of primary interest. 

The binary specification is preferred as the baseline model because the distinction between 

full remediation and all other outcomes directly aligns with the supervisory objective of 

achieving complete resolution of identified deficiencies, while also reducing concerns related 

to the relatively smaller number of observations in the ineffective category. 

To analyse the determinants of effectiveness, we estimate a binary logistic regression model 

of the following form:  

Pr(𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒𝑛𝑒𝑠𝑠𝑚,𝑏,𝑡 = 1)

= Λ(𝛼 + 𝐹𝑖𝑛𝑑𝑖𝑛𝑔 & 𝑀𝑒𝑎𝑠𝑢𝑟𝑒 𝑐ℎ𝑎𝑟𝑎𝑐𝑡𝑒𝑟𝑖𝑠𝑡𝑖𝑐𝑠𝑚,𝑏,𝑡𝛽

+ 𝐵𝑎𝑛𝑘 𝑐ℎ𝑎𝑟𝑎𝑐𝑡𝑒𝑟𝑖𝑠𝑡𝑖𝑐𝑠𝑏,𝑡−1𝛾 + 𝛿𝑡) 

where m, b, and t index the supervisory measure, the bank, and time (quarter), respectively. 

The vector Finding and Measure characteristics includes characteristics of the supervisory 

action, such as its legal enforceability, source, severity, and the type and number of findings 

identified through the LLM-based classification framework. The vector bank characteristics 

captures bank-level characteristics measured one quarter before the time of issuance of the 

supervisory measure, including indicators of credit risk materiality, profitability, and 

governance. All specifications include year fixed effects to control for common macro-financial 

conditions and changes in supervisory practices over time. 

As with any observational analysis, several limitations should be acknowledged. First, 

unobserved heterogeneity may affect the estimated relationships, particularly through 
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differences in supervisory intensity and supervisory practices across Joint Supervisory Teams 

(JSTs). Second, the estimation sample is not randomly drawn. Supervisory findings are more 

likely to be identified in institutions that are subject to closer supervisory scrutiny, including 

through on-site inspections and horizontal reviews. Third, the effectiveness classification relies 

on the information contained in supervisory documentation and on the ability of the LLM-based 

framework to consistently interpret those texts. 

To assess the robustness of the results, we perform several additional analyses. First, we 

introduce JST and country fixed effects. Second, we re-estimate the model excluding 

ineffective measures. Then, we estimate a multinomial logit specification distinguishing 

between ineffective, somewhat effective, and effective outcomes. This alternative specification 

allows the determinants of full, partial, and absent remediation to differ and provides a 

robustness check for the simplifying assumption embedded in the binary classification. 

3.2.2 Drivers of measure duration: Cox proportional hazards model 

To explore the relationship between measure and bank characteristics and the time an 

effective measure remains open, we rely on a proportional hazard Cox model, of the following 

form:  

Equation 1: 𝐶𝑜𝑥 𝑝𝑟𝑜𝑝𝑜𝑟𝑡𝑖𝑜𝑛𝑎𝑙 ℎ𝑎𝑧𝑎𝑟𝑑𝑠 𝑚𝑜𝑑𝑒𝑙 

𝜆(𝑀𝑒𝑎𝑠𝑢𝑟𝑒 𝐷𝑢𝑟𝑎𝑡𝑖𝑜𝑛|𝐶𝑚,𝑏) = 𝜆0(𝑀𝑒𝑎𝑠𝑢𝑟𝑒 𝐷𝑢𝑟𝑎𝑡𝑖𝑜𝑛) ∙ 𝑒𝑥𝑝(𝛽1𝐶𝑚,𝑏) 

Where 𝑀𝑒𝑎𝑠𝑢𝑟𝑒 𝐷𝑢𝑟𝑎𝑡𝑖𝑜𝑛 is the number of days a measure remains open before remediation, 

𝐶𝑚,𝑏 are the measure and bank characteristics and 𝜆0(𝑀𝑒𝑎𝑠𝑢𝑟𝑒 𝐷𝑢𝑟𝑎𝑡𝑖𝑜𝑛) is the baseline 

hazard model.  

In other words, we aim at understanding to which extent each measure and bank characteristic 

at the opening of the measure influences the remediation time.1F

2  

Since the baseline hazard model is unknown, to estimate the full hazard function in equation 

2 we first estimate 𝛽1 via a Cox model, and, assuming no time-dependency on the right-hand 

side, take the hazard ratios between measures. The resulting hazards are proportional across 

measures. The measure hazard ratio, exp(𝛽1𝐶𝑚,𝑏), is however not telling on its own, to interpret 

the results, we rely instead on exp(𝛽1) and on the ratios of hazards between observed 

 
2 Since we are exploring the drivers of duration on the subset of fully effective measures (as 

categorised by LLM), the hazard model does not include censored measures, meaning open measures. 

ECB Working Paper Series No 3308 13



 
 

measures. This specification allows a flexible, semi-parametric estimation of relative hazard 

rates without imposing strong distributional assumptions on the baseline hazard.  

However, in this setting the absence of censored observations limits the extent to which the 

model can exploit its core advantage of comparing measures that reach completion with those 

still ongoing over time.  

In addition, as the sample is restricted to measures that achieve full remediation, the estimated 

effects should be interpreted as conditional on successful completion and are not 

representative of the overall remediation process.  

To address these limitations and ensure robustness, we complement the main analysis with 

an Accelerated Failure Time (AFT) specification, as reported in equation 3, which directly 

models the duration of remediation and provides coefficients that can be interpreted in terms 

of proportional changes in completion time. 

Equation 2: Accelerated Failure Time 

𝑙𝑜𝑔(𝑀𝑒𝑎𝑠𝑢𝑟𝑒 𝐷𝑢𝑟𝑎𝑡𝑖𝑜𝑛𝑚,𝑏)  =  𝐶𝑚,𝑏′ 𝛽 +  𝜀𝑚,𝑏 

Notably, unlike the Cox model, in AFT a positive (negative) coefficient implies longer (shorter) 

duration.  

 More precisely, the acceleration factor is:𝐴𝐹 =  𝑒𝛽 

• 𝐴𝐹 > 1 duration increases, 

• 𝐴𝐹 < 1 duration decreases. 

3.3 Limitations 

The empirical analysis is observational and is not designed to identify causal effects of 

supervisory measures on remediation outcomes. Accordingly, all results should be interpreted 

as conditional associations between supervisory measure characteristics, bank 

characteristics, and remediation outcomes, rather than as evidence of causal effect on 

supervisory effectiveness. 

Several potential sources of endogeneity remain. First, supervisory measures are not assigned 

randomly. The type, severity, legal enforceability, and timing of supervisory actions are 

determined by supervisors in response to institution-specific circumstances. These same 

underlying circumstances may also influence the probability and speed of remediation. As a 
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result, the estimated coefficients may capture both the effect of the supervisory measure itself 

and the effect of the underlying conditions that prompted supervisory intervention. 

Second, unobserved bank characteristics may influence both supervisory assessments and 

remediation capacity. To the extent that these factors are not fully captured by the available 

control variables, omitted variable bias may remain. 

Third, supervisory intensity may vary across Joint Supervisory Teams (JSTs), reflecting 

differences in supervisory judgement, experience, resources, monitoring practices, or risk 

tolerance. To assess the relevance of such heterogeneity, robustness checks were performed 

by augmenting the baseline specification with JST-level and country-level fixed effects. The 

main findings remain qualitatively unchanged, particularly with respect to the effects of topic 

category, measure severity, supervisory originator, and measure vintage. This suggests that 

the core results are not primarily driven by persistent differences across supervisory teams or 

jurisdictions. Nevertheless, fixed effects cannot fully account for time-varying supervisory 

practices or other unobserved factors that may influence both supervisory actions and 

remediation outcomes. 

At the same time, some features of the supervisory process reduce concerns regarding 

reverse causality. Supervisory findings originate from independent supervisory assessments 

rather than from bank self-reporting and are therefore, to some extent, exogenous to banks' 

subsequent remediation decisions. Nevertheless, residual confounding cannot be excluded. 

For this reason, the results are interpreted as descriptive evidence on the correlates of 

supervisory effectiveness rather than estimates of causal supervisory effects. 

4. Data 

The empirical analysis is based on supervisory data from the F&M database, complemented 

with bank-level information from supervisory reporting data. 

The sample is restricted to measures related to credit risk, excluding internal model 

investigations findings,2F

3 with a final status of “closed” or “cancelled”. To ensure sufficient data 

quality and coverage, observations from 2014 and 2015 are excluded from the analysis. In 

addition, measures issued so far in 2026 are not part of this analysis, as many remain ongoing 

 
3 IMI findings are excluded because they are subject to a distinct supervisory framework, with 

specific assessment methodologies and remediation processes. Including them could bias the analysis 
of supervisory effectiveness by introducing observations that are not directly comparable to the broader 
population of credit risk measures. 
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and their full remediation cycle cannot yet be observed. This restriction ensures that the full 

remediation cycle can be assessed based on observable supervisory information. 

The sample includes supervisory measures across all severity levels, allowing for a 

comprehensive assessment of supervisory effectiveness across the full spectrum of 

supervisory actions. The sample is further cleaned by excluding measures closed for 

procedural or administrative reasons and observations with insufficient information to assess 

remediation effectiveness. This ensures that the analysis is based only on measures for which 

remediation outcomes can be meaningfully evaluated. 

After applying these filters, the final sample comprises 8,106 observations. 

It is important to note that the sample reflects a selected subset of measures based on the 

applied filtering criteria. As a result, the sample may not be fully representative of the broader 

population of supervisory actions. 

From the F&M database, we use several structured variables at the measure level. These 

include: 

• the status of the measure (closed or cancelled), 

• severity, distinguishing between low (M1), moderate (M2), high (M3) and very high 

(M4), 

• legal enforceability, capturing whether the measure is a recommendation or an 

obligation. Recommendations are non-binding measures issued as part of the ongoing 

supervisory dialogue, whereas obligations are legally binding requirements imposed 

on the bank, 

• the source of the finding, indicating the supervisory activity from which the issue 

originated. This includes:  

o on-site inspections, involving in-depth assessments conducted at the bank, 

o horizontal analyses, referring to cross-bank comparative reviews, 

o JST analyses, based on ongoing supervisory monitoring, and 

o SREP-related activities, which are part of the annual Supervisory Review and 

Evaluation Process and reflect a comprehensive assessment of a bank’s risk profile 

and governance. 

These variables capture key dimensions of supervisory action, including its origin, legal 

strength, and severity. 
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As an LLM-derived variable, we construct our main dependent variable, which captures the 

outcome of each supervisory measure in terms of remediation. Following the methodology 

described in Section 3.1, the variable is defined as a categorical indicator taking three values: 

effective, somewhat effective, and ineffective. A measure is classified as effective if the 

underlying supervisory deficiency is fully remediated at the time of closure; somewhat effective 

if remediation is only partial; and ineffective if no meaningful remediation is observed. The 

classification is based on the joint assessment of the measure description and the closure 

narrative using a prompt-based large language model.  

In addition, we include as controls the type of finding, based on the main topic to be 

remediated, and the number of topics covered by a finding, both constructed using the LLM-

based classification framework described in Section 3.1 and technical annex B. We use 

GPT-4.1 to classify findings into six categories covering the main dimensions of credit risk 

management. 

The categories of findings we have identified are the following: 

• Governance & Controls: Deficiencies related to credit risk governance, oversight, 

organisational arrangements, accountability, and internal control frameworks, including 

the effectiveness of management bodies and control functions. 

• Classification & Staging: Weaknesses in the identification, classification, and regulatory 

treatment of credit exposures, including default recognition, NPE identification, 

forbearance assessment, and IFRS 9 staging. 

• Data, Reporting & IT: Issues related to data quality, reporting capabilities, data 

governance, system integration, automation, and the IT infrastructure supporting credit 

risk management. 

• Provisioning & Model Risk: Deficiencies in provisioning and impairment frameworks, 

expected credit loss methodologies, and credit risk models, including model 

development, validation, governance, and performance monitoring. 

• NPE & Collateral Management: Weaknesses in the management of non-performing 

and forborne exposures, recovery and restructuring processes, as well as collateral 

valuation, monitoring, and legal enforceability. 

• Credit Lifecycle Management: Deficiencies in credit granting, underwriting, approval, 

monitoring, and early warning processes throughout the lifecycle of a credit exposure. 
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While the finding type variable reflects the main topic of the findings, the number of topics 

reflects all those mentioned in the finding description.  

The dataset is further enriched with bank-level variables drawn from Supervisory data. These 

include: 

• The materiality of credit risk, calculated as the ratio between credit risk capital 

requirements and the total Capital Requirements 

• A profitability measure of asset turnover, calculated as revenues over total assets.  

• the SREP credit governance score (between 1 and 4, with 4 being the worst), reflecting 

supervisory assessments of risk management and governance frameworks. 

All bank-level variables are measured one quarter prior to the issuance of the measure, unless 

otherwise specified. 

To provide an overview of the sample, Annex 1 presents summary statistics and a description 

for the main variables used in the analysis (Tables A1-A3). Additional information on the 

distribution of supervisory measures across effectiveness categories, measure characteristics 

and finding types is reported in Figures A1–A3 in Annex 1. 

5. Results 

5.1 Drivers of effectiveness  

Table 1 presents the results of the baseline binomial logistic regression, which examines the 

characteristics associated with the full remediation of supervisory measures. The dependent 

variable distinguishes between measures classified as fully effective and all other outcomes. 

Throughout the analysis, the estimated relationships are interpreted as associations rather 

than causal effects. Coefficients are reported in log-odds units. 

Finding characteristics: Measures associated with findings covering a larger number of 

topics are significantly less likely to achieve full remediation, suggesting that more complex 

deficiencies are inherently harder to address. Such findings often require coordinated action 

across multiple functions, involve a broader set of stakeholders, and necessitate more 

extensive implementation efforts. 

The type of deficiency also matters. Relative to Data, Reporting & IT findings, measures 

addressing Governance & Controls, Classification & Staging, Provisioning & Model Risk, and 

Credit Lifecycle Management exhibit a higher likelihood of full remediation. No statistically 
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significant difference is observed for NPE & Collateral Management findings. One possible 

explanation is that data and IT deficiencies typically require substantial system enhancements, 

data-quality improvements, and technology investments, whereas weaknesses in governance, 

credit processes, or provisioning practices can often be addressed through more targeted 

corrective actions. 

The supervisory origin of a finding also matters. Compared with measures stemming from on-

site inspections, those originating from the SREP or other JST activities exhibit lower 

remediation rates. A possible explanation is that on-site inspections generate more targeted 

and granular findings, facilitating the design and implementation of corrective actions. 

Measure characteristics: Measure characteristics are also associated with remediation 

outcomes. Recommendations are more likely to achieve full remediation than obligations. This 

may reflect the fact that recommendations are often less complex to implement, making 

corrective action easier for supervised institutions. 

Measure severity is negatively associated with remediation success. While low-severity 

measures do not differ significantly from those of moderate severity, high-severity (M3) and 

very high-severity (M4) measures are substantially less likely to achieve full remediation. This 

result is consistent with the notion that more severe findings tend to reflect deeper-rooted 

deficiencies that require more extensive and resource-intensive remediation efforts. 

Bank characteristics: Bank characteristics are measured prior to the issuance of the 

supervisory measure.  

Weaker governance, as proxied by a higher SREP Governance score, is associated with a 

lower likelihood of full remediation. This finding suggests that governance shortcomings may 

impair a bank’s ability to implement supervisory measures effectively and sustain remediation 

efforts over time. 

Further, in the baseline specification, banks with higher credit risk materiality and higher 

profitability are more likely to achieve full remediation. These results should, however, be 

interpreted with caution. While the governance effect remains significant when country fixed 

effects are included, the estimated effects of credit risk materiality and profitability weaken 

substantially.  Once JST fixed effects are introduced, bank characteristics lose their 

significance, which is unsurprising as the JST fixed effect equals bank fixed effects. This 

suggests that part of the variation captured by the baseline estimates may reflect persistent 
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differences across supervised institutions, supervisory teams, or supervisory approaches, 

rather than independent effects of these bank-level characteristics. 

Table 1: Logit Regression Results 

Regressors Coefficient Std. Error p-value 

Intercept -0.400* 0.204 0.050 

Finding characteristics 

Number of topics -0.142*** 0.034 <0.001 

Finding type 
(reference category: 
Data, Reporting & 

IT) 

Governance & Controls 0.248** 0.093 0.007 

Classification & Staging 0.361*** 0.096 <0.001 

Provisioning & Model 
Risk 

0.264** 0.097 0.006 

NPE & Collateral 
Management 

0.150 0.105 0.152 

Credit Lifecycle 
Management 

0.224* 0.101 0.026 

Process originator 
(reference category: 

OSI) 

Horizontal -0.495*** 0.084 <0.001 

JST -0.447*** 0.070 <0.001 

SREP -0.470*** 0.104 <0.001 

     

Measure characteristics 

Severity (reference 
category: moderate 

(M2)) 

Low severity (M1) 0.146 0.092 0.111 

High severity (M3) -0.187*** 0.055 <0.001 

Very high severity (M4) -0.449*** 0.128 <0.001 

Legal enforceability 
(reference category: 

obligation) 
Recommendation 0.402** 0.134 0.002 

Macroeconomic and market controls 

GDP Growth 0.003 0.008 0.725 

Unemployment rate 0.011 0.008 0.154 

Herfindahl Index -0.258*** 0.028 <0.001 

Bank characteristics 

Governance score -0.105*** 0.025 <0.001 

Credit risk materiality 0.097*** 0.028 <0.001 

Asset turnover 0.068* 0.026 0.009 

Year fixed effects (ref. year omitted) 

2017 0.282* 0.132 0.032 

2018 0.257† 0.138 0.062 

2019 0.431** 0.139 0.002 

2020 0.331* 0.153 0.031 

2021 0.032 0.140 0.082 
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Regressors Coefficient Std. Error p-value 

2022 0.365** 0.142 0.010 

2023 0.628*** 0.132 <0.001 

2024 0.646*** 0.139 <0.001 

2025 0.164 0.286 0.567 

Number of observations 6,969 

Null Deviance 9,526.6 

Residual Deviance 9,106.8 

AIC 9,164.8 

Fisher Scoring Iterations 4 

Significance † p < 0.10, * p < 0.05, ** p < 0.01, *** 
p < 0.001 

Time Trends: Finally, the year of measure creation is significantly associated with remediation 

outcomes. Relative to measures created in 2016, measures initiated in most subsequent years 

exhibit a higher probability of full remediation, with particularly pronounced effects for 

measures opened in 2019 and during 2023-2024. This pattern may reflect changes in 

supervisory practices, remediation processes, and follow-up intensity over time. It is also 

consistent with a stronger supervisory focus on the timely remediation of findings in the post-

pandemic period. Since 2022, ECB Banking Supervision has strengthened its approach to 

findings and measures through the introduction of escalation frameworks, additional guidance 

for Joint Supervisory Teams (JSTs), and enhanced support for the management of complex 

remediation cases. In parallel, JSTs were encouraged to place greater emphasis on the follow-

up of supervisory findings within their supervisory priorities and planning processes. However, 

these results should be interpreted with caution, as the sample includes only closed measures. 

More recent years may therefore be disproportionately represented by measures that were 

less complex and could be remediated within a shorter period.  

Robustness analyses: Several robustness checks were conducted to assess the stability of 

the baseline results. First, the model was re-estimated alternatively including JST and country 

fixed effects. Second, an alternative binary logit model excluding ineffective outcomes was 

estimated. Third, a multinomial logit specification was estimated to distinguish explicitly 

between full remediation, partial remediation, and ineffective outcomes. Across all 

specifications, the results remain qualitatively unchanged and continue to provide strong 

support for the main findings regarding finding complexity, topic area, measure severity, and 

process originator. Detailed results are reported in Annex 2.  

ECB Working Paper Series No 3308 21



 
 

5.2 Drivers of measure duration 

Table 2 reports the results of a Cox proportional hazards model explaining the time required 

to close fully effectively remediated supervisory measures i.e. a subset of all closed measures.  

Finding characteristics: The number of topics addressed within a measure is negatively 

associated with the speed of closure. Measures covering multiple topics require significantly 

longer remediation periods, suggesting that more complex findings are inherently more difficult 

to resolve. This result is consistent with the notion that addressing several interconnected 

deficiencies often requires broader organisational changes, greater coordination across 

business areas, and more extensive supervisory follow-up. 

The nature of the underlying deficiency also plays an important role. Measures related to Data, 

Reporting & IT exhibit the longest remediation periods, while all other finding categories are 

associated with significantly faster closure. In particular, Governance & Controls, NPE & 

Collateral Management, and Credit Lifecycle Management findings tend to be resolved more 

quickly. Remediation actions involving data infrastructures, reporting frameworks, and IT 

systems frequently require substantial investments, system development, and implementation 

efforts across multiple functions. By contrast, corrective actions targeting governance 

arrangements, credit processes, provisioning practices, or collateral management can often 

be implemented within shorter timeframes, resulting in faster remediation. 

The results indicate that the originator of the supervisory process is an important determinant 

of remediation speed. Relative to measures stemming from on-site inspections (OSI), 

measures originating from the SREP, Horizontal analyses, and JST activities exhibit 

significantly lower closure hazards, implying longer remediation periods. One possible 

explanation is that findings arising from broader supervisory assessments often relate to more 

structural or cross-cutting deficiencies, which may require more extensive remediation efforts 

before closure can be granted. 

Measure characteristics:  

Measure severity is also strongly associated with remediation duration. Compared with 

moderately severe measures (M2), low-severity measures (M1) are remediated more quickly, 

while high-severity (M3) and very high-severity (M4) measures remain open for longer. This 

pattern is consistent with the view that more severe findings typically reflect more significant 
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underlying weaknesses and therefore require more complex corrective actions and 

supervisory verification. 

By contrast, legal enforceability does not appear to affect remediation timelines. 

Recommendations do not differ significantly from legally binding obligations in terms of closure 

speed, suggesting that, conditional on other measure characteristics, the formal legal status 

of a measure is not a key determinant of how quickly remediation is achieved. 

Bank characteristics: Among bank-level factors, higher credit risk materiality and greater 

profitability are associated with faster remediation. This may indicate that institutions for which 

credit risk is a more central area of activity, and those with stronger financial performance, are 

better positioned to allocate resources to the implementation of corrective actions. However, 

these relationships weaken substantially once country and JST fixed effects are introduced, 

suggesting that part of the observed association reflects persistent differences across 

supervised institutions or supervisory teams rather than independent effects of these bank 

characteristics. 

By contrast, weaker governance, as measured by a higher SREP Governance score, is 

associated with faster closure among fully effective measures. This result should be interpreted 

cautiously. As shown in Section 5.1, weaker-governance banks are less likely to achieve full 

remediation in the first place. Since the duration analysis is conditional on successful 

remediation, the result may partly reflect selection effects, whereby only a subset of measures 

with a relatively high likelihood of remediation reaches closure in weaker-governance 

institutions. It may also reflect supervisory prioritisation, with both banks and supervisors 

focusing remediation efforts on a smaller number of measures where successful completion is 

considered most achievable. 

Table 2: Cox proportional hazards model 

Regressors 
Hazard 
Ratio 

Change 
in Hazard 
Rate 

Change in 
Time to 
Closure 

p-value 

Finding characteristics 

Number of topics 0.84*** 16% lower 19% longer <0.001 

Finding type 
(reference category: 
Data, Reporting & IT) 

Governance & 
Controls 

1.39*** 
39% 
higher 

28% 
shorter 

<0.001 

Classification & 
Staging 

1.19** 
19% 
higher 

16% 
shorter 

0.009 
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Regressors 
Hazard 
Ratio 

Change 
in Hazard 
Rate 

Change in 
Time to 
Closure 

p-value 

Provisioning & 
Model Risk 

1.22** 
22% 
higher 

18% 
shorter 

0.003 

NPE & Collateral 
Management 

1.35*** 
35% 
higher 

26% 
shorter 

<0.001 

Credit Lifecycle 
Management 

1.29*** 
29% 
higher 

23% 
shorter 

<0.001 

      

Process originator 
(reference category: 
OSI) 

Horizontal 0.77*** 23% lower 29% longer <0.001 

JST 0.90* 10% lower 11% longer 0.032 

SREP 0.66*** 34% lower 52% longer <0.001 

Measure characteristics 

Severity (reference 
category: moderate 

(M2)) 

Low severity (M1) 1.28*** 
28% 
higher 

22% 
shorter 

<0.001 

High severity (M3) 0.91** 9% lower 10% longer 0.008 

Very high severity 
(M4) 

0.82* 18% lower 21% longer 0.042 

Legal enforceability 
(reference category: 

obligation) 
Recommendation 1.05 5% higher 5% shorter 0.623 

Macroeconomic and market controls 

GDP growth 1.01* 1% higher 1% shorter 0.024 

Unemployment rate 0.99* 1% lower 1% longer 0.044 

Herfindahl index 0.96* 4% lower 4% longer 0.036 

Bank characteristics 

Governance score 1.13*** 
13% 
higher 

11% 
shorter 

<0.001 

Credit risk materiality 1.06** 6% higher 6% shorter 0.006 

Asset turnover 1.04* 4% higher 4% shorter 0.026 

Year fixed effects (ref. year 2016) 

2017 0.65*** 35% lower 54% longer <0.001 

2018 0.46*** 54% lower 
115% 
longer 

<0.001 

2019 0.43*** 57% lower 
134% 
longer 

<0.001 

2020 0.53*** 47% lower 89% longer <0.001 

2021 0.58*** 42% lower 72% longer <0.001 

2022 0.62*** 38% lower 61% longer <0.001 

2023 0.66*** 34% lower 50% longer <0.001 

2024 0.97 3% lower 3% longer 0.742 
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Robustness analyses:  One potential concern is that the estimated relationships may be 

influenced by unobserved differences across supervised institutions, supervisory teams or 

national supervisory environments. To address this, the Cox model was re-estimated 

including alternatively country and JST fixed effects. In particular, the estimated effects of 

finding complexity, finding type, process originator and measure severity remain stable 

across specifications. By contrast, the estimated effects of credit risk materiality, profitability 

and governance weaken substantially once JST fixed effects are included. This suggests that 

part of the variation attributed to bank characteristics in the baseline specification reflects 

persistent differences across supervised institutions or supervisory teams. 

In addition, the proportional hazards diagnostics reported in Annex 3 indicate violations of the 

proportional hazards assumption for several covariates and for the model globally. Hence, as 

an additional robustness check, Annex 4 reports estimates from a Weibull Accelerated Failure 

Time (AFT) model, which does not rely on this assumption.   

The AFT specification confirms the main findings of the Cox model. Measures associated with 

a larger number of findings exhibit significantly longer remediation durations, while findings 

related to Governance & Controls, Classification & Staging, Provisioning & Model Risk, NPE 

& Collateral Management, and Credit Lifecycle Management are closed more rapidly than 

findings in the reference category. SREP-originated measures are estimated to remain open 

approximately 4% longer than otherwise comparable measures, whereas measures 

originating from Horizontal functions and JSTs also exhibit modestly longer remediation 

durations. Weaker governance scores and higher credit risk materiality are associated with 

significantly shorter closure times, while legal enforceability continues to have no statistically 

significant effect. Although some individual coefficients differ in magnitude from those obtained 

in the Cox model, the overall pattern of results remains unchanged.  

Regressors 
Hazard 
Ratio 

Change 
in Hazard 
Rate 

Change in 
Time to 
Closure 

p-value 

2025 1.80** 
80% 
higher 

44% 
shorter 

0.003 

Observations 3,641    

Events 3,641    

Concordance (C-index) 0.617    

Significance † p < 0.10, * p < 0.05, ** p < 0.01, *** p < 0.001 
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Taken together, the consistency of the results across alternative specifications, including the 

AFT model and the additional bank-level controls, provides further evidence that the main 

conclusions are robust.  

6. Conclusion 

This paper provides a granular, outcome-oriented assessment of supervisory effectiveness by 

focusing on the remediation of supervisory measures in credit risk. Using a novel application 

of LLM to confidential supervisory data, it constructs a measure-level indicator of effectiveness. 

Further, using the subset of fully effectively closed measures, a duration analysis is conducted. 

Both analyses assess drivers using measure characteristics and bank-specific factors 

providing a comprehensive narrative about their influence on remediation outcomes. 

Finding issue: The results show that finding complexity is an important determinant of 

supervisory outcomes. Measures addressing a larger number of topics are less likely to 

achieve full remediation and take substantially longer to close. In addition, Data, Reporting & 

IT findings emerge as particularly challenging to remediate. Relative to other finding types, 

such measures display both lower remediation rates and longer remediation horizons, 

highlighting the implementation challenges associated with data quality, reporting frameworks 

and IT infrastructures. Findings originating from on-site inspections outperform those 

stemming from broader supervisory activities, such as the SREP and ongoing JST 

assessments, both in terms of remediation rates and closure times. 

Measure Characteristics: Supervisory measure characteristics are strongly associated with 

both effectiveness and remediation speed. More severe measures are less likely to achieve 

full remediation and require longer implementation periods. Recommendations are associated 

with a higher likelihood of full remediation, although legal enforceability does not appear to 

influence remediation speed. Taken together, these findings suggest that the nature of the 

underlying deficiency, the supervisory tool employed, and the complexity of implementation 

are important correlates of supervisory outcomes. 

Bank characteristics: Bank characteristics play a more nuanced role. More profitable 

institutions and banks with greater credit-risk materiality display stronger remediation 

outcomes in the baseline specifications, although these relationships weaken once JST-

specific heterogeneity is considered. By contrast, weaker governance is consistently 

associated with a lower likelihood of full remediation. At the same time, among measures that 

are fully remediated, weaker-governance institutions tend to achieve closure more quickly, a 
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result that may reflect selection effects or supervisory prioritisation rather than a direct 

governance effect on remediation speed. 

Time and Temporal Trends: The results indicate that measures initiated in most years after 

2016 are more likely to achieve full remediation, with particularly strong improvements 

observed in recent years. This pattern is consistent with an increased supervisory focus on 

remediation and follow-up, including the introduction of dedicated escalation frameworks and 

supervisory guidance supporting the closure of findings. 

Policy Implications: The findings offer several actionable insights for supervisors and 

policymakers: 

Simplifying Complex Measures: The greater effectiveness of recommendations and on-site 

measures may suggest that simplifying the implementation of measures could improve 

compliance. Supervisors should focus on feasibility, particularly for less well-resourced or 

poorly governed institutions. 

Tailoring Supervisory Strategies: Supervisors should account for bank-specific characteristics, 

such as governance, when designing and enforcing measures. The findings suggest that 

remediation strategies may need to be tailored to the characteristics and implementation 

capacity of supervised institutions. 

More broadly, the paper demonstrates how artificial intelligence can support the systematic 

evaluation of supervisory outcomes by transforming large volumes of unstructured supervisory 

information into empirically usable data. While the analysis identifies associations rather than 

causal effects and relies on documented remediation captured in supervisory narratives, it 

provides a practical framework for monitoring supervisory effectiveness at scale and 

contributes new evidence to the growing policy discussion on how supervisory success should 

be measured.  
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Annex 

Technical Annex A - Effectiveness prompt 

This annex documents the large language model (LLM) classification protocol used to 

construct the supervisory effectiveness variable.  

Model specification 

• Model: GPT-4.1 

• Provider: OpenAI 

• Temperature: 0.15 

• Number of independent classifications per observation: 10 

• Aggregation rule: The final effectiveness label was determined by majority voting 

across the ten independent model runs. Cases without a clear majority were manually 

reviewed by the research team. 

Classification task 

We instructed the LLM to evaluate whether the closure narrative provided evidence that the 

supervisory measure had successfully remediated the underlying deficiency identified by 

supervisors. Effectiveness was assessed according to the following definition: 

"Supervisory effectiveness means that the supervisory toolkit and powers are used to ensure 

that banks fully remediate identified deficiencies." 

We instructed the model to assign one of three categories: 

• Ineffective: The closure narrative provides little or no evidence that the identified 
deficiency was remediated. 

• Somewhat effective: The closure narrative indicates partial remediation or progress 
toward remediation, but material deficiencies remain or evidence is incomplete. 

• Effective: The closure narrative provides evidence that the identified deficiency was 
fully remediated and the supervisory objective was achieved. 

Input data 

For each observation, we provided the model with: 

• Measure title/header 

• Measure description 
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• Closure rationale 

Quality assurance and validation 

Several validation procedures were implemented: 

1. Expert review of selected subsamples. 

2. Iterative prompt refinement based on supervisory expert feedback. 

3. Ten independent classification runs per observation, aggregated using majority voting. 

4. Robustness analysis using an alternative model (o4-mini), yielding an agreement rate of 
approximately 90%. 

5. Manual inspection of cases displaying disagreement across iterations. 

Limitations 

The effectiveness variable should be interpreted as an LLM-assisted assessment of 

remediation outcomes based on information contained in supervisory closure narratives. While 

the classification protocol was designed to maximise consistency through detailed instructions, 

repeated model runs, majority voting, and expert validation, any assessment of effectiveness 

inevitably involves an element of interpretation. The resulting measure therefore reflects a 

structured expert-informed evaluation of the evidence contained in closure documentation 

rather than a mechanically observable outcome. 

For reproducibility, the complete system prompts are available from the corresponding author 

upon request. 

Technical annex B – Finding’s topic classification  

This annex documents the large language model (LLM) workflow used to classify supervisory 

findings and remediation measures into substantive credit-risk topics.  

The process consisted of two steps: 

• Taxonomy Development Stage: inductive identification of supervisory remediation 

themes from the text of findings and measures. 

• Taxonomy Classification Stage: systematic assignment of individual measures to 

taxonomy categories using step 1 classification framework. 

B.1 - Taxonomy development stage 
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The first step was designed to generate a parsimonious and scalable taxonomy of 

supervisory findings and remediation measures based on the deficiencies identified by 

supervisors and substantive remediation objective underlying each measure. 

Input 

For each supervisory case, the model received: 

• Finding description 

• Measure description 

Model Configuration 

• Model: GPT-4.1 

• Provider: OpenAI 

• Temperature: 0.00 

Quality assurance and validation 

To assess robustness, the taxonomy-generation exercise was repeated under multiple prompt 

formulations and applied to both the full sample and temporal subsamples. 

The final prompt specification was executed five times. The resulting taxonomies exhibited a 

high degree of consistency regarding the principal thematic categories and their hierarchical 

structure. 

Following generation, supervisory experts reviewed the proposed taxonomy and refined 

category definitions, resolved overlaps, and consolidated conceptually similar categories. The 

final taxonomy therefore reflects an iterative human-in-the-loop process combining LLM-

assisted thematic discovery with expert validation. 

B2 - Taxonomy Classification Stage 

In the second step, the refined taxonomy is embedded in a second prompt where we ask the 

LLM to assign each measure to the most appropriate taxonomy category. 

Measures were classified according to the primary credit-risk topic being remediated. 

Input 

For each observation, the model received: 

•  Measure title/header 
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• Finding description 

• Measure description 

Model Configuration 

• Model: GPT-4.1 

• Provider: OpenAI 

• Temperature: 0.15 

Classification Principle 

The model was instructed to classify measures based on the primary credit-risk topic being 

remediated, rather than the remediation instrument used. 

Accordingly, measures referring to policies, procedures, methodologies or frameworks were 

classified according to the substantive risk area addressed, rather than automatically being 

allocated to the policy category. 

Multiple tags were permitted only when a measure contained distinct remediation actions 

spanning multiple macro-topic areas. 

Quality assurance and validation 

Several measures were implemented to enhance consistency and reliability: 

• Finding and measure descriptions were evaluated jointly; 

• Predefined inclusion and exclusion criteria were embedded in the prompt; 

• The model was instructed to identify the primary remediation objective; 

• Category assignments based solely on policy or documentation language were 
discouraged; 

• Short evidence-based rationales were required for each classification. 

 

The classification prompt was developed iteratively. Multiple prompt formulations were tested 

on randomly selected subsamples, and outputs were reviewed by supervisory experts. 

Revisions continued until classifications were stable and conceptually coherent across testing 

samples. 

Following full-sample classification, experts reviewed category distributions and representative 

observations to identify remaining overlaps, redundancies, or conceptual ambiguities. 
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This review indicated that several categories captured closely related remediation objectives 

and could be consolidated into broader supervisory themes without a material loss of 

information. 

As a result, the original ten-category taxonomy was aggregated into six higher-level analytical 

categories used in the empirical analysis: 

Original Category Final Category 

A. Credit Risk Governance, Oversight & Internal Controls Governance & Controls 

B. Policy Framework & Documentation Governance & Controls 

J. Risk Appetite, Portfolio Strategy & Group Risk Management Governance & Controls 

D. Credit Risk Classification, Identification & Staging Classification & Staging 

C. Data, Reporting & IT Infrastructure Data, Reporting & IT 

G. Provisioning, Impairment & Model Risk Provisioning & Model Risk 

E. NPL, NPE & Forbearance Strategy and Management NPE & Collateral Management 

F. Collateral Management & Valuation NPE & Collateral Management 

H. Credit Monitoring & Early Warning Credit Lifecycle Management 

I. Credit Granting, Underwriting & Approval Process Credit Lifecycle Management 

Consequently, the final classification framework should be understood as the outcome of a 

structured human-machine collaboration in which LLM-assisted classification was 

complemented by iterative prompt refinement and expert validation. 

Limitations 

The resulting classifications depend on the information contained in supervisory findings and 

measure descriptions. As with other LLM-based annotation approaches, outputs may be 

sensitive to prompt design and model choice. To mitigate these risks, the taxonomy and 

classification rules were developed through repeated testing, expert review, and iterative 

refinement.  

For reproducibility, the complete system prompts are available from the corresponding author 

upon request. 

Annex 1 – Descriptive statistics 

Table A1: Distribution of Measure-Level Categorical Variables 

Categorical Variable Category Percentage 

Effectiveness Effective 55.25% 

Ineffective 1.51% 

Somewhat effective 43.24% 
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Measure severity M1: low 8.80% 

M2:moderate 47.29% 

M3: high 39.12% 

M4: very high 4.80% 

Process originator Horizontal 11.35% 

JST 18.24% 

OSI 60.65% 

SREP 9.76% 

Legal enforceability Obligation 6.02% 

Recommendation 93.98% 

Finding topic Governance & Controls 21.39% 

Classification & Staging 20.56% 

Provisioning & Model Risk 18.92% 

NPE & Collateral Management 13.06% 

Credit Lifecycle Management 15.72% 

Data, Reporting & IT findings 10.34% 

 

Table A2: Summary Statistics of Bank-Level Variables 

Variable Min Q1 Median Mean Q3 Max Coverage 

Number of topics 1.000 1.000 1.000 1.535 2.000 10.000 100% 

Credit risk materiality 0.310 0.814 0.8525 0.842 0.885 0.972 92% 

Asset turnover -0.017  0.008  0.013  0.014  0.019  0.051  92% 

SREP governance score 2.000 2.600 3.000 2.909 3.000 4.000 89% 

 

Table A3: Distribution of Measures by year of Creation 

Year of Measure Creation Number of Measures 

2016 396 

2017 1051 

2018 860 

2019 678 

2020 681 

2021 915 

2022 685 

2023 1407 

2024 998 

2025 435 

The distribution of measures over time is relatively balanced across the sample period, with 

observations ranging from 396 to 1407 per year between 2016 and 2025. In addition, the 

restriction to closed measures may introduce a selection effect. For more recent years, only 

measures with relatively short implementation horizons are observed, which are likely to be 

less complex and easier to remediate.  
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The distribution of the dependent variable shows a relatively balanced split between fully 

effective measures (55.25%) and somewhat effective measures (43.24%), while only a small 

share (1.51%) are classified as ineffective. This indicates that outright non-remediation is rare 

in the sample, with most measures achieving at least partial implementation. 

Regarding supervisory measure characteristics, most observations correspond to moderate-

severity (M2) and high-severity (M3), accounting for around 47.29%  and 39.12% of the sample 

respectively, while low-severity (M1) and very high-severity (M4) measures represent 

approximately 8.80% and 4.80%. In terms of supervisory origin, measures stemming from on-

site inspections (OSI) dominate the sample (60.65%), followed by JST activities (18.24%) and 

horizontal exercises (11.35%), while SREP-related measures account for a smaller share 

(9.76%). With respect to legal enforceability, most measures take the form of non-binding 

recommendations (93.98%), whereas legally binding obligations account for only 6.02% of 

observations. 

Turning to bank-level characteristics, the summary statistics indicate substantial heterogeneity 

across institutions. Credit risk materiality exhibits relatively high levels across the sample, with 

a mean of 84.2% and values ranging from 31.0% to 97.2%, suggesting significant variation in 

the importance of credit risk across banks’ risk profiles. In terms of profitability, asset turnover, 

capturing the efficiency with which banks generate income from their asset base, has a mean 

of 1.4% and ranges from -1.7% to 5.1%, indicating considerable differences in business 

models and operational performance. Finally, the SREP governance score is a supervisory 

assessment of the banks’ internal governance and risk management framework. It may take 

values from 1 to 4 with 1 being the best. In the sample it ranges from 2 to 4, with a median of 

3, suggesting that most banks in the sample are assessed as having moderate to satisfactory 

governance frameworks. 

The number of topics reflected within findings also varies across institutions, with an average 

of 1.5 topics and a range from 1 to 10, pointing to differences in supervisory focus and different 

levels of complexity. 
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Figure A1: Distribution of effectiveness outcomes by legal enforceability

 

Figure A2: Distribution of effectiveness outcomes by source of the finding  
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Figure A3: Distribution of effectiveness outcomes by type of finding issue 

 

Annex 2 – Drivers of effectiveness: robustness checks  

Table A4: Binomial logit augmented with JST and country fixed effects 

Regressors 
Country 

FE 
JST FE 

Finding characteristics 

Number of topics -0.122*** -0.107** 

 
Finding type (ref. Data, Reporting & 

IT) 
 
  

Governance & Controls 0.256** 0.275** 

Classification & Staging 0.340*** 0.372*** 

Provisioning & Model 
Risk 

0.254** 0.269** 

NPE & Collateral 
Management 

0.137 0.092 

Credit Lifecycle 
Management 

0.199 0.247* 

 
Process originator (ref. OSI) 

 

Horizontal -0.521*** -0.537*** 

JST -0.449*** -0.374*** 

SREP -0.499*** -0.481*** 

Measure characteristics 

 
Severity (ref. moderate, M2)  

Low severity (M1) 0.122 0.084 

High severity (M3) -0.187*** -0.168** 

Very high severity 
(M4) 

-0.484*** -0.460*** 

Legal enforceability (ref. obligation) Recommendation 0.415** 0.335* 
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Regressors 
Country 

FE 
JST FE 

Macroeconomic and market controls 

GDP growth 0.005 -0.007 

Unemployment rate 0.027 0.012 

Herfindahl index 0.205 0.025 

Bank characteristics 

Governance score -0.107*** -0.015 

Credit risk materiality 0.079** -0.029 

Asset turnover 0.029 0.058 

Year fixed effect (ref. 2016) 

2017 0.293* 0.249. 

2018 0.213 0.210 

2019 0.407** 0.402* 

2020 0.320. 0.148 

2021 -0.006 -0.017 

2022 0.296. 0.249 

2023 0.651*** 0.602*** 

2024 0.596*** 0.546*** 

2025 0.086 0.190 

Observations 6,918 6,918 

Fixed effects Country JST code 

AIC 9,110.9 8,955.1 

Significance 
† p < 0.10, * p < 0.05, ** p 
< 0.01, *** p < 0.001 

 

Table A5: Binomial regression excluding ineffective measures 

Regressors Coefficient 
Std. 
Error 

p-value 

Intercept -0.303 0.206 0.142 

Finding characteristics 

Number of topics -0.139*** 0.034 <0.001 

Finding type 
(reference 

category: Data, 
Reporting & IT) 

Governance & 
Controls 

0.242* 0.094 0.010 

Classification & 
Staging 

0.381*** 0.097 <0.001 

Provisioning & 
Model Risk 

0.270** 0.098 0.006 

NPE & Collateral 
Management 

0.147 0.105 0.163 
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Regressors Coefficient 
Std. 
Error 

p-value 

Credit Lifecycle 
Management 

0.224* 0.101 0.027 

Process 
originator 
(reference 

category: OSI) 

Horizontal -0.463*** 0.085 <0.001 

JST -0.442*** 0.070 <0.001 

SREP -0.465*** 0.104 <0.001 

Measure characteristics 

Severity 
(reference 
category: 

moderate (M2)) 

Low severity (M1) 0.126 0.092 0.172 

High severity (M3) -0.176** 0.056 0.002 

Very high severity 
(M4) 

-0.475*** 0.128 <0.001 

Legal 
enforceability 

(reference 
category: 
obligation) 

Recommendation 0.403** 0.135 0.003 

Macroeconomic and market controls 

GDP Growth -0.001 0.008 0.952 

Unemployment rate 0.008 0.008 0.336 

Herfindahl Index -0.232*** 0.029 <0.001 

Bank characteristics 

Governance score -0.106*** 0.025 <0.001 

Credit risk materiality 0.083** 0.028 0.003 

Asset turnover 0.061* 0.026 0.019 

Year fixed effects (ref. year omitted) 

2017 0.272* 0.134 0.043 

2018 0.243† 0.140 0.083 

2019 0.383** 0.141 0.007 

2020 0.266† 0.155 0.087 

2021 0.005 0.142 0.974 

2022 0.306* 0.144 0.034 

2023 0.556*** 0.134 <0.001 

2024 0.557*** 0.141 <0.001 

2025 0.062 0.286 0.829 

Number of observations 6,803 

Null Deviance 9,341.6 

Residual Deviance 8,965.2 

AIC 9,023.2 

Fisher Scoring Iterations 4 

Significance † p < 0.10, * p < 0.05, ** p < 0.01, *** p < 0.001 
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Table A6: Multinomial regression 

Somewhat effective vs effective RRR Magnitude (%) p-value 

Finding characteristics 

Number of topics 1.15*** +15.1% <0.001 

Finding type 
(reference 

category: Data, 
Reporting & IT) 

Governance & 
Controls 

0.79* −21.3% 0.011 

Classification & 
Staging 

0.68*** −31.6% <0.001 

Provisioning & 
Model Risk 

0.77** −23.5% 0.006 

NPE & Collateral 
Management 

0.86 −13.6% 0.165 

Credit Lifecycle 
Management 

0.80* −20.2% 0.026 

Process 
originator 
(reference 

category: OSI) 

Horizontal 1.59*** +59.1% <0.001 

JST 1.56*** +55.8% <0.001 

SREP 1.60*** +59.7% <0.001 

Measure characteristics 

Severity 
(reference 
category: 

moderate (M2)) 

Low severity 0.88 −11.8% 0.174 

High severity 1.19** +19.0% 0.002 

Very high severity 1.60*** +60.1% <0.001 

Legal 
enforceability 

(reference 
category: 
obligation) 

Recommendation  0.67** −32.9% 0.003 

Macroeconomic environment 

GDP growth 1.00 +0.1% 0.886 

Unemployment rate 0.99 −0.7% 0.347 

Herfindahl index 1.26*** +25.9% <0.001 

Bank characteristics 

Governance score 1.11*** +10.9% <0.001 

Credit risk materiality 0.92** −8.1% 0.003 

Asset turnover 0.94* −5.9% 0.020 

Year fixed effects (vs 2016) 

2017 0.77* −23.4% 0.047 

2018 0.79† −20.6% 0.099 

2019 0.69** −31.5% 0.007 

2020 0.78 −22.2% 0.106 
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Somewhat effective vs effective RRR Magnitude (%) p-value 

2021 0.99 −0.5% 0.969 

2022 0.74* −26.0% 0.037 

2023 0.58*** −42.3% <0.001 

2024 0.58*** −42.3% <0.001 

2025 0.94 −5.7% 0.837 

Significance † p < 0.10, * p < 0.05, ** p < 0.01, *** p < 0.001 

 

Annex 3 – Test for cox hazard proportionality assumptions 

Table A7: Proportionality assumption test 

Regressor χ² df p-value PH Assumption 

Number of topics 16.04 1 <0.001 Violated 

Finding type 12.48 5 0.029 Violated 

Measure severity 49.73 3 <0.001 Violated 

Measure process originator 109.94 3 <0.001 Violated 

Legal enforceability 25.60 1 <0.001 Violated 

GDP growth 21.39 1 <0.001 Violated 

Unemployment rate 0.28 1 0.598 Not rejected 

Herfindahl index 7.12 1 0.008 Violated 

Governance score 19.18 1 <0.001 Violated 

Credit risk materiality 26.03 1 <0.001 Violated 

Asset turnover 1.74 1 0.187 Not rejected 

Year fixed effects 212.79 9 <0.001 Violated 

Global test 390.88 28 <0.001 Violated 

Schoenfeld residual tests indicate violations of the proportional hazards assumption for 

several covariates and for the model globally. Visual inspection of the residual plots suggests 

that most departures from proportionality are gradual rather than indicative of abrupt changes 

in effect direction. To assess robustness, a Weibull accelerated failure time model was 

estimated. The AFT results are qualitatively similar to those obtained from the Cox 

specification, indicating that the main findings are not driven by the proportional hazards 

assumption. 

Annex 4 – Drivers of duration: robustness checks 

4.1 JST and country fixed effects  

Table A8: Cox augmented with JST and country fixed effects 
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Regressors 
Country fixed effects 

(HR) 
JST fixed effects (HR) 

Finding characteristics 

Number of topics 0.837*** 0.850*** 

Finding type 
(reference 
category: 

Data, 
Reporting & 

IT) 

Governance & 
Controls 

1.411*** 1.417*** 

Classification & 
Staging 

1.124† 1.155* 

Provisioning & Model 
Risk 

1.159* 1.208** 

NPE & Collateral 
Management 

1.339*** 1.319*** 

Credit Lifecycle 
Management 

1.251** 1.289*** 

Process 
originator 
(reference 

category: OSI) 

Horizontal 0.707*** 0.715*** 

JST 0.857** 0.789*** 

SREP 0.602*** 0.521*** 

Measure characteristics 

Severity 
(reference 
category: 
moderate 

(M2)) 

Low severity (M1) 1.246*** 1.226*** 

High severity (M3) 0.907** 0.872*** 

Very high severity 
(M4) 

0.806* 0.871 

Legal 
enforceability 

(reference 
category: 
obligation) 

Recommendation 1.090 1.140 

Macroeconomic and market controls 

GDP growth 1.012† 1.005 

Unemployment rate 0.944** 0.981 

Herfindahl index 0.877 1.068 

Bank characteristics 

Governance score 1.107*** 1.187*** 

Credit risk materiality 1.042† 1.011 

Asset turnover 0.976 0.992 

Year fixed effects (ref. year 2016) 

2017 0.752** 0.702*** 

2018 0.524*** 0.461*** 

2019 0.447*** 0.425*** 

2020 0.546*** 0.476*** 

2021 0.649*** 0.643*** 
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Regressors 
Country fixed effects 

(HR) 
JST fixed effects (HR) 

Finding characteristics 

2022 0.637*** 0.619*** 

2023 0.707*** 0.649*** 

2024 0.969 0.849 

2025 1.625* 2.269*** 

Observations 3,744 3,744 

Events 3,744 3,744 

Concordance 0.631 0.669 

LR χ² 611.1 1,078.0 

Wald χ² 617.8 1,093.0 

Score χ² 634.2 1,164.0 

Significance † p < 0.10, * p < 0.05, ** p < 0.01, *** p < 0.001 

4.2 Accelerated Failure Time results  

Table A9 reports estimates from a Weibull accelerated failure time model with JST-clustered 

standard errors and country fixed effects. Notably, unlike the Cox model, in AFT a positive 

(negative) coefficient implies longer (shorter) duration.  

The results broadly confirm the findings from the Cox model. Measures associated with a larger 

number of findings take longer to close, while findings related to Governance & Controls, 

Classification & Staging, Provisioning & Model Risk, NPE & Collateral Management, and Credit 

Lifecycle Management are resolved significantly faster than the reference category (Data, 

Reporting & IT). 

Regarding measure characteristics, SREP-originated measures remain open significantly 

longer than measures originating from OSIs, with expected closure times approximately 4% 

longer. Measures classified as low severity (M1) are resolved more quickly, whereas high 

severity measures (M3) exhibit longer remediation durations. Legal enforceability continues to 

have no statistically significant effect on closure times. 

Bank characteristics also exert a meaningful influence on remediation duration. Worse 

governance scores are associated with significantly shorter closure times, while greater credit 

risk materiality is likewise linked to faster remediation. In short, this specification supports the 

results from the Cox model reported in the result section. Moreover, by using Weibull 

accelerated failure time model, which does not rely on proportional hazard assumptions, and 

supports the results of the Cox model, we resolve some concerns on the validity of previous 

assumptions.  
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Table A9: Robustness check – AFT 

Regressors 
Time 
Ratio 

Change in 
Hazard 

Rate 

Change in 
Time to 
Closure 

p-
value 

Finding characteristics 

Number of topics 1.02*** 2% lower 2% longer <0.001 

Finding type (reference 
category: Data, 
Reporting & IT) 

Governance & 
Controls 

0.97*** 3% higher 3% shorter <0.001 

Classification & 
Staging 

0.98* 2% higher 2% shorter 0.012 

Provisioning & Model 
Risk 

0.98** 2% higher 2% shorter 0.004 

NPE & Collateral 
Management 

0.97*** 3% higher 3% shorter <0.001 

Credit Lifecycle 
Management 

0.97*** 3% higher 3% shorter <0.001 

Process originator 
(reference category: OSI) 

Horizontal 1.03*** 3% lower 3% longer <0.001 

JST 1.01* 1% lower 1% longer 0.049 

SREP 1.04*** 4% lower 4% longer <0.001 

Measure characteristics 

Severity (reference 
category: moderate (M2)) 

Low severity (M1) 
 

0.98*** 2% higher 2% shorter <0.001 

High severity (M3) 1.01* 1% lower 1% longer 0.015 

Very high severity 
(M4) 

1.02† 2% lower 2% longer 0.062 

Legal enforceability 
(reference category: 

obligation) 
Recommendation 1.00 0% lower 0% shorter 0.696 

Macroeconomic and market controls 

GDP growth 1.00* 0.1% higher 0.1% shorter 0.029 

Unemployment rate 1.00† 0.1% lower 0.1% longer 0.062 

Herfindahl index 1.00* 0.4% lower 0.4% longer 0.041 

Bank characteristics 

Governance score 0.99*** 1.2% higher 1.2% shorter <0.001 

Credit risk materiality 0.99* 0.5% higher 0.5% shorter 0.012 

Asset turnover 1.00† 0.3% higher 0.3% shorter 0.055 

Year fixed effects (ref. year 2016) 

2017 1.04*** 4% lower 4% longer <0.001 

2018 1.08*** 8% lower 8% longer <0.001 

2019 1.09*** 9% lower 9% longer <0.001 

2020 1.06*** 6% lower 6% longer <0.001 
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Regressors 
Time 
Ratio 

Change in 
Hazard 

Rate 

Change in 
Time to 
Closure 

p-
value 

2021 1.05*** 5% lower 5% longer <0.001 

2022 1.05*** 5% lower 5% longer <0.001 

2023 1.04*** 4% lower 4% longer <0.001 

2024 1.00 0% higher 0% longer 0.795 

2025 0.95* 5% higher 5% shorter 0.012 

Observations 3,744    

Events 3,744    

Distribution Weibull AFT 

Log-likelihood ratio test χ² = 396.4 (28 df) <0.001 

Significance 
† p < 0.10, * p < 0.05, ** p < 0.01, *** p < 
0.001 
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