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[bookmark: _Toc200891284]1. Introduction 
International Financial Reporting Standard 9 (IFRS 9), effective since January 1, 2018, represents one of the most significant accounting reforms in the past two decades in bank accounting. A key feature of IFRS 9 is the introduction of the Expected Credit Loss (ECL) model, a forward-looking approach for recognizing credit losses in financial statements. This paradigm shift was designed to address longstanding criticisms of the Incurred Credit Loss (ICL) model under the previous International Accounting Standard 39 (IAS 39) (e.g., Bischof et al. 2021; Giner and Mora 2019).
Under IAS 39, credit losses were recognized upon the occurrence of observable trigger events, such as borrower bankruptcy, breach of contract, or default. By prohibiting banks from incorporating of credit events expected to occur after the balance sheet date, the ICL model restricted forward-looking provisioning, even when emerging credit risks were foreseeable (Beatty and Liao 2014, Novotny-Farkas 2016). This delayed recognition of credit losses has been criticized for exacerbating lending procyclicality, as provisioning surges during economic downturns strained regulatory capital, thereby constraining credit supply (e.g., Beatty and Liao 2011; Bushman and Williams 2015).
Before its adoption, the ECL model was expected to enhance financial stability by mitigating procyclicality through the timelier recognition of credit losses (e.g., Cohen and Edwards, 2017; ESRB, 2017; Novotny-Farkas, 2016; Kim et al., 2021). However, its implementation introduces significant operational complexity, requiring extensive data collection and the integration of advanced risk modeling techniques incorporating internal and macroeconomic forecasts (BCBS 2015, ECB 2017). The increased reliance on managerial discretion under IFRS 9 further raises concerns about opportunistic earnings and regulatory capital management, potentially introducing distortions similar to those observed under the ICL model (e.g., Bischof et al., 2021; Novotny-Farkas 2016). Furthermore, the implementation of the IFRS 9 ECL model introduces significant operational complexity (e.g., KPMG 2017). Moreover, its forward-looking approach requires banks to estimate credit losses under heightened uncertainty, often necessitating top-level adjustments or management overlays due to limitations in credit risk models (ESMA 2021). In this context, qualitative disclosures may play a critical role in evaluating the appropriateness of provisioning practices.
Given these complexities, the extent to which the ECL model represents a substantive improvement over the ICL model remains an open question, prompting heightened regulatory scrutiny. The Basel Committee on Banking Supervision (BCBS) has emphasized the importance of high-quality implementation, aligning ECL with broader credit risk management practices and regulatory frameworks (BCBS 2015). Similarly, the European Securities and Markets Authority (ESMA) has called for enhanced transparency in ECL qualitative and quantitative disclosures (ESMA, 2021)[footnoteRef:1]. These regulatory concerns underscore the need for further empirical research to assess whether the transition to ECL has effectively strengthened credit risk management and financial stability as originally expected. [1:  The ESMA notes: “the disclosures of about half of the banks were boilerplate, providing no specific qualitative input (such as governance, objective circumstances leading to impairment, use of scenarios, consideration of the collateral) and only included a general description of ECL models” (ESMA, 2021, p. 16)] 

Early studies on IFRS 9 suggest that the adoption of the ECL model in 2018 enhanced the timeliness and informativeness of loan loss provisions (LLPs) in reflecting bank risk (e.g., López Espinosa et al. 2021; Kim et al. 2021). However, the existing literature has primarily focused on the quantitative aspects of credit loss estimation, while the role of qualitative credit risk disclosures remains comparatively underexplored. This gap is notable given IFRS 9’s explicit emphasis on more comprehensive and forward-looking narrative disclosures through its interaction with IFRS 7, which are intended to enhance transparency in banks’ risk reporting (e.g., KPMG 2016; FRAB 2017).  At the same time, disclosures entail processing costs for investors, who must: (i) track the availability of a disclosure, (ii) extract relevant information, and (iii) analyze their content (Blankespoor et al., 2020). Given investors’ limited resources and varying analytical capabilities, higher processing costs may reduce the extent to which disclosures are effectively utilized, ultimately affecting the informativeness for decision-making. In this context, understanding how banks structure their disclosure strategies under the ECL model—and how investors interpret these disclosures—is essential, particularly in conveying qualitative credit risk information beyond the quantitative estimates of credit losses. Effective communication of such disclosures can provide investors and regulators with a more nuanced understanding of the ECL model and its broader implications for banks’ credit risk management.
 This study examines the implications of credit risk-related disclosures under the IFRS 9 ECL model, focusing on the informativeness of qualitative credit risk disclosures within an accounting framework that allows for significant managerial judgment and discretion. Additionally, we investigate the extent to which risk disclosure reflects banks’ timeliness of credit losses recognition and their lending behavior. The analysis aims to provide insights into banks’ risk disclosure strategies and investors’ disclosure processing strategies, which contributes to the effectiveness in the transition from ICL model to ECL model.   
To address these research questions, we conduct our analyses on a sample of publicly listed European banks from 2014 to 2022. All banks in our sample adopted IFRS 9 starting in 2018. Rather than constructing a separate control group of untreated banks, we use a within-bank comparison over time, treating the pre-adoption period (2014–2017) as the control and the post-adoption period (2018–2022) as the treatment. We measure qualitative credit risk disclosures across two primary dimensions: (1) accounting judgement of credit risk, as reflected in the intensity of credit risk-related statements and (2) managerial sentiment, as reflected in the tone of these statements. Furthermore, we distinguish the intensity of credit-related statements into the realization of credit losses (ACC_Realization) and the anticipation of credit risk-related events (Acc_Prediction). In terms of tone, we investigate the temporal orientation of credit risk-related statements, categorizing them into past (Past-Tone), present (Present-Tone), and future (Future-Tone). Overall, these measures allow us to capture accounting judgement and managerial sentiment of credit risk disclosure and provide insights into how banks communicate their credit risk exposures.
To examine the informativeness of qualitative credit-risk disclosures, we first explore how qualitative credit-risk information affects market outcomes due to disclosure processing cost. In particular, we investigate whether these disclosures impact the speed of resolution of investors’ disagreement and uncertainty around the annual report filing date. Our findings suggest that investors incorporate managerial sentiment toward credit risk into information processing strategies, with the temporal orientation of this sentiment playing a significant role. A positive (negative) tone toward present (past) credit-risk assessments is incrementally more positively associated with faster resolution of uncertainty under IFRS 9 than under IAS 39. However, our intensity measures are not directly processed by market participants in determine the speed of resolution under stable economic condition; instead, they moderate the processing cost of LLP, with an increase in LLP being incrementally more associated with faster (slower) resolution of uncertainty for banks providing higher forward-looking credit-risk assessments (realized credit-risk statements). 
[bookmark: OLE_LINK5]After documenting investors' information processing of credit risk disclosures, we proceed in the second stage of our analysis to investigate the alignment between narrative credit-risk disclosures and quantitative credit-risk indicators. Specifically, we aim to identify whether investors' processing costs stem primarily from misalignment between qualitative and quantitative disclosures or from the increased complexity inherent in the disclosures themselves. While the overall association between our qualitative credit risk metrics and changes in the allowance for loan losses yields inconclusive results, a more focused examination of changes in the allowance across the different IFRS 9 stages provides notable insights. First, during periods of economic uncertainty, the intensity of forward-looking credit risk statements becomes incrementally more informative about changes in the allowance for expected credit losses in Stage 1 and Stage 2. This suggests that such disclosures are more effective in explaining provisions for expected credit losses compared to impaired losses during times of uncertainty. In contrast, the intensity of forward-looking credit risk statements is negatively associated with changes in the allowance for loan losses in Stage 3. Additionally, while realized-based credit risk statements are positively associated with higher changes in provisions for Stage 3, this effect is attenuated during uncertain economic conditions. Second, the linguistic attributes of credit risk disclosures are primarily informative for explaining changes in provisions for expected credit losses in Stage 1 and Stage 2. During periods of economic uncertainty, a more negative, past-oriented tone is associated with an increase in provisions for Stage 1 loans. Conversely, a more positive, past-oriented tone is associated with an increase in provisions for Stage 2 loans, aligning with conservative accounting practices. Additionally, a more negative tone—whether present- or future-oriented—is associated with higher provisions for Stage 2 loans, both during normal economic conditions and periods of uncertainty. The informativeness of qualitative disclosures in reflecting quantitative measures explain their moderating effect on the processing costs of loan loss provisions (LLP). Specifically, it suggests that increase in processing costs are driven by the increased complexity of information rather than misalignment between qualitative and quantitative disclosures.
In the third step of our analysis, we investigate whether qualitative credit risk disclosures provide meaningful insights into the timeliness of loan loss recognition, as discussed in prior literature (e.g., Beatty and Liao, 2011; Bushman and Williams, 2015). Our findings suggest that banks that provide more realized-based credit risk information demonstrate timelier loss recognition, especially at stage 3, under the IFRS 9 ECL model, in contrast to banks that disclose less qualitative information on this aspect. However, our results do not support the notion that managerial sentiment, as reflected in qualitative disclosures, significantly informs the timeliness of loss recognition.  
In our final analysis, we investigate the impact of qualitative disclosures on banks’ lending behavior during the COVID-19 crisis, with a focus on the post-ECL effects of narrative disclosures on lending procyclicality. We find that during the crisis, banks providing more LLP exhibit lower loan growth, suggesting a higher degree of lending procyclicality, while more realized disclosure attenuate the procyclicality reflected by LLP. This result aligns with our previous findings, where we observed that the intensity of realized credit risk disclosures is significantly associated with timelier loss recognition under IFRS 9 and with reduced accounting procyclicality, specifically a significant slowing increase in loan loss reserves for expected losses in Stage 3 during periods of uncertainty. A slowly increase in the allowance for loan losses may not reduce banks' willingness to lend due to regulatory capital constraints, as suggested by the capital crunch hypothesis (e.g., Beatty and Liao 2011).
Our study makes a significant contribution to the literature on banking and the accounting treatment of credit risk by addressing a critical research gap regarding risk disclosure during the transition from the ICL model to the ECL model. Specifically, we extend existing research on the implementation of IFRS 9, which has predominantly focused on the quantitative estimation of credit loss provisions (e.g., Abad and Suarez 2018; Bischof et al. 2022; Dong and Oberson 2022; Kalista and Novotny-Farkas 2023; López-Espinosa et al. 2021; López-Espinosa and Penalva 2023), by examining the informativeness of qualitative risk disclosures. By analyzing a sample that spans both pre- and post-ECL adoption periods, including the COVID-19 crisis, our findings provide valuable insights into the informativeness of banks' credit risk disclosures under two different accounting standards, and across both stable and stressed economic conditions. While controlling for quantitative estimates of credit losses under both the ICL and ECL models, we demonstrate how the key accounting judgment concepts, prediction and realization, as well as managerial sentiment provide incremental information about underlying credit risk and lending behavior. Our study thus sheds light on the evolving role of narrative risk disclosures in financial reporting.
Our study offers early empirical evidence on the capital market effect of credit risk disclosure under the transition from ICL model to ECL model. Based on the disclosure processing cost theory (Blankespoor et al., 2020), we find that the increased complexity under ECL model heightens the disclosure processing cost and, thus, slows investors’ resolution of disagreement and uncertainty. We also find the aligned information between qualitative and quantitative disclosures has the potential to mitigate the processing cost. For practitioners and policymakers, our study highlights the importance of consistent qualitative disclosures in enabling investors to quickly synthesize and interpret information, particularly when faced with complex data or multiple signals.
In comparison to prior research, our study introduces several novel approaches to assessing banks’ risk disclosure. First, we evaluate two dimensions of credit risk intensity—Prediction and Realization scores (Acc_Prediction and Acc_Realization)—which capture banks’ accounting judgments at two distinct levels of risk uncertainty. Second, we assess the informativeness of managerial sentiment in qualitative credit risk assessments, specifically sentiment scores (positive vs. negative) and tense-based scores (future, present, and past). Third, to ensure contextual relevance and reduce potential bias in textual scoring, we extract credit risk-related disclosures by identifying paragraphs containing only key terms such as “credit risk” and “credit losses” within banks' annual reports. 
The remainder of this paper proceeds as follows. Section 2 presents the institutional background and Section 3 reviews the literature. Section 4 describes the research design, models, sample and data, followed by the empirical results in Section 5. Section 6 provides a concluding remark.
[bookmark: _Toc200891285]2. Institutional Background
Until recently, loan loss provisions (LLPs) were determined under an incurred credit loss (ICL) model, which required the occurrence of an objective trigger event for LLP recognition. This approach has faced substantial criticism for encouraging banks to provision “too little, too late” (ECB 2017), thereby contributing to increased financial instability by exacerbating lending procyclicality (e.g., Beatty and Liao, 2011). This criticism ultimately prompted the introduction of more forward-looking accounting standards for LLPs by both the IASB (i.e., IFRS 9) and the U.S. FASB (i.e., ASU 2016-13).
The switch to forward-looking accounting standards for LLPs has been strongly advocated by banking authorities (e.g., the Basel Committee on Banking Supervision (BCBS) and the European Banking Authority (EBA)) following the global financial crisis of 2008 (e.g., Giner and Mora, 2019). They recognize the potential of the IFRS 9 ECL model to enhance credit risk management and financial stability. To ensure consistent implementation, the BCBS issued guidance in 2015, highlighting the need for a high-quality and standardized application of the ECL model across jurisdictions, incorporating forward-looking and supportable credit information.[footnoteRef:2] Overall, the BCBS and EBA played a critical role in shaping and supporting the practical implementation of IFRS 9, aiming at promoting a smooth transition to the ECL model while addressing its regulatory implications. Their coordinated efforts sought to strengthen credit risk assessment, enhance financial reporting transparency, and reduce procyclicality in the banking sector. [2:  The BCBS also acknowledged that the adoption of IFRS 9 could lead to higher loan loss provisions, affecting banks’ capital adequacy. To mitigate potential disruptions, it explored transitional arrangements to ease the impact on regulatory capital. Similarly, in 2017, the EBA provided its own guidelines, reiterating that the ECL model would help overcome the “too little, too late” issue of the IL model by integrating a broader spectrum of credit risk indicators. The EBA also introduced best practices for ECL implementation, ensuring alignment with prudential regulatory requirements while balancing prudence, simplicity, and comparability. Recognizing that the initial impact could be substantial for some institutions, the EBA recommended transitional measures to stabilize capital ratios.] 

Under IFRS 9, banks are required to estimate provisions for expected credit losses (ECLs) upon initial loan recognition, rather than waiting for a trigger event. The staging classification plays a critical role in ECL measurement, with financial assets categorized into three stages based on their credit risk. Stage 1 includes financial assets whose credit risk has not increased significantly since initial recognition, for which banks recognize 12-month ECLs. Stage 2 encompasses financial assets with a significant increase in credit risk (SICR) since initial recognition, for which banks recognize lifetime ECLs. Stage 3 consists of credit-impaired financial assets, such as nonperforming loans, for which lifetime ECLs are also recognized. At each reporting date, banks must assess the credit quality and any changes in the credit risk of loans from their inception, updating their loss provisions accordingly. Overall, the introduction of IFRS 9 is anticipated to result in an increase in both quantitative and qualitative disclosures (KPMG, 2016).
ECL measurement under IFRS 9 introduces both complexity and discretion. For instance, banks must integrate forward-looking information (FLI) to estimate the forward probability of defaults which is challenging (Grünberger, 2012). Additionally, the process of determining a “significant increase in credit risk” (SICR), which triggers movement between stages, involves significant discretion. Banks must decide which factors—such as macroeconomic changes, borrower-specific conditions, or payment delinquencies—indicate a SICR. The recognition of a SICR involves a transition to lifetime losses recognition, generating the so-called “cliff-effects” - a substantial increase in LLP recognition (Novotny-Farkas, 2016). To avoid the ‘cliff effects’, management might opportunistically delay the movement of financial assets from Stage 1 to Stage 2.
IFRS 7 mandates qualitative disclosures to enhance the transparency and interpretability of ECLs under IFRS 9. For instance, banks must disclose their credit risk management practices and how these relate to ECL recognition and measurement (IFRS 7, 35F). They must also explain the criteria for assessing a SICR (IFRS 7, 35F, (a)). Additionally, banks are required to disclose key inputs, assumptions, and estimation techniques used in ECL calculations (IFRS 7, 35G). These disclosures are essential for assessing the subjectivity and variability of ECL estimates. By complementing IFRS 9’s quantitative requirements, IFRS 7 should facilitate a more comprehensive understanding of banks’ risk exposures and provisioning practices. 
Overall, IFRS 9 represents a paradigm shift in loan loss accounting, addressing the shortcomings of IAS 39 by adopting a more forward-looking approach. By eliminating the trigger event requirement, the standard aims for timelier recognition of credit losses. However, its increased reliance on managerial discretion and judgment poses implementation challenges, particularly in periods of heightened uncertainty, such as the COVID-19 pandemic. In this context, qualitative disclosures may be critical to assess the timeliness and transparency of loss recognition in the banking sector.
[bookmark: _Toc200891286]3. Literature Review and Empirical Predictions
[bookmark: _Toc200891287]3.1 Related Research
Several studies focusing on quantitative information have examined provisioning practices under the IFRS 9 ECL model. Kim et al. (2021) find that the timeliness of loan loss recognition improves following the adoption of the IFRS 9 ECL model.  López-Espinosa et al. (2021) show that LLPs measured under the IFRS 9 ECL model are more predictive of future bank risk than those under the IAS 39 ICL model. Oberson (2021) provides evidence that IFRS 9 adoption is associated with greater discretionary provisioning behavior, which, in certain instances, enhances the informativeness of provisions for CDS pricing. Bischof et al. (2022) report that German banks strategically adjust internal ratings to minimize loan loss provisions under IFRS 9. We contribute to this literature by emphasizing the critical role of qualitative disclosures in informing banks' provisioning behavior.
Recent studies have also explored the impact of the IFRS 9 ECL model on lending procyclicality. Using simulation techniques, Abad and Suarez (2018) find that the IFRS 9 ECL model can diminish banks' lending capacities due to a heightened responsiveness of LLPs to changes in aggregate economic conditions. Novotny-Farkas et al. (2024) show that LLPs for unimpaired assets are more procyclical, although prudential filters may mitigate the associated lending procyclicality during economic shocks such as the COVID-19 pandemic, while delayed loss recognition on impaired assets exacerbates procyclicality. López-Espinosa and Penalva (2023) find that the effect of IFRS 9 on lending procyclicality in Spain during COVID-19 was relatively modest. We extend this body of research by examining how beliefs and attitudes shape the decision-making processes of bankers.
Another relevant strand of research explores the effects of the adoption of the CECL model in 2020, which occurred two years after the adoption of IFRS 9. Chen et al. (2025) report that banks adopting CECL prior to the COVID-19 pandemic experienced a more significant reduction in loan growth during the subsequent recession compared to their non-CECL counterparts. Kim et al. (2023) find that CECL adoption leads to more timely LLPs that better reflect future local economic conditions, with banks also experiencing fewer loan defaults and providing more forward-looking disclosures. They argue that the shift to a forward-looking accounting standard has enhanced the quality of banks’ internal information, especially for those with more resources to invest in related technology and human capital. Gee et al. (2024) report that CECL improves the value relevance of credit loss allowances and their ability to predict future credit losses, making them more useful for investors. In contrast, Bonsall et al. (2024) observe that CECL adoption is associated with a decline in the accuracy of analyst forecasts, a finding consistent with Bable et al. (2023), who report generally negative perceptions of CECL among analysts. While studies on CECL provide valuable insights into the potential effects of IFRS 9, their findings may not directly apply to the ECL framework due to key differences between the two models. The most significant distinction lies in the treatment of loans: under IFRS 9, loans are categorized into three stages based on credit quality, with loss estimates varying by stage and horizon, whereas CECL requires lifetime loss estimation for all loans, regardless of credit classification.
While much of the literature emphasizes quantitative disclosure, the majority of disclosures are presented in a qualitative form, primarily through textual descriptions. Recent studies find that qualitative corporate disclosures can be useful sources for acquiring firms’ unobservable information (e.g., Campbell et al., 2014). The temporal orientation of these disclosures can carry significant economic implications. For instance, Huang et al. (2022) report that forward-looking statements can improve firms’ information environment. Furthermore, a growing body of research on textual sentiment analysis in finance and accounting (e.g., Kearney & Liu, 2014; Loughran & McDonald, 2016; Bassyouny et al., 2022; Bochkay et al., 2023) has significantly enhanced our understanding of the role of sentiment—commonly measured through tone—in reflecting future firm performance or other quantitative variables. Bassyouny et al. (2022) provide a comprehensive review of 64 studies on disclosure tone across various financial reporting channels, highlighting the increasing academic interest in this area. Despite the growing prevalence of qualitative risk disclosures in the banking sector (e.g., Bischof, 2009; Dong et al., 2019), research on the intersection of qualitative risk disclosures and sentiment remains in its infancy. Lobo et al. (2024) provide evidence that the adoption of IFRS 7 is associated with a reduction in bank risk-taking, consistent with the notion that enhanced transparency imposes disciplinary effects on banks’ risk-taking behavior. However, their analysis does not distinguish whether these effects differ between qualitative and quantitative disclosures. In the U.S., Hribar et al. (2017) show that national-level managerial sentiment influences banks provisioning practices, while Berger et al. (2024) highlight that banks’ sentiment affects their liquidity provision to the economy. Furthermore, Bae et al. (2025) report that US banks with more negative sentiment increase LLPs under the ICL model beyond what is justified by economic fundamentals, exacerbating lending procyclicality. These studies collectively highlight the important role of qualitative disclosures in shaping bank managers’ decisions, with broader economic consequences. However, few studies have explored how investors interpret and respond to qualitative risk disclosures. Understanding how market investors process this information is crucial, as is examining how qualitative risk disclosures and sentiment influence banks’ reporting practices and their effects on the real economy. These insights are essential for evaluating the impact of IFRS 9, which expands the information set that entities must consider when estimating expected credit losses. 
[bookmark: _Toc200891288]3.2 Theoretical underpinnings and empirical predictions
Although firm disclosures, including risk disclosures, are publicly available, they often function as private information due to the presence of processing costs (Blankespoor et al., 2020). Disclosure processing costs encompass (i) awareness costs, (ii) acquisition costs, (iii) and integration costs (Blankespoor et al., 2019). Specifically, investors must: (i) track whether a manager has released a report or embedded a disclosure within a broader document; (ii) extract and quantify a disclosure signal; (iii) integrate the acquired signals into a valuation estimate or investment decision. 
The disclosure processing cost theory provides a critical framework for understanding how investors engage with firms’ disclosures (Blankespoor et al., 2020). When the costs of processing disclosures exceed the expected trading benefits, investors may rationally choose to ignore the information, leaving it unpriced. This results in a form of efficient inefficiency, where certain market participants can earn competitive returns by engaging in costly information processing. Consistent with the semi-strong efficient market hypothesis, investors operate with limited resources and heterogeneous processing capabilities, meaning that higher processing costs lead to fewer investors engaging with available information and slower information processing. This creates room for investor disagreement and heightened uncertainty (Simon, 1978; Merton, 1987; Bloomfield, 2002; Hirshleifer & Teoh, 2003; Barth et al., 2020).
While all firms’ disclosures involve processing costs, qualitative disclosures present unique challenges that can affect these costs. The introduction of IFRS 9 has significantly altered the landscape of risk disclosures in annual reports by expanding the qualitative information firms must provide about credit risk and risk management strategies (KPMG, 2016; FRAB, 2017). Qualitative credit risk disclosures can be categorized into two levels of intensity: prediction, which involves forward-looking estimates of potential credit losses, and realization, which reflects actual credit loss outcomes. The primary objective of these disclosures is to enhance transparency in the communication of credit risk. If the total available information remains consistent across qualitative and quantitative disclosures, qualitative disclosures can lower processing costs by helping investors efficiently interpret and integrate complex data, and enhance the investors’ decision-making (Henry and Peytcheva, 2018). 
However, they could also increase investors' processing costs, particularly due to their qualitative nature, complexity, and subjectivity (Blankespoor et al., 2020; KPMG, 2017). Unlike quantitative data, which follows standardized reporting formats and can be easily integrated into financial models, qualitative disclosures often require subjective interpretation, increasing the cognitive effort needed to extract relevant insights. Their complexity of qualitative risk disclosure arises from the use of narrative descriptions, conditional language, and firm-specific terminology, making it difficult for investors to compare disclosures across firms and industries (Li, 2008). Furthermore, the inherent subjectivity in qualitative disclosures allows for greater managerial discretion, potentially leading to ambiguous or strategically framed information that requires investors to expend additional effort in assessing credibility, identifying biases, and distinguishing between informative content and impression management. As a result, investors may face higher costs in processing and analyzing qualitative risk disclosures, particularly in cases where risk assessments involve forward-looking statements, hypothetical scenarios, or uncertain macroeconomic conditions:
Empirical Prediction 1: Credit risk intensity disclosure is associated with increased processing costs for investors, which affects market outcomes
Linguistic attributes of credit risk disclosure can significantly influence investors' processing costs. Firstly, linguistic tone can play a nuanced role in how investors process qualitative risk disclosure. On the one hand, if the optimistic tone is used strategically to mask its underlying economic fundamentals, investors may face additional processing costs as they work to de-bias misleading or exaggerated sentiment (Huang et al., 2014). On the other hand, linguistic tone can also serve as a low-cost source of value-relevant information, allowing investors to process qualitative disclosures more efficiently. Prior research suggests that the tone of earnings announcements (EAs) provides meaningful signals about a firm's future performance and current market return (Davis et al., 2012), suggesting that investors do process tone as informative when it aligns with other financial signals. Blankespoor et al. (2020) argue that even if investors could extract the same information through quantitative analysis, the human brain's innate ability to interpret tone allows for a faster and more intuitive integration of information, ultimately reducing processing costs.
Then, to further refine our prediction about the association between tone and processing costs, we consider the tone of credit risk statements under different temporal orientations. Past tense conveys that something was true at a specific point in time, and often reflects a high degree of subjectivity (Englebretson, 2008; Packard et al., 2023). Investors must exert greater cognitive effort to verify these statements and assess their relevance to current or future conditions. Moreover, managers may strategically employ optimistic past-tense language to create a favorable impression of banks credit risk, further increasing the interpretive burden on investors who must de-bias potentially misleading narratives. In contrast, present-tense disclosures are perceived as more helpful, useful, and persuasive because they convey greater certainty and immediacy (Packard et al., 2023). Unlike past statements, which may no longer hold true, present-tense expressions are inherently current and thus more aligned with observable fundamentals. Philosophers of language argue that present tense conveys a "feeling of presence," giving the impression of real-time relevance and credibility (Benoit & Harthcock, 1999; Packard et al., 2023). Consequently, investors may find it easier to interpret a positive present-oriented tone and may rely more on intuitive processing, reducing cognitive costs. 
Future statements can play a fundamentally different communicative role, which involves prediction and subjective judgment (Packard et al., 2023). The effect of such tone on investor processing costs depends critically on managerial incentives (Emett, 2019). When managers use optimistic forward-looking language to genuinely convey expectations or clarify complex forecasts—as seen in Management Discussion & Analysis (MD&A) sections—it can enhance informativeness and reduce investor mispricing, thereby lowering processing costs (Li, 2010). However, when such language reflects overconfidence or is strategically used to mislead, it may raise skepticism and require greater evaluative effort from investors to assess credibility and intent. Thus, the relationship between future-oriented tone and processing cost is conditional on whether managerial incentives align with transparent disclosure or opportunistic signaling.
Based on these theoretical and empirical insights, we predict that the effect of linguistic tone on processing cost depends on its temporal orientation, with past and future tones likely increasing cost, and present tone reducing it.  
Empirical Prediction 2: Linguistic disclosure is associated with processing costs for investors, which affects market outcomes.
To further understand the sources of processing costs associated with qualitative credit risk disclosures, these costs may arise from two key factors: (i) misalignment between qualitative and quantitative disclosures and (ii) the inherent complexity of qualitative disclosures. While quantitative disclosures provide structured, numerical data, qualitative disclosures rely on narratives and managerial interpretations, which can either streamline or complicate information processing. Prior research suggests that when conference calls contain less quantitative data, investors rely more on analysts' interpretations (Huang et al., 2018), indicating that alignment between qualitative and quantitative disclosures may help reduce processing costs. Conversely, misalignment between the two can increase processing costs, as investors must expend additional effort to reconcile conflicting signals or extract meaningful insights from inconsistent disclosures. Besides, qualitative disclosures also vary in complexity, with some requiring greater cognitive effort to interpret, regardless of their alignment with quantitative data. Therefore, this study examines whether qualitative disclosures contribute to higher processing costs due to misalignment with quantitative disclosures or the added complexity of information interpretation.
Empirical Prediction 3: Qualitative disclosures increase processing cost through misalignment with quantitative disclosures.
IFRS 9 was introduced to enhance financial stability by mitigating procyclicality through the timelier recognition of credit losses. Assessing its effectiveness requires examining qualitative credit risk disclosures, which provide key insights into how banks assess risk. We expect qualitative credit risk disclosures to offer meaningful insights into both the timeliness of loan loss recognition and the extent to which IFRS 9 mitigates procyclicality.
[bookmark: _Toc200891289]4. Research Design
[bookmark: _Toc200891290]4.1 Sample
Our sample starts in 2014, four years before IFRS 9 became effective in 2018, and runs through 2022. Table 1, Panel A, outlines the sample selection process. We start with all publicly listed European banks available in the S&P Global Market Intelligence database, identifying an initial sample of 205 banks across 36 European countries. We then examine the banks’ websites to collect annual reports in English and PDF format, as these documents are necessary for constructing textual scores. This criterion excludes 54 banks, reducing the sample to 151 banks. We further exclude two banks that do not apply IFRS. To ensure institutional comparability, we restrict the sample to banks headquartered in EU and OECD member countries, resulting in a refined sample of 97 banks. Lastly, we remove 27 banks due to missing data, yielding a final sample of 472 bank-year observations across 70 banks. Table 1, Panel B, presents the sample distribution by year, indicating no single year dominates the sample, with the highest number of observations recorded in 2020.
Insert Table 1 here
[bookmark: _Toc200891291]4.2 Accounting judgement: Credit Risk Intensity Scores
We assess two dimensions of credit risk intensity, Prediction and Realization, using textual analysis of banks’ annual reports. These measures capture the accounting judgment underlying credit risk assessment, reflecting how banks evaluate and communicate expected versus realized credit losses. This distinction is grounded in the IFRS 9 expected credit loss (ECL) framework, which requires firms to incorporate both forward-looking assessments and realized outcomes in measuring credit risk. 
We begin by identifying credit risk-related disclosures. We extract paragraphs containing key credit risk terms such as “credit risk,” “charge-off,” “default,” “provision,”, and “stage,” among others (see Appendix A). To capture the broader context, we expand the extracted text by including a ±5-paragraph window around each identified paragraph. These expanded sections constitute credit risk-related texts for further analysis. 
We construct two specialized word lists: Acc_Prediction and Acc_Realization (see Appendix A). The Acc_prediction list consists of forward-looking terms associated with the forecasting and anticipation of credit risk. To construct this list, we build on the dictionary developed by Kim et al. (2023), which includes terms such as “anticipate” and “forecast,” and extend it by incorporating additional context-specific terms relevant to ECL disclosures, such as “Stage 1” and “Stage 2.” In contrast, the Acc_realization list captures terms that denote the materialization of credit risk. We begin by establishing a predefined set of words indicative of realized losses, including “default,” “impaired,” “incurred,” “realized,” “nonperforming,” “write-off,” and “charge-off.” We then expand this list using word embedding techniques applied to a large corpus of banks’ annual reports, identifying additional relevant terms such as “insolvency,” “bankruptcy,” and “write-down.” Using the Acc_Prediction and Acc_Realization lists, we compute the frequency of prediction-related and realization-related terms, respectively, as a proportion of the total word count. These measures are defined as the Acc_Prediction Score and Acc_Realization Score, capturing the relative emphasis on forward-looking versus realized credit risk signals embedded in disclosure language.
To complement our dictionary-based measures, we conduct a preliminary analysis using ChatGPT to evaluate credit risk intensity at the paragraph level. Specifically, we use a structured prompt (reported in Appendix C) to score each paragraph in terms of predictive and realized credit risk content.  In addition, we use ChatGPT to classify whether each paragraph (i) discusses credit risk within the accounting framework of IAS 39 or IFRS 9, and (ii) contains bank-specific information related to credit loss measurement and recognition. Based on these classifications, we construct alternative GPT-based measures (GPT_Prediction and GPT_Realization) by aggregating scores across (i) all paragraphs, (ii) credit risk-related paragraphs, and (iii) bank-specific credit risk disclosures.
Figure 1 presents the temporal evolution of credit risk intensity scores from 2014 to 2022 based on both dictionary-based and GPT-based measures. The Panel A displays dictionary-based Prediction and Realization scores, while the remaining panels present GPT-based scores constructed using different levels of text aggregation. First, Prediction Scores exhibit a steady upward trajectory since 2017, consistent with the IFRS 9 ECL model’s emphasis on forward-looking credit risk assessments,[footnoteRef:3] while Realization Scores exhibit a declining trend following 2018. Second, during the COVID-19 period in 2020, both Prediction and Realization scores increase sharply, with the effect particularly pronounced in GPT-based measures. This suggests that disclosures during periods of heightened uncertainty contain richer and more nuanced discussions of both anticipated and realized credit risk, which are more effectively captured by context-based measures. Third, while dictionary-based and GPT-based measures exhibit broadly similar time-series trends, noticeable differences arise in their levels and sensitivity to economic events. These differences are consistent with the notion that keyword-based measures capture the use of standardized terminology, whereas GPT-based measures incorporate contextual interpretation of disclosure content. [3:  The increase in the Acc_Prediction Score in 2017 is likely attributable to banks' disclosures regarding the anticipated impact of IFRS 9, in accordance with the disclosure requirements set forth by IAS 8.] 

While GPT-based measures display broadly similar temporal patterns to dictionary-based measures, suggesting that both capture related aspects of credit risk disclosure, they are sensitive to prompt design and model specifications. This sensitivity may introduce variation driven by model interpretation rather than underlying disclosure content, complicating comparability across firms and over time and making it difficult to isolate the economic signal of interest. In addition, our sample period ends in 2022, before the widespread adoption of large language models in practice, when market participants primarily relied on observable textual features such as keywords and tone. Taken together, we therefore rely on dictionary-based measures in our main empirical analyses to ensure a consistent, transparent, and economically grounded measurement framework.
Insert Figure 1 here
[bookmark: _Toc200891292]4.3 Managerial Sentiment: Credit Risk Linguistic Scores
In contrast to our first dimension, which focuses on the substantive content of credit risk assessment, the linguistic attributes capture the managerial sentiment conveyed through tone (positive and negative sentiment) combining with their temporal orientation (past, present, and future). To assess the temporal dimension, we use the Linguistic Inquiry and Word Count (LIWC) tool by Boyd et al. (2012), which systematically classifies words into past, present, or future tense categories (Park et al., 2017). This approach allows us to identify the dominant temporal focus of the disclosures. To evaluate tone, we apply the positive and negative word lists developed by Dong et al. (2019).
By integrating temporal orientation with sentiment, we construct three measures—past-tone, present-tone, and future-tone—which capture the sentiment expressed in language referring to past, present, or future events. We define these measures as follows:




Figure 2 presents the temporal evolution of linguistic scores. Panel A shows that sentiment trends remain relatively stable, with a persistent positive bias. This pattern suggests that firms seek to maintain an optimistic tone in their disclosures while integrating negative language to meet transparency requirements. Panel B illustrates the temporal orientation of disclosures over time, revealing that firms primarily focus on current information in their credit risk disclosures. The slight increase in Future Scores may reflect a growing emphasis on forward-looking assessments, potentially driven by regulatory developments such as the adoption of the IFRS 9 ECL model.
Panels C, D, and E demonstrate that positive sentiment scores consistently exceed negative sentiment scores across past-, present-, and future-oriented disclosures, indicating an overall optimistic tone. However, Panel E highlights a notable shift beginning in 2018, where negative tone scores increase in future-oriented disclosures. This shift suggests a subtle change in firms’ linguistic approach, reflecting a more cautious and risk-aware narrative in forward-looking statements.
Insert Figure 2 here
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Informativeness of qualitative disclosure
We begin our analysis by examining the informativeness of qualitative credit risk disclosures around the implementation of the ECL approach under IFRS 9. All banks in our sample transitioned from IAS 39 to IFRS 9 during the sample period. Thus, rather than relying on a separate control group of untreated banks, our identification strategy exploits temporal variation around the IFRS 9 adoption, using the pre-IFRS 9 period (2014–2017) as the control and the post-IFRS 9 period (2018–2022) as the treatment[footnoteRef:4].  [4:  We acknowledge the endogeneity concern in our within-bank pre-post design. Changes in disclosure informativeness may coincide with shifts in fundamentals. While we cannot construct a natural untreated control group, we address this concern by including time-varying controls, bank and year fixed effects, and interaction terms (e.g., Post × Scores × LLP) to help isolate the informational role of qualitative disclosures under IFRS 9.] 

Cross-sectional variation in disclosure informativeness arises from differences in the intensity and linguistic attributes of qualitative credit risk disclosures. By conceptualizing disclosure as private information, we first examine how qualitative credit risk disclosures affect market outcomes due to disclosure processing costs. Building on prior literature (e.g., Balakrishnan et al., 2022; Barth et al., 2020; Bushman et al., 2010), we investigate whether qualitative disclosures impact the speed of resolution of investors’ disagreement and uncertainty around annual reports filing date. We use stock return volatility as a measure of investors’ disagreement and uncertainty. If the annual report release creates investor disagreement and uncertainty, then there will be equity volatility until the disagreement and uncertainty resolve. As Barth et al. (2020), we use Speed_VOLA to capture the speed of resolution. The AR_VOLA formula is as follows:

Where  is the square of abnormal stock return for firm i on day d around the annual reports filing date. We calculate daily abnormal returns as the difference the actual stock return of firm i on day t and expected stock return based on the market model with parameters estimated over the window [-270, -20] relative to the filing date, using major local stock market indices as benchmarks.  captures the proportion of return volatility concentrated in the immediate event window (days -1 to 2) relative to the entire period (days -1 to 20). A higher  indicates faster resolution of uncertainty. To test empirical prediction 1, we estimate the following regression model:

(1)
Where i, t, and j index bank, year, and country, respectively. The dependent variable is Speed_VOLAi,t. Our primary variables of interest include self-constructed credit risk intensity scores—Acc_Prediction and Acc_Realization—and linguistic scores—Past-Tone, Present-Tone, and Future-Tone. The measurement of these scores is detailed in Sections 4.2 and 4.3. In addition, we include hard credit risk information, captured by LLP. LLP is defined as the annual loan loss provisions divided by gross loans at the beginning of the year, expressed as a percentage. To assess the impact of the implementation of the ECL model compared to the ICL model, we interact all textual scores and LLP with Post, a binary variable equal to 1 for periods after 2018 and 0 otherwise. 
To address potential bias arising from changes in banks’ fundamentals, we incorporate control variables identified in prior research as pertinent to market pricing and equity risk (López‐Espinosa et al., 2021; Fama and French, 1992). Specifically, EBTLLP represents earnings before loan loss provisions and taxes, scaled by gross loans at the beginning of the year. NPL, defined as non-performing loans divided by total gross loans, captures banks’ loan quality. BM refers to the equity book-to-market ratio, while Deposit is the ratio of total deposits to total assets, and Equity is the ratio of total equity to total assets. We also control for Size, measured as the logarithm of total assets, and GDP growth, as the annual change in real GDP. The model specification includes firm-fixed effects to account for time-invariant variations and year-fixed effects to control for annual economic conditions. Detailed definitions of the variables can be found in Appendix B. All statistical inferences are based on standard errors clustered at the bank level.
As additional tests, we explore whether qualitative disclosures moderate the relationship between hard information (i.e., LLP) and resolution speed of uncertainty following the implementation of the ECL model (Beaver and Engel, 1996; Baginski et al., 2016). To capture this moderation effect, we introduce a triple interaction term: Post × Scores × LLP. 
Then, we explore whether the disclosure processing cost arises from (mis)alignment between qualitative disclosure and quantitative disclosure. W use the following equation to test the alignment between our qualitative disclosure measures and quantitative credit risk indicators:

(2)
In this analysis, the dependent variable, △ALL, takes four forms: overall △ALL, Stage 1 △ALL, Stage 2 △ALL,  and Stage 3 △ALL. (Stage 1,2 or 3)△ALL is calculated as the annual change in the allowance for loan losses, scaled by gross loans at the beginning of the year (for certain stage). This measure reflects banks’ adjustments to their loan loss reserves in response to changes in credit risk, serving as an indicator of overall loan portfolio quality. A higher △ALL suggests a deterioration in loan quality, as banks increase reserves to account for anticipated credit losses. Our decision to focus on △ALL rather than LLP stems from the availability of data at the IFRS staging level for the allowance for loan losses, while such information is typically scarce at the LLP level.  In the estimation of Equation (2), the key explanatory variable of interest is the interaction term Post × Scores. The significant  would indicate the informativeness of qualitative disclosure to reflect credit risk under IFRS 9 compared to IAS 39. 
As an additional test, we examine whether economic uncertainty influences the alignment between qualitative disclosure and quantitative measures of credit risk. COVID-19 served as a real-world stress test and introduced unprecedented uncertainty in credit risk estimation, such as volatility in PD estimates (EBA, 2021), which directly affected banks’ provisioning behavior under the IFRS 9 ECL framework. This volatility likely amplified both the importance and the difficulty of transparent narrative disclosures. Therefore, we incorporate a COVID-19 indicator variable, COVID, which takes the value of 1 for the year 2020 and 0 otherwise[footnoteRef:5], and interact it with our main variables of interest (Novotny-Farkas et al., 2024). Including COVID and its interaction terms allows us to test whether the alignment between qualitative and quantitative disclosure varies under such volatile and stressed credit risk conditions.   [5:  According to the EBA (2021) , there was heightened volatility in Probability of Default (PD) estimates until Q2 2020. By December 2020, banks had already begun returning to more normal estimation practices, with IFRS 9 PDs realigning to regulatory IRB PD, suggesting that the peak of COVID-related provisioning stress had passed by year-end.] 

We control for a set of firm-level and country-level variables consistent with prior literature (e.g., Bushman & Williams, 2012; Chen et al., 2025; Novotny-Farkas et al., 2024). Specifically, the model includes changes in non-performing loans over the past, current, and subsequent years (△NPL). EBTLLP represents earnings before loan loss provisions and taxes, scaled by gross loans at the beginning of the year. The variable Deposit is defined as the ratio of total deposits to total assets, while Capital Ratio represents the total regulatory capital ratio. Size is measured as the logarithm of total assets, and GDP growth is the annual change in real GDP. To account for unobserved heterogeneity, we include year and bank fixed effects and cluster the standard errors by bank.
Effect on Loan Loss Recognition Timeliness
In the following step, we assess whether qualitative disclosures related to credit risk are informative about the timeliness of loan loss recognition subsequent to the adoption of the IFRS 9 ECL model. Following the prior literature (e.g., Beatty and Liao, 2011; Bushman and Williams, 2015), we estimate the following model:

(3)
To capture LLP timeliness, researchers estimate the association of LLPs with one-period-ahead changes in non-performing loans (see e.g., Kim et al. 2021). Therefore, our key variable of interest is . We expect the coefficient  to be positive, which indicates the qualitative disclosure is informative about the timeliness of loan loss recognition under the ECL model. We explore the potential influence of economic uncertainty on our inferences by incorporating the COVID indicator variable, which we interact with our main variables of interest. The control variables remain consistent with those in Equation (2). Our estimation includes year and bank-fixed effects, and we cluster standard errors at the bank level.
As an additional test, we use LLP  across the three IFRS 9 stages as dependent variables, allowing us to examine how qualitative disclosure (e.g., predictive disclosure versus realization disclosure) provides the informational content about the timeliness of loan loss recognition at different stages of loan deterioration[footnoteRef:6].  [6:  However, due to considerable missing LLP data across the three stages, the results are not sufficiently robust to warrant tabulation.] 

Effect on Loan Behaviour: Procyclicality
In the final step, we investigate the impact of qualitative credit risk disclosures on lending procyclicality, with particular emphasis on the relationship between LLP and banks’ lending behaviors. LLP, as a critical determinant of a bank’s capital adequacy, directly influences the bank’s capacity to absorb credit losses and, consequently, its ability to extend new credit. This dynamic is central to the capital crunch hypothesis, which suggests that when banks face increased provisioning requirements during periods of economic downturn, they may reduce lending, exacerbating financial instability (Beatty & Liao, 2011). 
The role of qualitative disclosures in this context is particularly important, as these disclosures may offer additional information on the bank’s risk management practices and its outlook on credit quality, potentially mitigating or amplifying the effects of LLP on lending. For example, forward-looking statements in qualitative disclosures could indicate a bank’s confidence in its capital reserves and its readiness to maintain or adjust lending activities despite increased provisions. Conversely, disclosures with a more negative tone or focus on deteriorating credit quality might signal heightened caution, which could constrain lending and reinforce procyclicality (e.g., Bae et al., 2025).
To investigate whether qualitative disclosures moderate the relationship between LLP and lending procyclicality, potentially mitigating or amplifying the impact of LLP on bank lending behaviors, we employ the following model. 

(4)
One of the key variables of interest is . The positive coefficient  would indicate that qualitative disclosure helps mitigate procyclicality during the COVID-19 crisis. Additionally, we examine the coefficient of , which captures the effect of disclosure scores on the procyclicality induced by LLP. We control for a set of firm-level and country-level variables consistent with prior literature (e.g., Chen et al., 2025; Novotny-Farkas et al., 2024). Specifically, we include EBTLLP, NPL, Deposits, Equity, Capital Ratio, Size, and GDP Growth, which are defined above. Our estimation includes year and bank-fixed effects, and we cluster standard errors at the bank level.
Table 2 presents the descriptive statistics for the variables used in the regression models. Panel A reports the summary statistics for the dependent variables. The mean value of Speed_VOLA is 22.88%. The average change in allowance for loan losses (ΔALL) is 0.79%. Notably, changes in ALL in Stage 1 and Stage 2 are, on average, positive, indicating increased provisions in these stages, while Stage 3 exhibits a negative mean change, suggesting a reduction in provisions for credit-impaired loans. Panel B presents the descriptive statistics for the main self-constructed textual scores. On average, banks disclose more realized information about credit risk than predictive information. Additionally, across all time orientations—past, present, and future—the average tone of disclosures is positive, suggesting an overall optimistic sentiment in qualitative credit risk reporting.
Insert Table 2 here
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[bookmark: _Toc200891295]5.1 Informativeness of qualitative disclosure
To examine the informativeness of qualitative credit risk disclosure following the implementation of the Expected Credit Loss (ECL) approach under IFRS 9, we estimate various specifications of Equation (1). The results regarding resolution of investor disagreement and uncertainty are presented in Table 3. Specifically, Panel A of Table 3 investigates whether the credit risk intensity affects the speed of resolution. Our main variables of interest in Column (1) are the interaction terms, Post ×Acc_Prediction, Post ×Acc_ Realization, and Post × LLP. Non-significant results on all interaction terms indicate that we don’t find evidence to support that credit risk intensity disclosure alters investors’ resolution speed of disagreement and uncertainty. In Column (2), we further explore the moderating effect of credit risk intensity scores on the association between the resolution speed of uncertainty and quantitative measure of credit risk, LLP. The coefficient on Post × LLP in Column (2) is negative and significant, while the coefficient on Post × LLP × Acc_Prediction is significantly positive and the coefficient on Post × LLP × Acc_Realization is significantly negative. These results suggest that following the adoption of IFRS 9, higher LLPs (i.e., recognition of higher credit risk) are associated with slower resolution of investor disagreement and uncertainty on the date of the publication of the annual report. Thus, the recognition of higher level of credit risk by banks introduces higher processing costs. However, predictive (realized) disclosure reduces (increases) the processing cost of quantitative LLP. Overall, these findings highlight that qualitative credit risk intensity disclosures are associated with disclosure processing cost and moderate the processing cost of quantitative LLPs by market participants under IFRS 9, affecting the resolution speed of investors’ disagreement and uncertainty.
Table 3, Panel B, replicates the specifications of Equation (1) used in Table 3, Panel A, but substitutes credit risk intensity scores with linguistic scores. Column (1) presents the results on the association between linguistic scores and the resolution speed of investors’ uncertainty following the implementation of the IFRS 9 ECL model. The significant negative coefficient on Post × Past-Tone and significant positive coefficients on Post × Present-Tone indicate that a positive tone in qualitative disclosures with a present orientation, as well as a negative tone in past-oriented statements, is associated with quicker resolution of investor disagreement and uncertainty. In Column (2), we examine the moderating effect of linguistic scores on the association between the resolution speed of uncertainty and quantitative LLPs. The significantly negative coefficient of Post×LLP× Future-Tone indicates that positive tone in future-oriented statements increases the processing cost of more LLP under IFRS 9, thereby slowing the slower resolution of investors’ uncertainty. Overall, consistent with theory, past- and future-oriented tone can increase processing costs due to uncertainty, subjectivity, and potential impression management, whereas present-oriented tone tends to enhance clarity and reduce effort due to its immediacy and perceived credibility.
Insert Table 3 here
The above results show the effect of qualitative disclosure on market outcomes through disclosure processing cost. The higher processing cost of qualitative disclosure can be misalignment with quantitative disclosure or the added complexity of information interpretation. We now investigate whether our qualitative disclosure measures align with changes in the overall allowance for loan losses. Table 4, Panel A presents the results based on Equation (2) using our self-constructed credit risk intensity scores. In Column (1), the significantly negative coefficient on Acc_Prediction (-0.4815, p < 0.05) and the significantly positive coefficient on Post × Acc_Prediction (0.4321, p < 0.05) indicate that, prior to the implementation of IFRS 9, the intensity of forward-looking credit risk statements was associated with a concurrent lower change in the allowance for loan losses, an association that dissipated following the adoption of IFRS 9 (ΔALL).  This suggests that firms’ forward-looking credit risk narratives align better with quantitative provisioning decisions under the ECL model, which is consistent with the findings in Table 3 Panel A Column (2) where forward-looking credit risk statements attenuate the incremental processing cost of LLP under IFRS 9 because of the aligned information between qualitative and quantitative disclosures. Column (2) includes the indicator variable COVID. The insignificant coefficients on the interaction terms with COVID suggest that our inferences are not influenced by economic uncertainties associated with the pandemic.
Table 4, Panel B presents the results examining the relationship between linguistic scores and changes in the allowance for loan losses (ΔALL). The findings in both columns indicate that a positive tone in past-oriented statements is increasingly associated with higher changes in the allowance for loan losses following the adoption of IFRS 9, as evidenced by the positive and significant coefficient on Post × Past-Tone. This incremental alignment between qualitative disclosures and quantitative credit risk measures supports the view that the increased processing cost associated with positive past-tense disclosures (as shown in Table 3, Panel B) stems not from a misalignment between qualitative and quantitative information, but from the nature of past-tense language itself involving a high degree of subjectivity and complexity to evaluate (Englebretson, 2008; Packard et al., 2023). 
Insert Table 4 here
Table 5 presents the results using changes in the allowance for loan losses (ALL) at the different IFRS 9 stages as dependent variables. While the results in Table 4 suggest that qualitative disclosures may not play a significant role in explaining changes in the allowance for credit losses, disaggregating the allowance across the stages of IFRS 9 reveals insightful patterns. 
Table 5, Panel A, Columns (2) and (4) report positive and significant coefficients on COVID × Acc_Prediction in Stage 1 and Stage 2. These results indicate that the intensity of forward-looking credit risk statements explains an increasing portion of the variation in the allowance for expected credit losses, as compared to impaired losses, during periods of economic uncertainty. Columns (5) and (6) suggest that the intensity of forward-looking credit risk statements is associated with a decrease in the allowance for loan losses for Stage 3 financial assets, as indicated by the negative and significant coefficient on Acc_Prediction. Additionally, Column (6) shows that the intensity of realized-based credit risk statements is associated with higher changes in the allowance for loan losses for Stage 3 financial assets, which reflects that the increased processing cost of LLP by realized-based credit risk statement is not due to misalignment with quantitative disclosure but the added complexity of information interpretation. However, this relationship is mitigated during times of uncertainty, as evidenced by the positive and significant coefficient on Acc_Realization and the significant negative coefficient on COVID × Acc_Realization. Overall, these results suggest that the intensity of forward-looking credit risk statements is aligned with accounting procyclicality induced by cliff-effects.  
Table 5, Panel B, demonstrates that the linguistic attributes of credit risk disclosures are primarily informative in explaining changes in the allowance for loan losses in Stage 1 and Stage 2. In other words, managerial sentiment is incorporated into provisioning for expected losses, but not for provisioning impaired losses. Column (2) indicates that during times of economic uncertainty, firms using a more negative, past-oriented tone were more likely to increase provisions for Stage 1 loans, as suggested by the negative and significant coefficient on COVID ×Past-Tone. Column (4) indicates that the use of a more positive, past-oriented tone is associated with an increase in the allowance for loan losses related to provisions for Stage 2. These results align with conservative accounting practices, suggesting that when managerial sentiment regarding past credit risk is positive, managers may opt to allocate more provisions to cover potential future credit losses. However, the negative and significant coefficients on Present-Tone and COVID × Future-Tone indicate that a more negative, current- and future-oriented tone is associated with an increase in the allowance for loan losses related to provisions for Stage 2, during normal economic conditions and times of uncertainty, respectively.
Insert Table 5 here
[bookmark: _Toc200891296]5.2 Effect on Loan Loss Recognition Timeliness
Next, we examine whether qualitative credit risk disclosures provide insight into the timeliness of provisioning. Table 6, Panel A presents the results of Equation (3) using self-constructed credit risk intensity scores. The coefficient on Post × Acc_Realization × ΔNPLt+1, is positive and statistically significant (2.3661, p < 0.01 in Column (1); 2.4099, p < 0.05 in Column (2)). This result suggests that the intensity of realized-based credit risk disclosures becomes incrementally more informative regarding the timeliness of loan loss recognition following the adoption of the IFRS 9 ECL model. In other words, banks that disclose more realized-based credit risk information exhibit timelier loss recognition under the IFRS 9 ECL model compared to banks with less qualitative information in this regard. In untabulated analysis, we use LLP across the three IFRS 9 stages as dependent variables to replicate the specifications of Equation (3) used in Table 6 Panel A. We find that the timely recognition of loan losses associated with realization-based credit risk disclosure is primarily driven by Stage 3 loans.
Table 6 Panel B shows the results using linguistic scores. The significantly positive coefficient on Present-Tone × △NPLt+1 and the negative coefficient of Post ×Present-Tone × △NPLt+1 of the same magnitude suggests that after the implementation of the ECL model, the present-oriented tone is less informative regarding the timeliness of LLP recognition. Given that the coefficients for the other tone variables are statistically insignificant, these results collectively suggest that managerial sentiment regarding credit risk is unlikely to offer meaningful insights into the timeliness of overall loss recognition under the IFRS 9 ECL model[footnoteRef:7]. [7:  In untabulated analysis, we use LLP across the three IFRS 9 stages as dependent variables to replicate the specifications of Equation (3) used in Table 6 Panel B. We find that, under IFRS 9, more positive past-oriented disclosures are associated with timely LLP recognition at Stage 1 but delayed recognition at Stage 3. In contrast, more positive present-oriented disclosures are linked to timely LLP recognition at Stage 3, while more positive future-oriented disclosures are associated with delayed LLP recognition at Stage 1. These associations are attenuated during the COVID period.] 

Insert Table 6 here
[bookmark: _Toc200891297]5.3 Effect on Loan Behavior: Procyclicality
Lastly, we examine whether qualitative disclosure affects banks’ lending behavior. Table 7 reports the results based on Equation (4), with Loan Growth as the dependent variable. A key finding of Table 7 Panel A is the negative and significant coefficient on COVID × LLP (-0.2183, p < 0.01) and positive and significant coefficient on COVID ×LLP×Acc_Realization in Column (2), suggesting that during the COVID-19 crisis, banks that provide more LLP recognition exhibit lower loan growth, suggesting a higher degree of lending procyclicality, while more realized disclosure attenuate the procyclicality reflected by LLP. This result is consistent with timelier loan loss recognition under IFRS 9 in Panel A of Table 6 and Panel A of Table 5, where we report that the intensity of realized credit risk disclosures is associated with reduced accounting procyclicality (i.e., a gradual increase in loan loss reserves for expected losses during times of uncertainty). This, may not reduce banks’ willingness to lend due to concerns over regulatory capital constraints. Meanwhile, Table 7, Panel B, show significantly negative effect of positive tone with present orientation on banks’ lending behavior during the COVID-19 crisis, suggesting lending procyclicality. 
Insert Table 7 here
[bookmark: _Toc200891298]6. Conclusion
The transition from the ICL model to the ECL framework under IFRS 9 has had far-reaching implications that extend beyond accounting. Designed to enhance the timeliness of credit loss recognition, IFRS 9 has introduced significant managerial judgement and operational complexities for banks and other financial institutions. By fundamentally reshaping the measurement and reporting of credit risk, the standard has compelled banks to shift from a historically reactive approach to a more data-driven and forward-looking methodology. Beyond the challenges associated with estimating credit losses under a forward-looking framework, the implementation of narrative disclosures further complicates the communication of risk estimates. This study examines the role of narrative disclosures in this context and provides empirical evidence on how European banks integrate qualitative information with quantitative credit loss estimates and how investors processed this information during the transition from the ICL model to the ECL model.
Under the IFRS 9 ECL approach, we find that several aspects of qualitative disclosures are associated with the speed of resolution of investors’ disagreement and uncertainty. Considering the interaction between qualitative disclosure and quantitative disclosure, we find that intensity of forward-looking credit risk disclosure mitigate the processing cost associated with LLP under IFRS 9, and thus speed-up the resolution of uncertainty, while intensity of realized credit risk disclosure increases the processing cost of LLP under IFRS 9, and consequently slow-down the resolution.
In the second stage of our analysis, we examine the alignment between narrative credit risk disclosures and credit risk indicators. We find that during periods of economic uncertainty, forward-looking credit risk statements become more informative in explaining changes in expected credit loss provisions for Stage 1 and Stage 2 loans, but they are negatively associated with changes in Stage 3 allowances. Additionally, linguistic attributes of credit risk disclosures play a key role in explaining provisions for expected credit losses in Stage 1 and Stage 2. The alignment between qualitative disclosures and quantitative measures helps explain how qualitative information influences investors' processing costs when interpreting quantitative disclosures.
In the third step we find that banks that provide more realized-based credit risk information demonstrate timelier loss recognition under the IFRS 9 ECL model, in contrast to banks that disclose less qualitative information on this aspect. 
In our final analysis, we examine the impact of qualitative disclosures on banks' lending behavior during the COVID-19 crisis, particularly the post-ECL effects on lending procyclicality. We find that during the crisis, banks recognizing more LLP exhibit lower loan growth, suggesting a higher degree of lending procyclicality, while more realized disclosure mitigates the procyclicality reflected by LLP. This result aligns with our previous findings, where we observed that the intensity of realized credit risk disclosures is significantly associated with timelier loss recognition under IFRS 9 and with reduced accounting procyclicality, specifically a significant slowing increase in loan loss reserves for expected losses in Stage 3 during periods of uncertainty.
Beyond its academic contribution, this study yields significant insights for banking regulators. To enhance the transparency and consistency of credit risk disclosures, regulatory authorities have implemented various initiatives aimed at ensuring that market participants and supervisors have access to reliable information for assessing banks’ risk profiles. In this context, the ECB has recently identified deficiencies in banks’ credit risk management practices, spanning loan origination, risk mitigation, and ongoing monitoring. Reflecting these concerns, the ECB’s supervisory priorities for 2023–2025 underscore the urgency of addressing structural weaknesses in credit risk management, emphasizing the critical role of comprehensive disclosures in fostering financial stability and effective risk oversight (ECB, 2022).
While this study advances research on risk disclosure in banking, it remains constrained by methodological limitations inherent in textual analysis based on keyword identification within the specific context of credit risk reporting. The current framework focuses on disclosure intensity and sentiment combining with temporal orientation, but does not fully capture the semantic precision of narrative statements, such as the use of numerical detail or structured metrics within qualitative statements. Future research could build on this foundation by leveraging AI-driven techniques, such as Generative Large Language Models (e.g., GPT-4) and transformer-based architectures like BERT, to conduct deeper semantic and contextual analysis. These models offer promising avenues to assess the richness, specificity, and potential obfuscation within narrative risk disclosures at scale. 
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Figure 1 displays the temporal evolution of four groups of paired credit-risk intensity scores from 2014-2022: Prediction Score and Realization Score, respectively.
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Figure 2 displays the temporal evolution of linguistic scores by combining temporal orientation with the sentiment of credit risk disclosure from 2014-2022.


	[bookmark: _Toc196913625][bookmark: _Toc196913961][bookmark: _Toc196920257][bookmark: _Toc196920375][bookmark: _Toc196921700][bookmark: _Toc200892787][bookmark: _Toc201852148]Table 1. Sample

	Panel A: Sample selection
	
	
	

	
	Less
	Remianing Banks
	Bank-year observations

	Universe of listed European banks in SP Global Market Intelligence
	
	205
	

	Less banks without Qualified reports*
	-54
	151
	

	Less Non-IFRS banks
	-2
	149
	

	Less Non-EU and Non-OECD banks
	-52
	97
	

	Less bank year observations with missing data
	-27
	70
	472


	Panel B: Number of Bank-years observations by year

	Year
	Freq.
	Percent

	2014
	39
	8.26

	2015
	41
	8.69

	2016
	49
	10.38

	2017
	50
	10.59

	2018
	55
	11.65

	2019
	63
	13.35

	2020
	64
	13.56

	2021
	61
	12.92

	2022
	50
	10.59

	Total
	472
	100.00


Table 1 Panel A shows the sample selection process. Table 1 Panel B presents the sample distribution by year.
*Qualified reports: ENGLISH; PDF; After running the text extraction and cleaning process, the number of words is more than 1000.
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	Table 2 Panel A: Dependent Variables

	Variable
	N
	Mean
	SD
	Min
	p25
	p50
	p75
	Max

	Speed_VOLA
	472
	0.2288
	0.1838
	0.0002
	0.0869
	0.1851
	0.3232
	0.9290

	△ALL
	427
	0.0079
	0.3118
	-0.7669
	-0.1434
	-0.0267
	0.0959
	1.7639

	Stage 1 △ALL
	188
	0.1895
	0.5765
	-0.7387
	-0.1129
	0.0592
	0.2790
	3.4978

	Stage 2 △ALL
	188
	0.3322
	0.9659
	-0.8475
	-0.1720
	0.0609
	0.4848
	5.0000

	Stage 3 △ALL
	188
	-0.0061
	0.3345
	-0.9044
	-0.1738
	-0.0290
	0.0918
	1.6013

	LLP
	427
	0.6257
	0.9161
	-0.5176
	0.1020
	0.3503
	0.8209
	9.1195

	Loan Growtht+1
	464
	0.0654
	0.1666
	-0.2754
	-0.0104
	0.0366
	0.0895
	0.9708

	Table 2 Panel B: Independent Variables

	Variable
	N
	Mean
	SD
	Min
	p25
	p50
	p75
	Max

	Acc_Prediction
	472
	0.5143
	0.1781
	0.1689
	0.3769
	0.4973
	0.6166
	0.9490

	Acc_Realization
	472
	0.8712
	0.2783
	0.1150
	0.6974
	0.8307
	1.0189
	1.6575

	Past-Tone
	472
	0.1114
	0.6276
	-1.3855
	-0.3195
	0.0868
	0.5047
	1.8418

	Present-Tone
	472
	0.0631
	0.5479
	-1.0295
	-0.3403
	-0.0330
	0.3647
	1.9572

	Future-Tone
	472
	0.0614
	0.8151
	-2.1809
	-0.4068
	0.0109
	0.5648
	2.4243

	Table 2 Panel C: Controls Variables

	Variable
	N
	Mean
	SD
	Min
	p25
	p50
	p75
	Max

	△NPL
	427
	-0.0185
	0.3625
	-0.6798
	-0.1779
	-0.0739
	0.0508
	2.4210

	Capital ratio
	427
	17.7596
	3.6433
	10.5300
	15.3100
	17.4000
	19.6400
	31.4400

	EBTLLP
	472
	2.1456
	2.7866
	-2.4573
	1.0520
	1.6044
	2.3326
	24.3684

	NPL
	472
	0.0688
	0.0859
	0.0012
	0.0208
	0.0385
	0.0744
	0.4499

	BM
	472
	1.6040
	1.1280
	0.1290
	0.8561
	1.3022
	2.0140
	6.9049

	Deposit ratio
	472
	0.5720
	0.1566
	0.2148
	0.4857
	0.5769
	0.6748
	0.8993

	Equity
	472
	0.0764
	0.0314
	0.0140
	0.0560
	0.0681
	0.0875
	0.2046

	Size
	472
	11.3061
	2.0803
	6.3869
	9.5598
	11.2645
	13.0761
	14.6124

	GDP Growth
	472
	1.7965
	4.1841
	-10.3600
	1.0250
	1.9900
	3.5050
	9.9600


Table 2 presents descriptive statistics for the variables used in the regression models. Panels A, B, and C provide summary statistics for the dependent variables, main self-constructed textual scores, and control variables, respectively. See Appendix B for variable definitions. All the variables are winsorized at the 1st and 99th percentiles.
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	Table 3 Panel A: Credit risk intensity scores

	
	Speed_VOLA
	Speed _VOLA

	
	(1)
	(2)

	Acc_Prediction
	-0.1222
	-0.0334

	
	(0.505)
	(0.875)

	Post ×Acc_Prediction
	-0.0051
	-0.3036

	
	(0.978)
	(0.136)

	Acc_Realization
	-0.0532
	-0.1695

	
	(0.546)
	(0.103)

	Post ×Acc_Realization
	-0.0271
	0.0741

	
	(0.782)
	(0.520)

	LLP 
	-0.0258
	-0.0103

	
	(0.236)
	(0.811)

	Post × LLP
	-0.0312
	-0.2392***

	
	(0.294)
	(0.006)

	Post × LLP×Acc_Prediction
	
	0.6885***

	
	
	(0.000)

	Post×LLP×Acc_Realization
	
	-0.1502*

	
	
	(0.098)

	EBTLLP
	-0.0005
	0.0024

	
	(0.871)
	(0.406)

	NPL
	-0.0525
	-0.0007

	
	(0.801)
	(0.997)

	BM
	-0.0113
	-0.0082

	
	(0.314)
	(0.466)

	Deposit ratio
	0.0569
	0.0781

	
	(0.847)
	(0.796)

	Equity
	-0.5557
	-0.0648

	
	(0.507)
	(0.944)

	Size
	-0.0063
	-0.0081

	
	(0.917)
	(0.888)

	GDP Growth
	0.0103**
	0.0086*

	
	(0.034)
	(0.058)

	Year fixed effect
	Yes
	Yes

	Firm fixed effect
	Yes
	Yes

	N
	472
	472

	Adjust R Square
	0.1258
	0.1427




	Table 3 Panel B: Linguistic scores

	
	Speed _VOLA
	Speed _VOLA

	
	(1)
	(2)

	Past-Tone
	0.0653
	0.0931*

	
	(0.126)
	(0.100)

	Post ×Past-Tone
	-0.0880*
	-0.1412**

	
	(0.080)
	(0.025)

	Present-Tone
	-0.0734
	-0.0274

	
	(0.113)
	(0.663)

	Post ×Present-Tone
	0.1422**
	0.1218*

	
	(0.014)
	(0.076)

	Future -Tone
	-0.0200
	-0.0845**

	
	(0.452)
	(0.030)

	Post ×Future -Tone
	-0.0058
	0.0579

	
	(0.853)
	(0.227)

	LLP 
	-0.0251
	-0.0633**

	
	(0.180)
	(0.011)

	Post × LLP
	-0.0166
	0.0113

	
	(0.547)
	(0.735)

	Post × LLP×Past-Tone
	
	0.0743

	
	
	(0.184)

	Post×LLP×Present-Tone
	
	0.0201

	
	
	(0.674)

	Post×LLP×Future-Tone
	
	-0.0791**

	
	
	(0.015)

	Controls
	Yes
	Yes

	Year fixed effect
	Yes
	Yes

	Firm fixed effect
	Yes
	Yes

	N
	472
	472

	Adjust R Square
	0.1344
	0.1385


Table 3 examines whether the qualitative credit risk disclosure affects the speed of resolution of uncertainty around the annual reports release date by examining abnormal return volatility, Speed_VOLA. The self-constructed qualitative disclosure scores include credit risk intensity scores (Acc_Prediction and Acc_Realization) and linguistic scores (Past-Tone, Present-Tone, and Future-Tone). Post equals one for the bank-year after 2018 and zero otherwise. LLP is total provisions divided by total lagged gross loans. Panel A and Panel B present the analysis of the informational effect of credit risk intensity scores and linguistic scores, respectively, following the adoption of the ECL model. In each panel, Column (1) assesses the risk relevance of disclosure scores, and Column (2) examines how disclosure scores influence the association between the LLP amount and resolution speed. All specifications include firm-level controls (EBTLLP, NPL, BM, Deposit, Equity, Size) and GDP growth, firm-fixed effects, year-fixed effects, and a constant term (coefficients not reported). All variables are defined in Appendix B. Reported values are OLS coefficient estimates with p-values in parentheses, based on robust standard errors clustered at the firm level. ***, **, and * indicate statistical significance at the 1%, 5%, and 10% levels (two-tailed), respectively.
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	Table 4 Panel A: Credit risk intensity scores and total changes in ALL

	
	△ALL
	△ALL

	
	(1)
	(2)

	Acc_Prediction
	-0.4815**
	-0.5212**

	
	(0.031)
	(0.028)

	Post × Acc_Prediction
	0.4321**
	0.2520

	
	(0.021)
	(0.152)

	COVID× Acc_Prediction
	
	0.6871

	
	
	(0.125)

	Acc_Realization
	0.0081
	0.0344

	
	(0.926)
	(0.698)

	Post ×Acc_Realization
	-0.0603
	-0.0401

	
	(0.622)
	(0.764)

	COVID ×Acc_Realization
	
	-0.0951

	
	
	(0.623)

	△NPLt+1
	0.0451
	0.0424

	
	(0.398)
	(0.446)

	△NPLt
	0.4178***
	0.4024***

	
	(0.001)
	(0.001)

	△NPLt-1
	0.2107**
	0.2106**

	
	(0.032)
	(0.026)

	EBTLLP
	0.0216*
	0.0206*

	
	(0.064)
	(0.068)

	Deposit
	0.2555
	0.3421

	
	(0.706)
	(0.626)

	Capital ratio
	0.0062
	0.0071

	
	(0.368)
	(0.313)

	Size
	0.2466
	0.2316

	
	(0.167)
	(0.166)

	GDP growth
	0.0053
	0.0003

	
	(0.571)
	(0.981)

	Year fixed effect
	Yes
	Yes

	Firm fixed effect
	Yes
	Yes

	N
	427
	427

	Adjust R Square
	0.4106
	0.4254





	Table 4 Panel B: linguistic scores and total changes in ALL

	
	△ALL
	△ALL

	
	(1)
	(2)

	Past-Tone
	-0.0248
	-0.0237

	
	(0.523)
	(0.534)

	Post ×Past-Tone
	0.1215**
	0.1577**

	
	(0.040)
	(0.012)

	COVID ×Past-Tone
	
	-0.1112

	
	
	(0.179)

	Present-Tone
	-0.0412
	-0.0416

	
	(0.526)
	(0.533)

	Post ×Present-Tone
	-0.0008
	-0.0461

	
	(0.989)
	(0.514)

	COVID ×Present-Tone
	
	0.1778*

	
	
	(0.061)

	Future -Tone
	0.0500*
	0.0485

	
	(0.080)
	(0.101)

	Post ×Future -Tone
	-0.0396
	-0.0573

	
	(0.251)
	(0.144)

	COVID ×Future -Tone
	
	0.0449

	
	
	(0.426)

	Controls
	Yes
	Yes

	Year fixed effect
	Yes
	Yes

	Firm fixed effect
	Yes
	Yes

	N
	427
	427

	Adjust R Square
	0.4116
	0.4167


Table 4 examines whether our qualitative disclosure measures align with quantitative credit risk indicators after the adoption of the ECL model. The dependent variable is the total change in ALL. The self-constructed qualitative disclosure scores include credit risk intensity scores (Acc_Prediction and Acc_Realization) and linguistic scores (Past-Tone, Present-Tone, and Future-Tone). Post equals one for the bank-year after 2018 and zero otherwise. COVID equals one for the bank-year in 2020 and zero otherwise. Panel A and Panel B present the analysis of the informativeness of credit risk intensity scores and linguistic scores, respectively, following the adoption of the ECL model. In each panel, Columns (1) assesses the information alignment between qualitative disclosure and quantitative credit risk, and Columns (2) includes controls for the COVID-19 crisis. All specifications include firm-level controls (△NPLt+1, △NPLt, △NPLt-1, EBTLLP, Deposit, Capital ratio, Size) and GDP growth, firm-fixed effects, year-fixed effects, and a constant term (coefficients not reported). All variables are defined in Appendix B. Reported values are OLS coefficient estimates with p-values in parentheses, based on robust standard errors clustered at the firm level. ***, **, and * indicate statistical significance at the 1%, 5%, and 10% levels (two-tailed), respectively.
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	Table 5 Panel A: credit risk intensity scores and changes in ALL across stages

	
	Stage 1 △ALL
	Stage 1 △ALL
	Stage 2 △ALL
	Stage 2 △ALL
	Stage 3 △ALL
	Stage 3 △ALL

	
	(1)
	(2)
	(3)
	(4)
	(5)
	(6)

	Acc_Prediction
	-0.0501
	-0.6815
	-0.0832
	-1.0922
	-0.4888**
	-0.6614**

	
	(0.919)
	(0.240)
	(0.932)
	(0.272)
	(0.042)
	(0.011)

	COVID × Acc_Prediction
	
	1.5188**
	
	2.0270**
	
	0.2552

	
	
	(0.010)
	
	(0.026)
	
	(0.406)

	Acc_Realization
	0.0435
	-0.1161
	-0.5165
	-0.3536
	0.1580
	0.2812**

	
	(0.889)
	(0.767)
	(0.285)
	(0.488)
	(0.185)
	(0.035)

	COVID ×Acc_Realization
	
	0.5072
	
	-0.1671
	
	-0.2516**

	
	
	(0.238)
	
	(0.733)
	
	(0.035)

	Controls
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes

	Year fixed effect
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes

	Firm fixed effect
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes

	N
	188
	188
	188
	188
	188
	188

	Adjust R Square
	0.1713
	0.2439
	0.3512
	0.3765
	0.6652
	0.6727

	Table 5 Panel B: linguistic scores and changes in ALL across stages

	
	Stage 1 △ALL
	Stage 1 △ALL
	Stage 2 △ALL
	Stage 2 △ALL
	Stage 3 △ALL
	Stage 3 △ALL

	
	(1)
	(2)
	(3)
	(4)
	(5)
	(6)

	Past-Tone
	0.0306
	0.3306
	0.6443**
	0.6656**
	0.0611
	0.0586

	
	(0.860)
	(0.134)
	(0.022)
	(0.042)
	(0.415)
	(0.523)

	COVID ×Past-Tone
	
	-0.7316**
	
	-0.0416
	
	0.0329

	
	
	(0.042)
	
	(0.926)
	
	(0.699)

	Present-Tone
	0.0651
	-0.1532
	-0.3854*
	-0.5693*
	-0.0571
	-0.0876

	
	(0.659)
	(0.449)
	(0.083)
	(0.056)
	(0.281)
	(0.246)

	COVID ×Present -Tone
	
	0.5661
	
	0.5619
	
	0.1058

	
	
	(0.115)
	
	(0.206)
	
	(0.308)

	Future-Tone
	-0.1535*
	-0.1841
	0.0267
	0.1355
	0.0363
	0.0079

	
	(0.085)
	(0.164)
	(0.794)
	(0.258)
	(0.175)
	(0.828)

	COVID ×Future -Tone
	
	0.0938
	
	-0.2681*
	
	0.0434

	
	
	(0.646)
	
	(0.091)
	
	(0.324)

	Controls
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes

	Year fixed effect
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes

	Firm fixed effect
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes

	N
	188
	188
	188
	188
	188
	188

	Adjust R Square
	0.1803
	0.2368
	0.3708
	0.3781
	0.6562
	0.6727


Table 5 examines whether our qualitative disclosure measures align with quantitative credit risk indicators across three stages during the COVID-19 crisis. The dependent variable is the change in ALL across stages. The self-constructed qualitative disclosure scores include credit risk intensity scores (Acc_Prediction and Acc_Realization) and linguistic scores (Past-Tone, Present-Tone, and Future-Tone). COVID equals one for the bank-year in 2020 and zero otherwise. Panel A and Panel B present the analysis of the informativeness of credit risk intensity scores and linguistic scores, respectively. We further study the above relationship during the COVID-19 crisis. All specifications include firm-level controls (△NPLt+1, △NPLt, △NPLt-1, EBTLLP, Deposit, Capital ratio, Size) and GDP growth, firm-fixed effects, year-fixed effects, and a constant term (coefficients not reported). All variables are defined in Appendix B. Reported values are OLS coefficient estimates with p-values in parentheses, based on robust standard errors clustered at the firm level. ***, **, and * indicate statistical significance at the 1%, 5%, and 10% levels (two-tailed), respectively.
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	Table 6 Panel A: credit-risk intensity scores and loan loss recognition timeliness

	
	LLPt

	
	(1)
	(2)

	Acc_Prediction 
	-0.1845
	-0.0984

	
	(0.842)
	(0.916)

	△NPLt+1
	0.7519
	0.7490

	
	(0.278)
	(0.287)

	Acc_Prediction × △NPLt+1
	-0.2829
	-0.2764

	
	(0.773)
	(0.767)

	Post ×Acc_Prediction × △NPLt+1
	-1.1892
	-0.7767

	
	(0.382)
	(0.617)

	COVID ×Acc_Prediction × △NPLt+1
	
	-1.2225

	
	
	(0.475)

	Acc_Realization
	-0.4975
	-0.5014

	
	(0.200)
	(0.241)

	Acc_Realization × △NPLt+1
	-0.6167*
	-0.6159*

	
	(0.052)
	(0.058)

	Post ×Acc_Realization × △NPLt+1
	2.3661***
	2.4099**

	
	(0.002)
	(0.018)

	COVID ×Acc_Realization × △NPLt+1
	
	-1.0278

	
	
	(0.408)

	Controls
	Yes
	Yes

	Year fixed effect
	Yes
	Yes

	Firm fixed effect
	Yes
	Yes

	N
	427
	427

	Adjust R Square
	0.6525
	0.6596




	Table 6 Panel B: linguistic scores and loan loss recognition timeliness

	
	LLPt

	
	(1)
	(2)

	Past-Tone 
	0.1234
	0.0798

	
	(0.412)
	(0.582)

	△NPLt+1
	0.0624
	0.0541

	
	(0.692)
	(0.729)

	Past-Tone × △NPLt+1
	-0.0040
	-0.0572

	
	(0.993)
	(0.896)

	Post ×Past-Tone × △NPLt+1
	-0.3492
	-0.1403

	
	(0.561)
	(0.794)

	COVID ×Past-Tone × △NPLt+1
	
	-0.8800

	
	
	(0.264)

	Present-Tone
	0.1064
	0.1449

	
	(0.535)
	(0.422)

	Present-Tone × △NPLt+1
	1.0542***
	1.0298***

	
	(0.002)
	(0.003)

	Post ×Present-Tone × △NPLt+1
	-0.9454**
	-1.0698*

	
	(0.035)
	(0.081)

	COVID ×Present-Tone × △NPLt+1
	
	0.0492

	
	
	(0.955)

	Future-Tone
	-0.0245
	-0.0431

	
	(0.792)
	(0.617)

	Future-Tone × △NPLt+1
	-0.3975
	-0.3734

	
	(0.177)
	(0.201)

	Post ×Future-Tone × △NPLt+1
	0.2674
	0.4280

	
	(0.411)
	(0.223)

	COVID ×Future-Tone × △NPLt+1
	
	0.0814

	
	
	(0.842)

	Controls
	Yes
	Yes

	Year fixed effect
	Yes
	Yes

	Firm fixed effect
	Yes
	Yes

	N
	427
	427

	Adjust R Square
	0.6315
	0.6437


Table 6 examines whether the qualitative disclosure of credit risk can enhance the loan loss recognition timeliness after implementing the ECL model. The dependent variable is the LLPs divided by total lagged gross loans. The self-constructed qualitative disclosure scores include credit risk intensity scores (Acc_Prediction and Acc_Realization) and linguistic scores (Past-Tone, Present-Tone, and Future-Tone). Post equals one for the bank-year after 2018 and zero otherwise. COVID equals one for the bank-year in 2020 and zero otherwise. △NPL is the change in non-performing loans divided by total lagged gross loans. Panel A and Panel B present the analysis of the informativeness of credit risk intensity scores and linguistic scores, respectively, following the adoption of the ECL model. In each panel, Columns (1) assesses the effect of qualitative disclosure on loan loss recognition timeliness, and Columns (2) includes controls for the COVID-19 crisis. All specifications include firm-level controls (EBTLLP, Deposit, Capital ratio, Size) and GDP growth, firm-fixed effects, year-fixed effects, and a constant term (coefficients not reported). All variables are defined in Appendix B. Reported values are OLS coefficient estimates with p-values in parentheses, based on robust standard errors clustered at the firm level. ***, **, and * indicate statistical significance at the 1%, 5%, and 10% levels (two-tailed), respectively.
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	Table 7 Panel A: credit-risk intensity scores and Loan behavior – procyclicality

	
	Loan Growtht+1
	Loan Growth t+1

	
	(1)
	(2)

	Acc_Prediction
	-0.0455
	-0.0919

	
	(0.779)
	(0.630)

	COVID ×Acc_Prediction
	0.0565
	0.0439

	
	(0.651)
	(0.796)

	Acc_Realization
	-0.0037
	0.0532

	
	(0.960)
	(0.575)

	COVID ×Acc_Realization
	0.0305
	-0.1661

	
	(0.604)
	(0.136)

	LLP 
	
	-0.0169

	
	
	(0.678)

	COVID × LLP
	
	-0.2183***

	
	
	(0.002)

	COVID × LLP×Acc_Prediction
	
	0.0204

	
	
	(0.906)

	COVID ×LLP×Acc_Realization
	
	0.2567**

	
	
	(0.023)

	Post ×Acc_Prediction
	0.1302
	0.2727

	
	(0.547)
	(0.279)

	Post ×Acc_Realization
	-0.0042
	-0.0019

	
	(0.960)
	(0.985)

	Post × LLP
	
	0.1704*

	
	
	(0.073)

	Post × LLP×Acc_Prediction
	
	-0.2960*

	
	
	(0.079)

	Post ×LLP×Acc_Realization
	
	-0.0234

	
	
	(0.695)

	Controls
	Yes
	Yes

	Year fixed effect
	Yes
	Yes

	Firm fixed effect
	Yes
	Yes

	N
	464
	464

	Adjust R Square
	0.4688
	0.4766



	Table 7 Panel B: linguistic scores and Loan behavior – procyclicality

	
	Loan Growth t+1
	Loan Growth t+1

	
	(1)
	(2)

	Past-Tone
	-0.0115
	-0.0460

	
	(0.680)
	(0.220)

	COVID ×Past-Tone
	0.1028
	0.1218

	
	(0.113)
	(0.186)

	Present-Tone
	-0.0080
	-0.0034

	
	(0.791)
	(0.948)

	COVID ×Present-Tone
	-0.1622*
	-0.1565*

	
	(0.063)
	(0.062)

	Future-Tone
	-0.0044
	0.0048

	
	(0.785)
	(0.828)

	COVID ×Future-Tone
	0.0175
	0.0359

	
	(0.422)
	(0.207)

	LLP 
	
	0.0063

	
	
	(0.622)

	COVID × LLP
	
	-0.0470

	
	
	(0.340)

	COVID × LLP×Past-Tone
	
	-0.0248

	
	
	(0.752)

	COVID ×LLP×Present-Tone
	
	0.0351

	
	
	(0.531)

	COVID ×LLP×Future-Tone
	
	-0.0201

	
	
	(0.603)

	Post ×Past-Tone
	-0.0353
	-0.0201

	
	(0.267)
	(0.615)

	Post ×Present-Tone
	0.0403
	0.0652

	
	(0.236)
	(0.229)

	Post ×Future-Tone
	0.0075
	-0.0044

	
	(0.714)
	(0.865)

	Post × LLP
	
	0.0314

	
	
	(0.219)

	Post × LLP×Past-Tone
	
	-0.0140

	
	
	(0.764)

	Post ×LLP×Present-Tone
	
	-0.0457

	
	
	(0.302)

	Post ×LLP×Future-Tone
	
	0.0077

	
	
	(0.760)

	Controls
	Yes
	Yes

	Year fixed effect
	Yes
	Yes

	Firm fixed effect
	Yes
	Yes

	N
	464
	464

	Adjust R Square
	0.4787
	0.4773


Table 7 examines the impact of qualitative disclosure on banks’ lending behavior during the COVID-19 crisis. The dependent variable is the Loan Growtht+1. The self-constructed qualitative disclosure scores include credit risk intensity scores (Acc_Prediction and Acc_Realization) and linguistic scores (Past-Tone, Present-Tone, and Future-Tone). Post equals one for the bank-year after 2018 and zero otherwise. COVID equals one for the bank-year in 2020 and zero otherwise. LLP is total provisions divided by total lagged gross loans. Panel A and Panel B present the analysis of the informativeness of credit risk intensity scores and linguistic scores, respectively. In each panel, Columns (1) assesses the effect of qualitative disclosure on procyclicality, and Columns (2) examines the effect of disclosure scores on the procyclicality induced by LLP. All specifications include firm-level controls (EBTLLP, NPL, Deposit, Equity, Capital ratio, Size) and GDP growth, firm-fixed effects, year-fixed effects, and a constant term (coefficients not reported). All variables are defined in Appendix B. Reported values are OLS coefficient estimates with p-values in parentheses, based on robust standard errors clustered at the firm level. ***, **, and * indicate statistical significance at the 1%, 5%, and 10% levels (two-tailed), respectively.
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Appendix A: Dictionaries of Credit Risk Disclosure
	
	Word List

	Credit Risk Items
	credit risk; credit loss; credit losses; loan loss; loan losses; loss on loan; losses on loan; charge off; charge-off; write off; write-off; default; defaulted; provision; impairment; impaired; allowance; expected loss; expected losses; stage 1; stage 2; stage 3

	Acc_Prediction
	stage 1; stage 2; anticipate; anticipation; believe; estimate; estimation; expect; expectation; forecast; predict; prediction; target; aim; assume; assumption; baseline; deem; future; goal; judgement; outlook; probably; probability; scenario; uncertain; uncertainty; predictable; unpredictable

	Acc_Realization
	default; defaulting; defaulted; insolvency; redefaults; bankruptcy; redefault; impaired; impairment; impairing; impairs; impair; incurred; incur; incurs; incurring; realized; realizing; realize; realization; no longer accruing; non-accruing; non accruing; non-accrual; non accrual; nonperforming; nonaccrual; nonaccruing; non-performing; non performing; uncollectible; write-off; write off; writeoff; writeoffs; writedown; writedowns; write down; write-down; write downs; write-downs; write offs; write-offs; losses; loss; chargeoffs; chargeoff; charge off; charge-off; charge offs; charge-offs; delinquency; delinquent





Appendix B: Variable Definition
	Variables
	Description

	Dependent Variables
	 

	Speed_VOLA 
	The proportion of return volatility concentrated in the immediate event window (days -1 to 2) relative to the entire period (days -1 to 20).

	△ALL 
	Fractional change in the balance of the total loan loss allowance with respect to the prior year (in percentage).

	Stage 1 △ALL 
	Fractional change in the balance of the loan loss allowance of Stage 1 loans with respect to the prior year (in percentage).

	Stage 2 △ALL 
	Fractional change in the balance of the loan loss allowance of Stage 2 loans with respect to the prior year (in percentage).

	Stage 3 △ALL 
	Fractional change in the balance of the loan loss allowance of Stage 3 loans with respect to the prior year (in percentage).

	LLP 
	Annual Loan Loss Provision divieded by gross loans at the beginning of the year (in percentage).

	Loan Growth 
	Fractional change in the total gross loans with respect to the prior year.

	Independent Variables
	 

	Acc_Prediction 
	The frequency of prediction-related terms as a proportion of the total word count (in percentage).

	Acc_Realization 
	The frequency of realization-related terms as a proportion of the total word count (in percentage).

	Past-Tone 
	The product of the frequency of past-oriented terms and the difference between the frequency of positive and negative terms.

	Present-Tone 
	The product of the frequency of present-oriented terms and the difference between the frequency of positive and negative terms.

	Future-Tone 
	The product of the frequency of future-oriented terms and the difference between the frequency of positive and negative terms.

	Controls Variables
	 

	△NPL 
	Change in nonperforming loans divided by gross loans at the beginning of the year.

	Capital ratio 
	Total Capital divided by risk-weighted assets (in percentage).

	EBTLLP 
	Earnings before loan loss provisions and taxes, scaled by gross loans at the beginning of the year (in percentage).

	NPL 
	Nonperforming loans divided by gross loans at the end of the year.

	BM 
	Equity book-to-market ratio

	Deposit ratio 
	The ratio of total deposits to total assets

	Equity 
	The ratio of total equity to total assets

	Size 
	Logarithm of total assets

	GDP Growth 
	Annual change in Real GDP (in percentage)
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Appendix C: Prompt
    You are a credit risk analyst analyzing a text from a  bank's annual report to assess its credit risk disclosure under IAS 39 and IFRS 9.
     Q1 credit_risk_related=Yes only if the text discusses credit risk as required by IAS 39 or IFRS 9.
     Q2 bank_specific_info=Yes only if it contains bank-specific information about credit loss measurement and recognition (assumptions, adjustments, estimation techniques, macroeconomic scenarios, SICR/staging criteria, PD/LGD/EAD approach, macro inputs, credit ratings, allowance amounts/changes). Generic IAS or IFRS definitions only => No.
     Predictive dictionary guidance: anticipate, anticipation, believe, estimate, estimation, expect, expectation, forecast, predict, prediction, target, aim, assume, assumption, baseline, future, judgement, outlook, probably, probability, scenario, uncertain, uncertainty, predictable, unpredictable, intend, anticipatory, project, projection, expectancy, possibility, predictably, unpredictably, predictability, unpredictability, unpredicted, prejudgement.
     Realization dictionary guidance: default, redefault, insolvency, bankruptcy, impair, impairment, incur, incurred, realize, realization, accrue, nonaccruing, accrual, nonaccrual, nonperforming, uncollectible, writeoff, writedown, chargeoff, loss, delinquency, delinquent.
     Predictive score (0–5): rate how strongly the text includes forward-looking or predictive elements, such as expectations, assumptions, projections, scenarios, judgments, or uncertainty about future credit risk outcomes. Use the predictive dictionary as a reference, but base the score on the overall substance and intensity of predictive content.
     Realized score (0–5): rate how strongly the text refers to realized or backward-looking credit risk outcomes, such as defaults, impairments, losses, or non-performing exposures. Use the realization dictionary as a reference, but base the score on the overall substance and intensity of realized content.
    For each Yes/No decision and each score, provide a brief one-sentence explanation justifying the classification or score.
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