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Abstract: We examine the impact of digital finance on ESG divergence over 2011-2022 in China. Our findings indicate that higher digital finance levels are associated with increased ESG divergence. Mechanism analysis reveals that digital finance exacerbates ESG divergence by intensifying information overload through heightened market attention and reduced transparency, hindering consensus among rating agencies. The effect is more pronounced in SOEs, firms with higher institutional ownership, weaker financial supervision, and operating in less-polluted industries. These insights underscore the need for regulatory frameworks that promote better ESG reporting, enabling investors to navigate rating discrepancies in an increasingly digital financial landscape.
Keywords: Digital finance; ESG rating divergence; Market attention; Financial constraints; Rating inconsistency



JEL Classification: G30, M15, O30




54

1 Introduction
The rapid evolution of digital finance has fundamentally reshaped global financial systems, with implications reaching far beyond traditional banking and capital markets. Enabled by the integration of big data, mobile technologies, and artificial intelligence, digital finance has improved capital accessibility, fostered financial inclusion, and enhanced market efficiency (Gomber et al., 2018; Chen et al., 2019). In China, digital finance has narrowed the urban-rural financial divide (Hu et al., 2021), increased credit accessibility for small and medium-sized enterprises (SMEs) (Liu et al., 2021), and facilitated inclusive growth by empowering underserved populations (Adelaja et al., 2024).
[bookmark: OLE_LINK142][bookmark: OLE_LINK143][bookmark: OLE_LINK140][bookmark: OLE_LINK141]While the benefits of digital finance are evident, the surge of information it generates introduces new challenges for financial decision-making. In particular, the vast and unstructured data flows facilitated by digital technologies may overwhelm stakeholders, introducing significant information overload (Goldstein et al., 2019; Tripathi & Pandey, 2021). This phenomenon, characterized by excessive and often redundant information, can obscure critical signals, hinder efficient information processing, and distort decision outcomes (Bawden & Robinson, 2020; Muller & Mais, 2020). Though these challenges are relevant across various financial domains, they are especially acute in environmental, social, and governance (ESG) assessments.
As ESG performance becomes an increasingly central component of corporate evaluation, the reliability and consistency of ESG ratings have attracted growing attention. ESG ratings are intended to provide investors with standardized insights into firms’ sustainability practices. However, substantial divergence in ESG ratings across agencies has raised concerns regarding their interpretability and usefulness (Chatterji et al., 2016; Berg et al., 2022). Rating divergence complicates investment decisions, misguides asset allocation, and weakens the market’s ability to price sustainability-related risks (Hong & Kacperczyk, 2009). The root causes of this divergence have been attributed to a variety of factors, including differences in rating methodologies, weighting schemes, measurement criteria, and data interpretation practices (Berg et al., 2022; Lee & Shine, 2018).
Among these factors, one critical yet understudied dimension is the influence of information overload, especially in the context of digital finance. ESG rating agencies must increasingly sift through large volumes of financial and non-financial data, much of which may be inconsistent, unstructured, or unverifiable. In such environments, the risk of noise dominating signals becomes substantial (Leuz & Verrecchia, 2000; Escrig-Olmedo et al., 2019). The inability to distinguish relevant from irrelevant ESG information—especially when firms disclose selectively or use greenwashing tactics—further aggravates rating inconsistency. Moreover, digital finance fosters the use of alternative data sources (e.g., media coverage, sentiment analysis, web scraping), which differ from traditional structured disclosures, creating methodological fragmentation across raters.
While most existing studies have approached digital finance and ESG from a different angle, focusing on how fintech development affects firms’ ESG performance or sustainability outcomes (Mu et al., 2023), there is a lack of research that has asked whether digital finance might have the unintended consequence of affecting ESG evaluations rather than ESG performance itself. On the one hand, improved data availability could help agencies form consensus by reducing information asymmetry. On the other hand, excess and heterogeneity information may heighten ambiguity, increase variance in interpretation, and drive greater dispersion in ratings (Chen et al., 2019). These competing possibilities motivate our central research question: Does digital finance reduce or exacerbate ESG rating divergence?
[bookmark: OLE_LINK81][bookmark: OLE_LINK82]To address this gap, we empirically examine the impact of digital finance on ESG rating divergence in the Chinese market from Q1 2011 to Q4 2022. China offers a compelling setting for such analysis, given its rapid digital transformation and the growing importance of ESG investing in its capital markets. By compiling ESG ratings from six prominent agencies and constructing a firm-level divergence measures, we assess whether regional digital finance levels influence the extent of disagreement among raters. Our findings reveal that higher digital finance levels are significantly associated with increased ESG rating divergence. To ensure the robustness of our findings, we conduct a series of additional tests, including two-stage least squares (2SLS) and propensity score matching (PSM) to address endogeneity concerns.  We further verify our results using alternative measures of digital finance and ESG rating divergence and conduct a subsample analysis around a key event. Across all specifications, the positive relationship between digital finance and firm-level ESG rating divergence remains robust. Heterogeneity analysis reveals that the divergence effect is more pronounced among state-owned enterprises, firms with high institutional ownership, and those operating in provinces with relatively weaker financial regulation or environmental accountability. 
[bookmark: OLE_LINK144][bookmark: OLE_LINK145]Our study makes several important contributions to the literature. First, we contribute to the burgeoning research on ESG rating divergence by identifying a novel and increasingly relevant determinant—the digital financial environment. While prior studies have focused on divergence stemming from rating methodology (Berg et al., 2022; Chatterji et al., 2016) or firm-level characteristics (Gibson et al., 2021), we are among the first to show that the information infrastructure surrounding firms, shaped by regional digital finance development, plays a critical role in influencing the consistency of ESG assessments. Second, we complement the growing body of work examining the unintended consequences of digital finance (e.g., Goldstein et al., 2019; Du et al., 2024), by demonstrating that its benefits for transparency and access can be diminished by information overload and noise, ultimately reducing the agreement among ESG rating agencies. Third, our findings add to the emerging Chinese ESG literature by highlighting the challenges faced by emerging markets in balancing digital progress with effective sustainability evaluation. Overall, we extend recent evidence (Mu et al., 2023; Ren, 2025) by shifting the focus from ESG performance to rating divergence and exploring how digital finance reshapes this evaluation process.
The remainder of this paper is organized as follows. Section 2 reviews the related literature and develops our hypotheses. Section 3 describes the data and variable construction. Section 4 presents the baseline results. Section 5 explores the potential mechanism of two channels: the market attention and information transparency. Section 6 examines the heterogeneity. Section 7 discusses the effect on pillar rating divergence and variation of ESG rating divergence and regional convergence in digital finance. Finally, Section 8 concludes with a summary of findings and policy implications.
2 Literature Review and Hypothesis Development
2.1 [bookmark: OLE_LINK148][bookmark: OLE_LINK149]Digital finance and the changing information landscape
Digital finance refers to the adoption of digital technologies in delivering financial services, encompassing new products, business models, and platforms pioneered by FinTech firms and innovative institutions. It has revolutionized traditional finance by expanding connectivity and accelerating information processing in both customer-facing and back-office operations. Globally, the rise of FinTech has markedly improved access to capital and the efficiency of financial transactions. For example, digital finance innovations, such as mobile payments, online lending, and crowdfunding, have broadened financial inclusion, particularly for underserved populations (Gomber et al., 2017; Goldstein et al., 2019). These technologies enable individuals and small businesses to engage with financial markets in ways previously not possible under conventional banking models (Adelaja et al., 2024). 
In emerging markets, its impact is even more pronounced. In China, the development of digital financial inclusion has notably narrowed the urban–rural financial access gap. Digital payment platforms and online banking services have penetrated remote areas, providing farmers and rural entrepreneurs with credit and insurance products that boost productivity (Xu &Wang, 2023; Zhai et al., 2023). Empirical evidence shows that digital finance significantly improves agricultural output and total factor productivity in rural regions by lowering transaction costs and overcoming geographic barriers (Hu et al., 2021). Likewise, small and medium-sized enterprises (SMEs) have benefited from digital finance through improved credit availability. By leveraging big data and alternative credit scoring, online lenders and peer-to-peer platforms alleviate financing constraints for SMEs, effectively reducing their cost of borrowing and reliance on informal credit (Liu et al., 2021). Recent research confirms that digital inclusive finance acts as a lever for SME financing – it significantly alleviates small firms’ financing constraints and provides new funding channels (Guo et al., 2020; Yang & Masron, 2022). These advancements underscore the positive role of digital finance in broadening financial access and fostering economic development.
However, the digitalization of finance also brings new challenges. Recent literature has begun to explore its unintended consequences. One key concern is the proliferation of unstructured and high-frequency data that overwhelms users, investors, analysts, and regulators. Goldstein et al. (2019) and Tripathi & Pandey (2021) note that digital finance contributes to an increasingly noisy information environment, in which the quantity of data expands faster than the capacity to process it. This can produce adverse effects such as cognitive fatigue, misinterpretation, and divergent judgments. Du et al. (2024) show that in China, higher digital finance penetration is not always associated with greater accounting transparency, particularly when disclosure quality is low or regulatory oversight is weak. Foremost among these is the redundancy of information generated and disseminated through digital platforms.
Thus, while digital finance introduces more data and improves access, it also exacerbates information complexity and challenges the notion that more data necessarily yields better information. While greater information flow can facilitate market transparency, it can also overwhelm decision-makers, which is known as information overload. Information overload is a state where the sheer quantity of data exceeds an individual’s capacity to process it effectively (Bawden & Robinson, 2020). Studies warn that when individuals are inundated with too much information, their analytical performance deteriorates. They struggle to distinguish material signals from noise, leading to suboptimal or delayed decisions (Eppler & Mengis, 2004; Edmunds & Morris, 2000). The continuous connectivity enabled by FinTech can thus be double-edged. On one hand, it improves speed and access to information, but on the other hand potentially exceeds cognitive limits and complicates decision-making (Tripathi & Pandey, 2021; Benselin & Ragsdell, 2016). 
Taken together, digital finance has indisputably advanced financial inclusion and efficiency, yet it also introduces the risk of information overload in capital markets. This trade-off sets the stage for our inquiry into how digital finance might influence complex evaluative processes.
2.2 ESG rating divergence and its determinants
[bookmark: OLE_LINK100][bookmark: OLE_LINK101]With the rise of sustainable investing, ESG ratings have become a crucial tool for investors and stakeholders to evaluate firms’ social and environmental performance. A notable challenge, however, is the lack of consensus on ESG ratings among different rating agencies for the same firm. For instance, Chatterji et al. (2016) find that ratings of the same firm by different ESG evaluators often diverge significantly, raising concerns for managers and investors about which rating to trust. Such divergence is problematic because it can send mixed signals to the market. Investors relying on different data sources may respond inconsistently, and firms receive conflicting feedback on their ESG practices. Empirical evidence from equity markets shows that higher ESG rating disagreement is associated with a higher cost of equity capital for firms (Avramov et al. 2022; Luo et al., 2025). This likely reflects investors demanding a risk premium for uncertainty when ESG information is noisy or contradictory. Similarly, Gibson et al. (2021) report that stocks with greater ESG rating dispersion tend to earn higher subsequent returns, consistent with the idea that disagreement signals higher perceived risk. More recently, Ren (2025) provides novel evidence from the Chinese market showing that ESG rating divergence significantly inhibits firms’ digital transformation strategies. These findings underscore that ESG rating divergence can affect investor behavior, asset pricing, corporate strategy and long-term economic outcomes. 
Prior studies document substantial disparities in ESG ratings provided by various institutions. A recent comprehensive analysis by Berg et al. (2022) attributes these divergences to methodological differences: about half of the inconsistency stems from differences in measurement, over one-third from differences in scope (i.e. which sub-categories are included), and the remainder from differences in weighting of factors. This “aggregate confusion” means that a company considered a sustainability leader by one rater might be rated mediocre by another, purely due to varying criteria and data interpretation.
Beyond the inherent differences in rating agencies’ methodologies, several other factors contribute. One key factor is the volume and quality of information available on firms’ ESG activities. ESG evaluations draw on a wide array of data from companies’ financial reports and sustainability disclosures to news articles, NGO reports, and increasingly, alternative data (such as social media sentiment or satellite imagery). The expansion of digital finance has vastly increased the accessibility of such information. Although more information could help analysts form more accurate and convergent evaluations, it may lead to greater subjectivity when information is abundant but unstandardized. Agencies vary in how they treat qualitative disclosures that some emphasize formally reported metrics (e.g. carbon emissions, board diversity percentages), while others incorporate controversies circulating on digital media (Escrig-Olmedo et al., 2019). Differences in corporate disclosure transparency further exacerbate this issue that firms often have discretion in what ESG data they release, and without uniform standards, agencies fill the gaps with their estimates or third-party data, yielding inconsistent outcomes (Christensen et al., 2022). Moreover, variations in firms’ corporate governance and ownership structures across regions can influence ratings. Firms in emerging markets might be rated differently by international versus domestic agencies due to different cultural expectations and data availability (Lee & Shin, 2018; Papadopoulos & Cleveland, 2023). All these elements mean that information overload and heterogeneity in ESG data sources can translate into divergent judgments. When analysts are confronted with an overload of ESG information – some of which may be immaterial or conflicting – they face difficulty in separating the signal from the noise (Bawden & Robinson, 2020). Different analysts may then focus on different subsets of information, leading to inconsistencies in ratings. This perspective aligns with the argument of information overload as a driver of ESG rating divergence. Muller and Mais (2020) suggest that as the volume of ESG data grows, analysts risk misinterpreting or overweighting certain information, causing rating outcomes to scatter. 
Taken together, these insights point to a potential negative relationship between digital finance and ESG rating divergence. While digital finance facilitates data access, its unintended effect may be to increase information overload and reduce alignment among evaluators. Accordingly, we propose our first hypothesis:
Hypothesis 1: Higher levels of digital finance development contribute to greater ESG rating divergence.
2.3 Market Attention 
One of the defining features of digital finance is its ability to broaden information dissemination and intensify real-time engagement among market participants. Through big data analytics, social media platforms, and intelligent search systems, digital finance amplifies market attention—the degree to which firms are scrutinized by investors, analysts, and the public. While increased attention may enhance market discipline, recent literature highlights its complex and mixed effects on information efficiency.
Market attention is inherently selective, often shaped by cognitive biases and salience effects. According to Hirshleifer and Teoh (2003), investors and analysts possess limited attention and processing capacity, leading them to focus on more salient or emotionally charged information while neglecting equally important but less visible disclosures. This asymmetry can be exacerbated in ESG contexts, where subjective or controversial issues (e.g., human rights, labor conditions, greenwashing) receive disproportionate attention due to media amplification and public sentiment.
[bookmark: OLE_LINK16][bookmark: OLE_LINK17][bookmark: OLE_LINK14][bookmark: OLE_LINK15]Recent studies confirm that digital channels heighten the volatility and direction of market attention. For example, Huang et al. (2022) show that spikes in ESG-related search engine activity (proxied by Google Trends) significantly predict changes in ESG ratings, particularly when media tone is polarized. Similarly, Nguyen et al  (2020) find that investors sharply increased their ESG-related social media activity and searches, reflecting a surge in attention to ESG topics. Heightened market attention can have mixed effects on information efficiency. On one hand, when more eyes are on a company’s ESG behavior, there is greater external scrutiny, which can discourage wrongdoing and prompt fuller disclosure. Greater investor attention has been linked to stronger market reactions to ESG news (Gillan et al., 2021). On the other hand, a high-attention environment can also magnify information overload. As more investors and analysts simultaneously chase ESG information, the competition for timely data may lead to reliance on quickly digestible content (e.g. viral news or social media posts) rather than in-depth analysis. Bawden and Robinson (2020) note that when attention is strained, individuals tend to use cognitive shortcuts, which can result in inconsistent processing of information. In the context of ESG ratings, this suggests that different agencies might selectively attend to different signals. One rater might focus heavily on corporate specific issues, while another pays more attention to structured disclosures and third-party audits. Selective attention thus becomes a source of divergence in how ESG performance is evaluated.
Given this reasoning, we hypothesize that market attention serves as a key mechanism in the link between digital finance and ESG rating divergence. In particular, digital finance’s capacity to amplify and redirect attention may be causing rating agencies to emphasize disparate information, thus widening their rating differences. This underpins our second hypothesis:
Hypothesis 2: Digital finance increases ESG rating divergence by enhancing market attention, which amplifies cognation bias and heterogeneity in ESG information processing.
2.4 Information Transparency
In financial markets, transparency generally refers to the ease with which outsiders can observe and interpret a firm’s true performance (Bushman, Piotroski, & Smith, 2004). High transparency, which often achieved through robust disclosure practices and credible reporting, reduces information asymmetry among investors (Leuz & Verrecchia, 2000). In the ESG domain, transparent disclosures are assumed to support consistency across rating agencies. However, the advent of digital finance has complicated the transparency picture. While digital platforms facilitate rapid and broad disclosure of data, they also introduce noise and complexity that can paradoxically reduce the clarity of information.
Digital finance encourages companies to disclose more information, but not necessarily better information. Firms might disclose a vast amount of ESG-related content through reports, websites, social platforms, and third-party aggregators, yet the quality or materiality of those disclosures can vary. This abundance of information can overwhelm raters, leading to inconsistent filtering and interpretation. As Paredes (2003) argues, excessive disclosure in fragmented formats may degrade rather than enhance transparency, particularly when cognitive and technical limits are exceeded.
Recent empirical evidence supports this view. Du et al. (2024) show that in China, firms in regions with higher digital finance indices exhibit more frequent ESG disclosure but lower analyst forecast accuracy and greater ESG rating disagreement. Han et al. (2024) document that digital transformation increases the complexity but not the clarity of ESG information, leading to reduced comparability across rating providers. Wang et al. (2023) provide compelling evidence in this regard by studying the aftermath of Google’s exit from China in 2010. The study shows that Chinese firms responded to the resulting decline in public information access by issuing more optimistic and opaque disclosures. Their findings suggest that when external search frictions increase, firms strategically adjust the tone and volume of their disclosures to influence investor interpretation, effectively reducing transparency.
Another strand of literature links selective disclosure to the manipulation of ESG narratives. Firms may engage in “green window dressing” by releasing voluminous but strategically curated ESG reports, obfuscating material weaknesses (Escrig-Olmedo et al., 2019). Papadopoulos & Cleveland (2023) find that digital platforms facilitate such narrative control, especially in the absence of consistent ESG disclosure standards. The result is not improved information transparency but strategic complexity, which impairs rating consistency.
In light of this discussion, we propose that information transparency is a critical mechanism linking digital finance to ESG rating divergence. Specifically, digital finance may erode meaningful transparency by overwhelming stakeholders with excessive or inconsistent data, thus hindering a common understanding of firms’ ESG performance.  These insights support our third hypothesis:
Hypothesis 3: Digital finance increases ESG rating divergence by reducing effective information transparency through unstandardized and excessive ESG disclosures.
3 Data and Empirical Design
3.1 Research Samples
Our empirical analysis is based on a panel dataset of Chinese A-share listed firms spanning from 2011 to 2022. We obtain firm-level financial, accounting, and governance data from the CSMAR database. ESG ratings are collected from six mainstream agencies that provide consistent and multi-dimensional coverage of listed firms: SNSI, WIND, Susallwave, SynTao Green Finance, Bloomberg, and FTSE Russell. These rating providers reflect a diversity of methodological perspectives, making them well-suited for measuring cross-agency divergence.
To assess the influence of regional digital finance, we use the Digital Inclusive Finance Index developed by the Institute of Digital Finance at Peking University. This index, which has become a standard reference in recent literature, is compiled at the provincial level and updated annually. We merge it with firm-level data using the registered province of each firm.
The sample excludes financial firms, which are subject to different disclosure standards, and firms designated as ST due to irregular operations. Observations with missing values or outliers are removed, and all continuous variables are winsorized at the 1st and 99th percentiles. Our final dataset consists of 10,375 firm-year observations.
3.2 Variable Construction
3.2.1 ESG Rating Divergence
The core dependent variable in our study is ESG rating divergence, which reflects the degree of disagreement among the six rating agencies. For each firm-year, we calculate the divergence as the range between the highest and lowest ESG scores assigned by the six agencies, denoted by ESG_range. This measure captures the extent to which different evaluators, exposed to the same public disclosures, arrive at inconsistent assessments. Such divergence is increasingly viewed as a critical indicator of information complexity, methodological inconsistency, and limitations in ESG data infrastructure, particularly in emerging markets.
As the alternative measures of ESG rating divergence, consistent with method put forward by Gibson Brandon et al. (2021), we construct stand standard deviation of ESG score percentile rankings for each firm by the six different institutions (ESG_dif) in our robustness test. Following Avramov et al. (2021), we employ the disagreement among ESG raters by focusing on pairwise ESG rating disagreement and then average across all rater pairs. We construct a pairwise rating disagreement metric by evaluating all 15 possible rater pairs from the six providers. For each pair-year, stocks rated by both agencies are ranked using percentile scores (normalized between 0 and 1), and pairwise rating uncertainty is calculated as  .  and    denote the ESG ranks of stock j from raters A and B in year t. The firm-level ESG disagreement is then obtained by averaging the pairwise uncertainties across all rater pairs. This approach allows for efficient utilization of overlapping rating data while maintaining inter-rater comparability.
3.2.2 Measuring Digital Finance
The main explanatory variable is the provincial-level digital finance index (Digfin) developed by Guo et al. This index incorporates three dimensions: coverage breadth (Coverage), usage depth (Depth), and digitization degree (Digitization). It is designed to reflect the accessibility, intensity, and technological advancement of financial services delivered through digital platforms. The coverage component captures the reach of basic services such as mobile payments and online banking; the depth dimension measures active engagement with digital credit, insurance, and investment tools; and the digitization component assesses the integration of advanced technologies like big data analytics and AI in financial intermediation. The index is normalized annually and allows us to assess both cross-sectional variation across provinces and dynamic growth over time. It’s one-period lag ensures temporal precedence relative to firm-level ESG outcomes.
3.2.3 Mechanism Variables
A) Market Attention
For market attention, we rely on two widely used proxies. The first is the natural logarithm of the annual count of ESG-related news articles about a firm, which reflects its visibility in the media. The second is the Baidu Search Index, which captures the intensity of public interest in a firm through keyword search volume. Both variables serve as indicators of stakeholder engagement and perception salience, which may in turn influence how ESG signals are interpreted by rating agencies.
B) Information Transparency
The information transparency mechanism is measured using a composite index that synthesizes five dimensions commonly used in the literature. These include the quality of accrual-based earnings (estimated using the Dechow and Dichev model), the annual disclosure score assigned by the Shenzhen Stock Exchange, the number of analysts following the firm, the accuracy of analysts’ earnings forecasts, and whether the firm employs one of the Big Four accounting firms. The composite score is calculated as the average percentile rank across the five components. This approach captures both voluntary and regulated aspects of disclosure, and its variation across firms provides a meaningful proxy for information quality in the capital market.
3.2.4 Control Variables
A comprehensive set of firm-level controls is included to isolate the effects of digital finance and the mechanism variables. These include firm size (Size), measured by the logarithm of total assets; leverage, calculated as total liabilities divided by total assets (Lev); and profitability, proxied by return on assets (ROA). We also control for cash holdings and firm age to reflect financial flexibility and corporate lifecycle (Cash). Governance-related controls include board size (Board), the proportion of independent directors (IndDirector), CEO duality status (Dual), analyst coverage (Alst), and whether the firm is audited by a Big Four firm (Audit). Ownership structure is captured through state ownership status (SOE), ownership concentration based on the largest shareholder’s stake (Top1), and the proportion of institutional ownership (Institution). All control variables are lagged by one period to ensure a consistent temporal structure and reduce simultaneity bias. In subsequent regressions, we incorporate firm, industry, province, and year fixed effects to control for unobserved heterogeneity and time-varying macroeconomic conditions. 
3.3 Model Specification
To estimate the relationship between digital finance and ESG rating divergence, we construct the following regression model:
           (1)
where the subscripts i and t represent firm and year, respectively. , which is calculated as the range of different ESG rating data, measures the divergence in ESG ratings among several institutions. The key independent variable, , captures the development of digital finance at the province level lagged by one period to mitigate potential endogeneity concerns. Control variables () are also lagged by one period to ensure consistency and avoid simultaneity bias.  represents the fixed effects, and this term accounts for different combinations of fixed effects, including year, industry, province, and firm fixed effects. Standard errors are clustered by firm. The error term ​ captures any remaining unexplained variation.
3.4 Data and Summary Statistics
Table 1 reports the descriptive statistics of the main variables. The ESG rating divergence reaches a maximum of 4.74, with a mean value of 1.263. Given that the highest ESG rating score is 9, such a level of divergence is non-negligible. The average value of the composite digital finance index is 2.712, with the digitalization sub-index exhibiting the highest mean (3.215), while the coverage breadth index shows a comparatively weaker performance (mean = 2.537), indicating a degree of imbalance across the three dimensions of digital finance development. Table 2 presents the correlation matrix of the key variables. Notably, the composite digital finance index is significantly and positively correlated with ESG rating divergence at the 1% level, with a correlation coefficient of 0.485. This preliminary evidence suggests a strong positive relationship between digital finance and ESG rating disagreement, consistent with the regression results discussed later.
[Insert Table 1 here]
[Insert Table 2 here]
4 Empirical Discussion
4.1 Baseline Regression
The baseline regression in Table 3 investigates the relationship between digital finance and ESG rating divergence, which incorporates different combinations of fixed 
Table 3 presents the baseline regression results that examine the association between digital finance and ESG rating divergence, incorporating various fixed effects specifications to ensure robustness. In Column (1), we include a comprehensive set of fixed effects—year, industry, province, and firm—to control for potential unobserved heterogeneity across time, sectors, regions, and individual firms. The coefficient on the composite digital finance index (Digfin) is positively signed and statistically significant (coefficient = 0.474, t-statistic = 2.545), indicating that firms embedded in regions with more advanced digital financial infrastructure tend to exhibit greater dispersion in their ESG ratings across agencies.
To further validate the robustness of this relationship, Columns (2) through (4) report results from regressions employing alternative combinations of fixed effects. Across all model specifications, the positive and significant relationship between digital finance and ESG rating divergence persists, thereby reinforcing the reliability of the findings. These results suggest that the development of digital finance may amplify the heterogeneity in ESG assessments by expanding the volume, variety, and velocity of information through digital channels.
One plausible explanation is that while digital finance facilitates access to ESG-related data, it may also contribute to information overload, leading to increased noise and inconsistent interpretations among rating agencies. The decentralized and often unstandardized nature of ESG data dissemination in digital environments can heighten subjectivity and discretion in ESG evaluations, thereby widening inter-rater discrepancies. In this context, digital finance serves as both an enabler of transparency and a potential amplifier of divergence, highlighting the need for enhanced standardization and data governance mechanisms to mitigate rating inconsistency in an increasingly digital financial ecosystem.
 [Insert Table 3 here]
4.2 [bookmark: OLE_LINK59][bookmark: OLE_LINK60]Endogeneity Tests
We employed an instrumental variable (IV) approach and a propensity score matching (PSM) method to address potential endogeneity concerns. We aim to mitigate any confounding factors or reverse causality that may arise from the relationship between digital finance and ESG rating divergence. These endogeneity tests allow us to establish a more robust and credible analysis of the influence of digital finance on enterprises’ ESG divergence. Table 4 presents the regression results based on the two-stage least squares (2SLS) estimation. Following the approach of Mu et al. (2023), we employ internet penetration (IntArima) as the instrumental variable. Internet penetration is a valid instrument for digital finance due to its strong relevance and exogeneity. It facilitates access to digital financial services, establishing a robust correlation with digital finance. Meanwhile, its determinants—such as infrastructure and regional development—are unlikely to directly affect ESG rating divergence, satisfying the exclusion restriction. To address missing values in the instrumental variable, we utilize the ARIMA model for imputation prior to conducting the 2SLS regression.
[Insert Table 4 here]
 In the first stage (column (1)), the instrument IntArima, is strongly correlated with Digital Finance (Digfin) at 0.042, confirming its relevance. The second stage (column (2)) shows that the statistically significant and positive effect of digital finance on ESG rating divergence remains robust (coefficient = 0.531), ruling out reverse causality and omitted variable bias. These results support our earlier results and provide further evidence that higher levels of digital finance contribute to larger ESG rating divergence for enterprises.
[Insert Table 5 here]
[Insert Table 6 here]
To further mitigate concerns related to endogeneity, we employ Propensity Score Matching (PSM) to construct a control group of firms with similar characteristics to those engaged in digital finance. We classify firms by annual mean Digital Finance Index, treating those in high-digital finance regions as the treatment group, and apply nearest-neighbor PSM. This matching strategy enhances the credibility of attributing observed effects to ESG rating divergence, rather than to confounding firm-level attributes correlated with both digital finance and ESG outcomes. The quality of the matching procedure is validated through balance tests, as reported in Table 5. Post-matching results indicate that the standardized differences (% bias) for all covariates are substantially reduced and fall below the conventional threshold of 20%. Additionally, t-tests reveal no statistically significant differences between the treatment and control groups, confirming the effectiveness of the matching process. Thus, by employing PSM to address endogeneity concerns, we have effectively mitigated potential biases and obtained more reliable estimates of the relationships between digital finance and firm ESG rating divergence.
4.3 [bookmark: OLE_LINK61][bookmark: OLE_LINK62]Robustness Tests
To ensure the robustness of our findings, we conducted additional tests in Table 7. In columns (1) to (3), we replaced the digital finance index with alternative proxies, including the coverage index (Coverage), depth index (Depth), and digitization index (Digitization) at the provincial level. The Depth and Digitization indices show significant positive effects, confirming that the relationship between digital finance and ESG rating divergence is not driven by the initial index choice. While the breadth of digital finance expands access to basic financial services, it contributes minimally to information overload due to the relatively standardized and low-complexity nature of the content provided. In contrast, both the depth and the degree of digitalization significantly exacerbate information overload. Greater financial depth exposes users to complex and heterogeneous financial products, thereby increasing decision-making burdens and cognitive strain. Meanwhile, higher digitalization intensifies the speed, volume, and heterogeneity of financial information through algorithmic generation and dissemination, leading to substantial information processing challenges and potential behavioral biases. As a consequence, this overload caused by depth and digitalization dimensions further intensifies ESG rating divergence.
[Insert Table 7 here]
[bookmark: OLE_LINK47][bookmark: OLE_LINK48]In Column (4), we adopt an alternative measure of ESG rating divergence, denoted as ESG_dif, defined as the standard deviation of ESG score percentile rankings assigned to each firm by six different rating agencies, following the methodology of Gibson Brandon et al. (2021). Additionally, in column (5) we incorporate the pairwise-matched standard deviation approach proposed by Avramov et al. (2022), which calculates ESG rating divergence based on normalized ranking data across rating agencies. Specifically, the standard deviation of each stock’s rankings—after applying pairwise matching procedures—is used to capture the degree of ESG assessment inconsistency. The coefficients remain positive and statistically significant at 0.057 and 0.079, respectively, indicating that the main findings persist when employing the alternative outcome variable. This further reinforces the robustness of the identified relationship. 
Given that the People’s Bank of China issued a directive in 2015 aimed at strengthening the regulation of Internet finance, which may have significantly influenced the development trajectory of digital finance, we use 2015 as a structural breakpoint in our analysis. The corresponding results are reported in Columns (6) and (7) of Table 7. Both pre- and post-regulation periods show significant positive effects (0.148 and 0.757), further validating our results. These consistent findings across different proxies, outcome measures, and timeframes confirm the robustness of the relationship between digital finance and ESG rating divergence.

5 Mechanism Analysis
[bookmark: OLE_LINK29][bookmark: OLE_LINK30][bookmark: OLE_LINK63][bookmark: OLE_LINK64]To gain a deeper understanding of the underlying channels through which digital finance influences ESG rating divergence, we conduct a mechanism analysis focusing on two critical dimensions: market attention and information transparency. Specifically, we investigate whether digital finance affects the extent of ESG rating divergence through its impact on investor attention (reported in Table 8) and corporate information disclosure quality (presented in Table 9). These mechanisms are selected based on theoretical and empirical literature suggesting that variations in the flow and processing of information—driven by digital financial infrastructure—may alter how different rating agencies assess a firm’s ESG performance. 
We use two proxies for market attention: the log of news coverage (News) and the Baidu Index (BdIndex). News measures media reports related to a firm, while BdIndex captures online search activity on financial topics, reflecting public engagement. The results in Table 8 show a significant relationship between digital finance and market attention. In columns (1) and (2), firms in regions with higher digital finance activity receive greater media coverage (coefficient = 0.123, t = 2.905, column 1), which correlates with higher ESG rating divergence (coefficient = 0.283, t = 3.24, column 2). Similarly, higher search intensity, captured by BdIndex, is significantly associated with ESG rating divergence, as shown in columns (3) and (4). These findings suggest that digital finance drives a surge in ESG-related information, increasing public and market scrutiny. 
The widespread use of digital platforms heightens investor sensitivity to ESG-related disclosures and controversies. This heightened visibility often leads to excessive scrutiny of ESG events, regardless of their materiality, generating a flood of opinions, analyses, and speculative content. As information rapidly circulates and multiplies across digital channels, it increases noise and reduces the signal clarity for rating agencies (Eppler & Mengis, 2004). Different agencies may respond to distinct subsets or interpretations of this information, depending on their data collection algorithms, weighting schemes, and evaluation models. Consequently, excessive market attention, fueled by digital finance, amplifies the heterogeneity of information environments and widens discrepancies in ESG ratings.
[Insert Table 8 here]
The second mechanism highlights information transparency in ESG disclosures. While digital finance enhances information accessibility, it also increases reporting uncertainty, reducing transparency. We measure information transparency using accounting Information Transparency[footnoteRef:2] and the Transparency. Accounting information transparency is measured based on earnings aggressiveness (EA) and earnings smoothing (ES) put forwarded by Bhattacharya et al. (2003): [2:   Information transparency is measured using earnings aggressiveness (EA) and earnings smoothing (ES), with detailed calculations provided in Appendix B.] 

                           (2)
EA is calculated based on the following Models (3) and (4):
                                           (3)
             (4)
In Models (3) and (4), for firm i and year t (t-1),  denotes total assets at the beginning of the year, and  denotes the total accruals,  denotes the change in total current assets,  denotes the change in total current liabilities,  denotes the change in cash holding,  denotes the change in current portion of long-term debt,  denotes depreciation and amortisation expense in the year,  denotes the change in income taxes payable.
And ES is calculated on the basis of Model (5): 
  
                 (5)
In Model (5),  denotes cash flow from operations and  denotes net income.
We additionally employ the Transparency Index proposed by Lang et al. (2012) as an alternative proxy for information transparency. The transparency index is constructed using five individual indicators: earnings quality, analyst-related dimensions: (1) the absolute value of analyst forecast error, (2) the dispersion of analyst forecasts, (3) the number of analysts following the firm, (4) the frequency of analyst forecast revisions, and (5) the age of the most recent forecast prior to the earnings announcement. Each component is industry- and year-ranked, normalized to a [0,1] scale, and directionally aligned so that higher values indicate greater transparency. The Transparency Index is then calculated as the average of these five normalized components, offering a comprehensive proxy for the quality of a firm’s information environment.
Results in Table 9 confirm that higher digital finance levels correspond to lower ESG disclosure transparency. Digital finance negatively correlates with EAES in column (5) (-0.367, t-statistics = -2.11), suggesting reduced accounting transparency. In column (6), the coefficient on Digfin is 0.300 (t-statistic = 2.77), showing that digital finance is positively related to ESG rating divergence due to decreased information transparency. The Tran variable further supports this finding, showing a negative association with digital finance in column (7) (-0.449, t-statistics = -2.583) and ESG rating divergence In column (8) (-0.233, t- statistics = -1.836). 
These results indicate that digital finance, while improving the availability of ESG information, also leads to inconsistencies in reporting, further exacerbating disagreement among rating agencies. Although digital finance enhances the accessibility and volume of information, it may paradoxically reduce overall information transparency due to excessive information overload and redundancy, thereby exacerbating ESG rating divergence. First, the proliferation of unstructured data in highly digitalized environments often obscures key ESG signals, weakening stakeholders’ ability to identify and process material information. Second, the heterogeneity of data presentation across platforms and algorithmic systems leads to inconsistent interpretations among rating agencies. Third, digital finance may distort attention allocation by amplifying short-term or sensational information, resulting in divergent emphases on ESG dimensions. Lastly, the uneven quality of digital information introduces noise, which increases uncertainty and subjective discretion in ESG assessments. Collectively, these factors diminish the effectiveness of transparency and contribute to greater inconsistencies in ESG ratings across agencies.
[Insert Table 9 here]
6 Heterogeneity Test
To further examine the relationship between digital finance and ESG rating divergence, we conduct a heterogeneity analysis by segmenting firms based on ownership structure, institutional ownership, financial supervision, and industry pollution level[footnoteRef:3]. Table 10 presents the results. [3:  The detailed heterogeneity variable definitions are provided in Appendix C.] 

[Insert Table 10 here]
In columns (1) and (2), the coefficient on Digfin is significantly positive for SOEs (0.649, t-statistic = 2.54), indicating that digital finance has a stronger impact on ESG rating divergence among SOEs. This suggests that government influence and regulatory complexity in SOEs may amplify ESG rating divergence. The potential reason is their standardized and procedural disclosure practices are more easily obscured by redundant information in a digital finance environment, reducing the clarity of key signals. Moreover, ESG practices in SOEs are often policy-driven, leading to greater interpretative discrepancies among rating agencies and thereby amplifying rating divergence.
[bookmark: OLE_LINK43][bookmark: OLE_LINK44]We then explore the impact of institutional ownership by splitting the sample into firms with institutional shareholding above and below the mean of 0.497. In columns (3) and (4), digital finance is significantly associated with higher ESG rating divergence in firms with high institutional ownership (0.631, t-statistic = 2.477), while firms with lower institutional ownership show no effect. This implies that institutional investors drive variation in ESG disclosures, leading to greater rating discrepancies. This might because institutional investors are highly sensitive to ESG-related information and frequently rely on digital channels for information acquisition, making them more susceptible to information overload. Furthermore, institutional investors often exhibit heterogeneous preferences across ESG dimensions, leading to divergent interpretations and evaluation criteria under conditions of excessive information.
Next, in columns (5) and (6), digital finance significantly impacts ESG rating divergence (0.634, t-statistic = 1.930) in firms with weaker financial supervision, whereas the effect is insignificant in firms with strong financial supervision. This suggests that stronger financial oversight reduces inconsistencies in ESG disclosures. It might be due to regulatory pressure compels them to engage in more frequent and standardized disclosures, which are more likely to result in information redundancy under a digital financial environment. At the same time, the increased volume of compliance-driven disclosures imposes higher information processing costs on rating agencies, thereby exacerbating interpretative divergence in ESG assessments.
Finally, the impact is more pronounced in low pollution industries (0.402, t = 1.784) than in high pollution industries, suggesting that regulatory scrutiny in environmentally sensitive industries may standardize ESG assessments and limit rating divergence.
Overall, these results indicate that ownership structure, investor influence, governance quality, and industry context shape how digital finance affects ESG rating divergence, emphasizing the role of firm-specific and industry characteristics in ESG assessment discrepancies.
7 Further analysis
In this section, we further explore the extent to which the subcomponents of ESG rating divergence—namely, environmental, social, and governance dimensions—are differentially influenced by the development of the digital economy. We also examine whether ESG rating divergence demonstrates signs of temporal convergence or increasing consistency over the sample period, shedding light on the potential effects of evolving digital infrastructure, regulatory alignment, and market learning.
7.1 [bookmark: OLE_LINK85][bookmark: OLE_LINK86]Pillar Rating Divergence
Our previous analysis demonstrates that overall ESG rating divergence is exacerbated by information overload stemming from the development of digital finance. Building on this finding, we further investigate whether this effect varies in magnitude across the individual ESG dimensions. In this section, we conduct a detailed examination of the heterogeneous impact of digital-finance-induced information overload on the divergence of Environmental, Social, and Governance scores.
In the unreported tables, we extend the previously employed measure of ESG rating divergence to each individual dimension and observe notable heterogeneity in the magnitude of disagreement. Specifically, the Social (S) dimension exhibits the highest average level of divergence, with a mean value of 2.291, followed by the Environmental (E) dimension, which shows an average divergence of 1.675 over the sample period. In contrast, the Governance (G) dimension demonstrates the lowest level of disagreement, with a mean of 0.894. These findings are consistent with existing literature. For example, Christensen et al. (2022) highlight that rating agencies tend to diverge more substantially in their evaluations of the E and S dimensions than in the G dimension, with the greatest inconsistency observed in the Social pillar. Several underlying factors explain this pattern. First, the Social dimension lacks uniform evaluation standards, as it covers a wide range of issues including labor relations, diversity, human rights, and supply chain responsibility, all of which are assessed differently across agencies. Second, data availability for the S dimension is relatively limited, often relying on qualitative disclosures that are difficult to quantify, thereby increasing subjectivity. Third, cultural and regional variations in social responsibility expectations further complicate standardization, making this dimension particularly prone to interpretive divergence. 
[Insert Table 11 here]
[bookmark: OLE_LINK87][bookmark: OLE_LINK88]Table 11 reports the regression results examining the impact of digital finance on the divergence of firm-level ESG ratings across the three dimensions. The findings reveal that information overload induced by digital finance is positively and significantly associated with rating disagreement across all ESG dimensions, though the magnitude of the effect varies. The Environmental (E) dimension exhibits the strongest positive association, with a coefficient of 0.671, significant at the 1% level. This is followed by the Social (S) dimension, with a coefficient of 0.473, while the Governance (G) dimension shows the smallest effect. Several factors contribute to the particularly pronounced impact on environmental rating divergence. First, the Environmental dimension encompasses a broad and complex range of indicators—including carbon emissions, energy consumption, water resource management, pollution control, and biodiversity protection—resulting in highly fragmented disclosure. Second, the processing of environmental data is often subject to substantial discretion, as rating agencies must make subjective choices regarding normalization, treatment of missing values, and industry-specific adjustments, especially in the presence of excessive and unstructured data. Finally, greenwashing practices further complicate the evaluation process; faced with abundant ESG-related promotional content and technical jargon, agencies may struggle to distinguish genuine environmental performance from superficial claims, thereby amplifying divergence in environmental scores.
7.2  Variation of ESG Rating Divergence and Regional Convergence in Digital Finance
 In this section, we provide further analysis to address the potential influence of regional disparities in digital finance development and the sample selection on the relationship between digital finance and ESG rating divergence. First, we use the Gini coefficient (Dagum, 1997; Yang et al., 2023) to illustrate the regional disparities in digital finance development across Chinese provinces from Q1 2011 to Q4 2022, as shown in Figure 1A. Our analysis reveals that after 2015, The levels of digital financial development across different regions exhibit convergence, as evidenced by the narrowing Gini coefficient over the years. However, the divergence in ESG ratings among agencies has not decreased. This further substantiated in Figure 1B, which specifically examines ESG divergence and Gini coefficient. This suggests that the positive influence of digital finance development on ESG rating divergence remains even disparities of digital finance decrease sharply and stay in a relatively stable level after 2015. 
[Insert Figure 1A here]
[Insert Figure 1B here]
We also further examine the number of companies rated by ESG each year, as shown in Figure 2. The number of companies which are rated by all 6 agencies [footnoteRef:4]remained relatively stable over the study period, ranging from 700 to 1000 companies annually, with slight fluctuations. Despite this stability in the number of rated companies, the divergence in ESG ratings continued to increase. These findings confirm that neither the regional convergence in digital finance development nor the variations in the number of firms rated by different agencies significantly affect our main conclusion—that the growth of digital finance is associated with an increase in ESG rating divergence.  [4:  We include only firms for which ratings from all six agencies (SNSI、WIND、Susallwave、SynTao Green Finance、Bloomberg、FTSE Russell) are available and exclude those with any missing ratings from any agency.] 

[Insert Figure 2 here]

8 Conclusion
This study examines the impact of digital finance on ESG rating divergence using firm-level data from 2011 to 2022. Our findings indicate that higher digital finance levels are associated with increased ESG rating divergence, a relationship consistent across various models and robustness checks. To Address endogeneity concerns, we employ a 2SLS regression with internet penetration as an instrument and propensity score matching (PSM) approach. Mechanism analysis indicates that digital finance affects ESG divergence through two key channels: increasing market attention and decreasing information transparency, both contribute to information overload. Heterogeneity tests reveal that this effect is more pronounced in state-owned firms, firms with higher institutional ownership, weaker financial supervision, and firms in less polluted industries. Our further analysis on the relationship between digital finance and pillar ESG rating divergence shows that digital finance is positively associated with rating disagreement across all ESG dimensions. In addition, illustrates that the phenomenon of digital finance increasing ESG divergence persists, even as digital finance disparities decrease and stabilize after 2015.  
[bookmark: OLE_LINK21][bookmark: OLE_LINK22]Results in this study underscore the challenge digital finance poses to ESG rating comparability. Policymakers should consider implementing standard EGS disclosure frameworks and enhancing information quality to mitigate inconsistencies and improve assessment reliability. While digital finance increases information availability, it also introduces redundancy that complicates ESG rating comparability.  
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[bookmark: OLE_LINK58][bookmark: OLE_LINK65]Figure 1A Variation in the Gini coefficient and the ESG rating divergence over time
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Figure 1B ESG rating divergence and regional disparities in digital finance
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Figure 2 Number of ESG-rated companies the ESG rating divergence over time


Table 1 Summary statistics
	[bookmark: RANGE!D14]Variables
	Obs
	Mean
	Std. Dev.
	Min
	Max

	ESG_range
	10375
	1.263
	1.467
	0
	4.74

	[bookmark: _Hlk204883070]Digfin
	10375
	2.712
	1.104
	0.324
	4.59

	[bookmark: _Hlk204883093]Coverage
	10375
	2.537
	1.105
	0.185
	4.559

	[bookmark: _Hlk204883101]Depth
	10375
	2.751
	1.139
	0.381
	4.887

	[bookmark: _Hlk204883109]Digitization
	10375
	3.215
	1.212
	0.157
	4.641

	Size
	10375
	22.66
	1.307
	20.23
	26.46

	Lev
	10375
	0.448
	0.197
	0.066
	0.869

	Cash
	10375
	0.056
	0.07
	-0.147
	0.254

	Roa
	10375
	0.048
	0.052
	-0.133
	0.206

	Age
	10375
	2.927
	0.324
	1.792
	3.526

	SOE
	10375
	0.402
	0.49
	0
	1

	[bookmark: _Hlk204884526]Top1
	10375
	0.361
	0.153
	0.094
	0.765

	Dual
	10375
	0.249
	0.432
	0
	1

	Board
	10375
	2.145
	0.197
	1.609
	2.708

	Alst
	10375
	0.751
	0.486
	0
	1.653

	Growth
	10375
	0.175
	0.404
	-0.476
	2.78

	IndDirector
	10375
	0.375
	0.055
	0.308
	0.571

	[bookmark: _Hlk204884453]Mng
	10375
	0.111
	0.183
	0
	0.681

	Audit
	10375
	0.081
	0.273
	0
	1

	Institution
	10375
	0.497
	0.243
	0.008
	0.922



Notes: This table presents the summary statistics for the variables under consideration. It specifically delineates the mean, median, standard deviation (SD), minimum (Min), average (Mean), and maximum (Max) values of the distributions. The baseline regression sample comprises 10,375 firm-year observations spanning the years 2011 to 2022. All variables are described Section 3.2 and Appendix A1. 
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Table 2 Correlation matrix 

	Variables
	(1) ESG_range
	(2) Digfin
	(3) Breadth
	(4) Depth
	(5) Digitization
	(6) Asy
	(7) Size
	(8) Lev
	(9) Cash
	(10) Roa
	 

	(1) ESG_range
	1
	
	
	
	
	
	
	
	
	
	

	(2) Digfin
	0.485***
	1
	
	
	
	
	
	
	
	
	

	(3) Breadth
	0.495***
	0.994***
	1
	
	
	
	
	
	
	
	

	(4) Depth
	0.456***
	0.974***
	0.958***
	1
	
	
	
	
	
	
	

	(5) Digitization
	0.434***
	0.917***
	0.892***
	0.834***
	1
	
	
	
	
	
	

	(6) Asy
	-0.272***
	-0.244***
	-0.248***
	-0.194***
	-0.283***
	1
	
	
	
	
	

	(7) Size
	0.312***
	0.215***
	0.220***
	0.188***
	0.218***
	-0.541***
	1
	
	
	
	

	(8) Lev
	0.038***
	-0.041***
	-0.040***
	-0.050***
	-0.023***
	-0.080***
	0.528***
	1
	
	
	

	(9) Cash
	0.102***
	0.130***
	0.127***
	0.122***
	0.136***
	-0.154***
	0.015
	-0.229***
	1
	
	

	(10) Roa
	0.028***
	0.052***
	0.053***
	0.069***
	0.012
	-0.156***
	-0.103***
	-0.448***
	0.474***
	1
	

	(11) Age
	0.235***
	0.389***
	0.387***
	0.355***
	0.395***
	-0.185***
	0.245***
	0.152***
	0.054***
	-0.051***
	

	(12) Soe
	0.015
	-0.137***
	-0.134***
	-0.153***
	-0.100***
	-0.123***
	0.350***
	0.261***
	-0.004
	-0.128***
	

	(13) Dual
	0.013
	0.097***
	0.096***
	0.109***
	0.064***
	0.025***
	-0.154***
	-0.119***
	-0.028***
	0.056***
	

	(14) Board
	0.002
	-0.129***
	-0.127***
	-0.134***
	-0.109***
	-0.080***
	0.216***
	0.121***
	0.030***
	-0.022***
	

	(15) Top1
	0.001
	-0.034***
	-0.031***
	-0.029***
	-0.047***
	0.080***
	0.174***
	0.048***
	0.075***
	0.099***
	

	(16) Alst
	0.089***
	-0.022***
	-0.022***
	-0.011
	-0.036***
	-0.394***
	0.297***
	-0.021***
	0.199***
	0.349***
	

	(17) Growth
	-0.025***
	-0.016
	-0.017
	-0.007
	-0.027***
	-0.071***
	0.041***
	0.063***
	0.016
	0.166***
	

	(18) InDirector
	0.034***
	0.065***
	0.065***
	0.064***
	0.060***
	-0.063***
	0.043***
	0.015
	-0.003
	-0.013
	

	(19) Mng
	-0.021***
	0.116***
	0.115***
	0.133***
	0.074***
	0.189***
	-0.351***
	-0.291***
	0.007
	0.161***
	

	(20) Audit
	0.111***
	0.074***
	0.076***
	0.078***
	0.047***
	-0.204***
	0.342***
	0.104***
	0.070***
	0.009
	

	(21) Instituion
	0.070***
	-0.045***
	-0.042***
	-0.051***
	-0.037***
	-0.128***
	0.423***
	0.205***
	0.111***
	0.072***
	 

	Variables
	(11) Age
	(12) Soe
	(13) Dual
	(14) Board
	(15) Top1
	(16) Alst
	(17) Growth
	(18) InDirector
	(19) Mng
	(20) Audit
	(21) Institution

	(11) Age
	1
	
	
	
	
	
	
	
	
	
	

	(12) Soe
	0.154***
	1
	
	
	
	
	
	
	
	
	

	(13) Dual
	-0.093***
	-0.295***
	1
	
	
	
	
	
	
	
	

	(14) Board
	0.036***
	0.255***
	-0.184***
	1
	
	
	
	
	
	
	

	(15) Top1
	-0.125***
	0.206***
	-0.049***
	0.002
	1
	
	
	
	
	
	

	(16) Alst
	-0.074***
	-0.037***
	0.030***
	0.077***
	0.039***
	1
	
	
	
	
	

	(17) Growth
	0.004
	-0.056***
	0.022***
	-0.030***
	-0.024***
	0.081***
	
	
	
	
	

	(18) InDirector
	-0.004
	-0.023***
	0.114***
	-0.509***
	0.069***
	0.021***
	0.005
	1
	
	
	

	(19) Mng
	-0.224***
	-0.468***
	0.254***
	-0.208***
	-0.108***
	0.017
	0.021***
	0.058***
	1
	
	

	(20) Audit
	0.050***
	0.132***
	-0.052***
	0.076***
	0.132***
	0.153***
	-0.017
	0.044***
	-0.122***
	1
	

	(21) Institution
	0.071***
	0.388***
	-0.188***
	0.197***
	0.511***
	0.202***
	0.022***
	-0.028***
	-0.670***
	0.238***
	1


Notes: This table presents pairwise correlations for all variables. All variables are described Section 3.2 and Appendix A1. T-statistics are provided in parentheses. ***, **, and * indicate statistical significance at the 1%, 5% and 10% levels, respectively.
Table 3 Baseline results
	
	(1)
	(2)
	(3)
	(4)

	Variables
	ESG_range
	ESG_range
	ESG_range
	ESG_range

	Digfin
	0.457**
	0.630***
	0.422**
	0.366**

	
	(2.545)
	(14.133)
	(2.361)
	(2.505)

	Size
	0.161***
	0.297***
	0.143***
	0.263***

	
	(4.148)
	(17.675)
	(3.881）
	(18.093)

	Lev
	-0.322**
	-0.435***
	-0.249*
	-0.592***

	
	(-2.159)
	(-4.485)
	(-1.703)
	(-7.044)

	Cash
	0.078
	-0.435*
	0.054
	0.067

	
	(0.337)
	(-1.906)
	(0.233)
	(0.326)

	Roa
	-0.12
	1.035***
	-0.145
	-0.407

	
	(-0.278)
	(2.668)
	(-0.338)
	(-1.151)

	Age
	0.14
	0.063
	0.103
	-0.080*

	
	(0.603)
	(1.33)
	(0.445)
	(-1.837)

	Soe
	0.111
	-0.027
	-0.068
	-0.024

	
	(1.069)
	(-0.770)
	(-0.657)
	(-0.770)

	Top1
	0.295
	-0.201*
	0.283
	-0.158

	
	(1.315)
	(-1.800)
	(1.291)
	(-1.558)

	Dual
	-0.027
	0.003
	-0.032
	0.018

	
	(-0.591)
	(0.103)
	(-0.694)
	(0.589)

	Board
	-0.015
	-0.078
	0.012
	-0.115

	
	(-0.107)
	(-0.926)
	(0.09)
	(-1.502)

	Alst
	0.021
	0.047***
	0.02
	0.058***

	
	(1.185)
	(3.098)
	(1.156)
	(4.285)

	Growth
	-0.02
	0.001
	-0.025
	-0.006

	
	(-0.724)
	(0.021)
	(-0.924)
	(-0.242)

	IndDirector
	0.077
	-0.07
	0.147
	-0.13

	
	(0.184)
	(-0.246)
	(0.354)
	(-0.492)

	Mng
	0.433**
	0.235**
	0.367*
	0.029

	
	(2.066)
	(2.031)
	(1.776)
	(0.271)

	Audit
	0.041
	-0.023
	0.038
	0.075

	
	(0.404)
	(-0.437)
	(0.376)
	(1.559)

	Institution
	0.287*
	0.197**
	0.266*
	0.11

	
	(1.886)
	(2.029)
	(1.773)
	(0.23)

	Constant
	-5.359***
	-6.280***
	-3.528***
	-4.567***

	
	(-3.820)
	(-13.755)
	(-3.372)
	(-12.688)

	Year FE
	Yes
	Yes
	No
	Yes

	Industry FE
	Yes
	Yes
	No
	No

	Province FE
	Yes
	No
	Yes
	Yes

	Firm FE
	Yes
	No
	Yes
	Yes

	N
	10375
	10375
	10375
	10375

	Adjust-R square
	0.502
	0.332
	0.494
	0.412


Notes: This table displays the estimation results regarding the impact of digital finance on ESG divergence. T-statistics are provided in parentheses. Asterisks denote levels of statistical significance: *** indicates significance at the 1% level, ** at the 5% level, and * at the 10% level, respectively.
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	First stage
	Second stage

	
	(1)
	(2)

	Variables
	Digfin
	ESG_range

	IntArima
	0.042***
	

	
	(5.103)
	

	Digfin
	
	0.531***

	
	
	(3.283)

	
	
	

	Size
	0.210***
	0.321***

	
	(4.989)
	(9.15)

	Lev
	-0.592***
	-0.674***

	
	(-3.794)
	(-7.302)

	Cash
	1.227***
	0.047

	
	(3.982)
	-0.209

	Roa
	0.001
	0.660*

	
	(-0.006)
	(-1.741)

	Age
	0.860*
	0.165

	
	(1.812)
	(1.209)

	Soe
	0.271
	-0.042

	
	(1.072)
	(-1.229)

	Top1
	-0.198**
	-0.315**

	
	(-1.986)
	(-2.880)

	Dual
	-0.047
	0.016

	
	(-1.619)
	-0.505

	Board
	-0.039
	-0.117

	
	(-1.537)
	(-1.399)

	Alst
	0.115*
	0.041**

	
	(1.826)
	-3.126

	Growth
	-0.03
	0.002

	
	(-1.079)
	(-0.055)

	IndDirector
	0.497
	0.085

	
	(1.131)
	(0.299)

	Mng
	0.615***
	0.272**

	
	(3.655)
	(2.335)

	Audit
	0.194
	0.04

	
	(0.786)
	-0.777

	Institution
	0.199**
	0.225*

	
	(2.097)
	(1.722)

	Constant
	-5.772***
	-7.292***

	
	(-8.095)
	(-8.418)

	Year FE
	Yes
	Yes

	Industry FE
	Yes
	Yes

	Province FE
	Yes
	Yes

	Firm FE
	Yes
	Yes

	N
	8883
	10375

	Adjust-R square
	0.577
	0.311


 
Notes: This table presents the results of the endogeneity tests. Missing values were imputed using the ARIMA model, and the internet penetration rate was constructed as an instrumental variable. Columns (1) and (2) display the results from the first stage and second instrumental variable tests. All regressions include controls for year and industry fixed effects. T-statistics are reported in parentheses, and statistical significance is indicated at the 1%, 5%, and 10% levels by ***, **, and *, respectively.

Table 5 Matching balance results
	Variable
	Unmatched
	Mean
	Bias
	%Reduct
	T-test
	V(T)/

	
	Matched
	Treated
	Control
	（%）
	|bias|
	t value
	p>|t|
	V(C)

	Lev
	U
	0.474
	0.431
	22.3
	
	10.2
	0
	0.98

	
	M
	0.473
	0.477
	-2.4
	89.4
	-0.92
	0.357
	0.94

	Soe
	U
	0.560
	0.364
	40.1
	
	18.5
	0
	.

	
	M
	0.557
	0.559
	-0.3
	99.2
	-0.13
	0.898
	.

	Audit
	U
	0.054
	0.095
	-15.4
	
	-6.79
	0
	.

	
	M
	0.055
	0.050
	2.0
	87.2
	0.92
	0.36
	.

	Mng
	U
	0.068
	0.133
	-36.6
	
	-16.11
	0
	0.60*

	
	M
	0.068
	0.073
	-3.0
	91.7
	-1.39
	0.163
	1.06

	Board
	U
	2.184
	2.138
	23.8
	
	10.95
	0
	1.04

	
	M
	2.181
	2.182
	-0.5
	98.0
	0.19
	0.848
	1.03

	Institution
	U
	0.528
	0.493
	14.4
	
	6.48
	0
	0.78*

	
	M
	0.528
	0.526
	0.9
	94.0
	0.36
	0.718
	0.98

	Dual
	U
	0.180
	0.272
	-22.3
	
	-9.96
	0
	.

	
	M
	0.180
	0.183
	-0.8
	96.5
	-0.33
	0.742
	.

	Top1
	U
	0.363
	0.370
	-4.4
	
	-2.05
	0.041
	1.04

	
	M
	0.364
	0.364
	-0.3
	93.9
	-0.11
	0.914
	1.07

	Cash
	U
	0.057
	0.059
	-2.4
	
	-1.09
	0.276
	1

	
	M
	0.057
	0.058
	-1.3
	47.1
	-0.5
	0.62
	1.02


Notes: The table reports the mean-value and t-test results before and after matching. We perform the propensity score matching (PSM) by using the nearest neighbour method with no replacement. The test results show that the standardized deviation (% bias) of variable after matching significantly reduced. T-test results show the difference between the treated and the control samples after matching are insignificant.




Table 6 Endogeneity tests: propensity score matching
	
	Baseline
	PSM

	
	(1)
	(2)

	Variables
	ESG_range
	ESG_range

	Digfin
	0.457**
	

	
	(2.545)
	

	Size
	0.161***
	0.420***

	
	(4.148)
	(5.309)

	Lev
	-0.322**
	-0.327***

	
	(-2.159)
	(-3.544)

	Cash
	0.078
	0.671

	
	(0.337)
	(0.951)

	Roa
	-0.12
	-0.188*

	
	(-0.278)
	(1.743)

	Age
	0.14
	0.001

	
	(0.603)
	(0.056)

	Soe
	0.111
	0.738

	
	(1.069)
	(1.21)

	Top1
	0.295
	0.38

	
	(1.315)
	(1.678)

	Dual
	-0.027
	-0.812

	
	(-0.591)
	(-5.072)

	Board
	-0.015
	-0.119

	
	(-0.107)
	(-1.423)

	Alst
	0.021
	-0.324***

	
	(1.185)
	(-4.101)

	Growth
	-0.02
	-0.094

	
	(-0.724)
	(-0.917)

	IndDirector
	0.077
	0.081

	
	(0.184)
	(0.987)

	Mng
	0.433**
	0.545*

	
	(2.066)
	(1.99)

	Audit
	0.041
	0.075

	
	(0.404)
	(0.575)

	Institution
	0.287*
	0.549***

	
	(1.886)
	(4.241)

	Constant
	-5.359***
	-6.443***

	
	(-3.820)
	(-7.552)

	Year FE
	Yes
	Yes

	Industry FE
	Yes
	Yes

	City FE
	Yes
	Yes

	Firm FE
	Yes
	Yes

	N
	10375
	9611

	Adjust-R square
	0.502
	0.382


Notes: This table displays the regression results after propensity score matching. Column (1) shows the original baseline for comparison. All regressions include controls for year and industry fixed effects. T-statistics are reported in parentheses, and statistical significance is indicated at the 1%, 5%, and 10% levels by ***, **, and *, respectively.



Table 7 Robustness tests
	 
	Alternative proxy for digital finance
	 
	Alternative ESG divergence 
	Sub-sample test

	Variables
	(1)
	(2)
	(3)
	
	(4)
	(5)
	
	(6)
	(7)

	
	ESG_range
	ESG_range
	ESG_range
	
	ESG_dif
	ESG_dispaire
	
	Pre 2015
	Post 2015

	Coverage
	0.248
	
	
	
	0.057***
	0.079**
	
	0.148***
	0.757

	
	(1.005)
	
	
	
	(2.695)
	(2.013)
	
	(3.173)
	(4.861)

	Depth
	
	0.235**
	
	
	
	
	
	
	

	
	
	(2.527)
	
	
	
	
	
	
	

	Digitization
	
	
	0.134*
	
	
	
	
	
	

	
	
	
	(1.82)
	
	
	
	
	
	

	Size
	0.263***
	0.263***
	0.262***
	
	0.242***
	0.378***
	
	0.295***
	0.313***

	
	(11.093)
	(8.121)
	(7.041)
	
	(8.049)
	(12.734)
	
	(7.547)
	98.967)

	Lev
	-0.562*
	-0.542**
	-0.591***
	
	-0.590**
	-0.646***
	
	-0.430**
	-0.468***

	
	(-1.744)
	(-2.047)
	(-3.033)
	
	(-2.015)
	(-6.394)
	
	(-1.977)
	(-4.870)

	Cash
	0.067
	-0.069*
	0.068
	
	0.076
	-0.247
	
	-0.384*
	-0.339

	
	(0.326)
	(-1.833)
	(0.332)
	
	(0.366)
	(-1.033)
	
	(-1.685)
	(-1.497)

	Roa
	-0.407
	0.40**
	-0.406
	
	-0.416*
	1.442***
	
	0.970**
	0.813**

	
	(-1.151)
	(1.749)
	(-1.149)
	
	(-1.177)
	(-3.557)
	
	(2.5)
	(2.107)

	Age
	-0.080*
	0.079
	-0.080*
	
	-0.078*
	-0.291*
	
	0.074
	-0.104**

	
	(-1.837)
	-1.825
	(-1.835)
	
	(-1.791)
	(-1.93)
	
	(1.577)
	(2.238)

	Soe
	-0.024
	-0.023
	0.025
	
	0.021*
	-0.102**
	
	-0.029
	-0.032*

	
	(-0.770)
	(-0.742)
	(0.813)
	
	(1.866)
	(-2.023)
	
	(-0.823)
	(-1.919)

	Top1
	-0.158
	-0.159
	-0.159
	
	-0.164*
	-0.17
	
	-0.219*
	-0.198*

	
	(-1.558)
	(-1.566)
	(-1.565)
	
	(-1.672)
	(-1.452)
	
	(-1.957)
	(-1.779)

	Dual
	0.018
	-0.017
	0.019
	
	0.015
	0.044
	
	0.005
	-0.006

	
	(0.589)
	(-0.558)
	(0.623)
	
	(-0.516)
	(1.308)
	
	(-0.147)
	(-0.185)

	Board
	-0.114
	-0.113
	-0.117
	
	-0.109
	-0.228*
	
	-0.08
	-0.081*

	
	(-1.502)
	(-1.474)
	(-1.532)
	
	(-1.424)
	(-1.798)
	
	(-0.954)
	(-0.968)

	Alst
	0.050***
	0.018**
	0.027
	
	0.058**
	0.012*
	
	0.048***
	0.033**

	
	(4.281)
	(2.275)
	(1.297)
	
	(2.291)
	(1.768)
	
	(3.138
	(2.229)

	Growth
	-0.006
	-0.006
	-0.007
	
	-0.006
	-0.013
	
	-0.032
	-0.006

	
	(-0.242)
	(-0.236)
	(-0.254)
	
	(-0.214)
	(-0.425)
	
	(0.015)
	(-0.203)

	IndDirector
	-0.13
	-0.125
	-0.136
	
	-0.117
	-0.366
	
	-0.059
	-0.013

	
	(-0.492)
	(-0.475)
	(-0.516)
	
	(-0.443)
	(-1.226)
	
	(-0.206)
	(-0.045)

	Mng
	0.029
	0.025
	0.031
	
	0.02
	0.568*
	
	0.223*
	0.197*

	
	(0.271)
	(0.235)
	(0.288)
	
	(0.186)
	(1.725)
	
	(1.924)
	(1.717)

	Audit
	0.075
	-0.072
	0.076
	
	0.067
	0.017
	
	-0.027
	-0.055

	
	(1.559)
	(1.501)
	(1.601)
	
	(1.41)
	(0.316)
	
	(-0.519)
	(-1.064)

	Institution
	0.11*
	0.107
	0.111
	
	0.107*
	0.326***
	
	0.193**
	0.15

	
	(1.842)
	(1.2)
	(1.24)
	
	(1.914)
	(3.219)
	
	(1.989)
	(1.554)

	Constant
	-5.246***
	-5.285***
	-5.155***
	
	-0.233*
	-0.404**
	
	-5.12***
	-9.457***

	
	(-3.730)
	(-3.771)
	(-3.681)
	
	(-4.835)
	(-3.589)
	
	(-3.812)
	(-12.022)

	Controls
	Yes
	Yes
	Yes
	
	Yes
	Yes
	
	Yes
	Yes

	Year FE
	Yes
	Yes
	Yes
	
	Yes
	Yes
	
	Yes
	Yes

	Industry FE
	Yes
	Yes
	Yes
	
	Yes
	Yes
	
	Yes
	Yes

	Province FE
	Yes
	Yes
	Yes
	
	Yes
	Yes
	
	Yes
	Yes

	Firm FE
	Yes
	Yes
	Yes
	
	Yes
	Yes
	
	Yes
	Yes

	
	10375
	10375
	10375
	
	10375
	10375
	
	3604
	6771

	Adjusted R-square
	0.432
	0.479
	0.522
	 
	0.341
	0.294
	 
	0.216
	0.341


Notes: This table presents the other robustness test between digital finance and ESG divergence. Columns (1)-(3) respectively show the results of replacing total digital finance index by using coverage index (Coverage), the depth index (Depth), and digitalization index (Digitalization) of the province level. Column (4) shows the results of alternative outcome variable, the standard deviation standard deviation of ESG score percentile rankings for each firm by different institutions (Gibson Brandon et al, 2021). Columns (5) show the ESG divergence measure provided by Avramov et al. (2022), by calculating the rank of each stock pair based on data from the rating agency with normalization procedures. The standard deviation of the matched rankings, is subsequently used to quantify rating divergence. Column (6) and (7) present the results between digital finance and ESG divergence before and after People’s Bank of China issuing the document on strengthening the supervision of Internet Finance in 2015. All regression control for year fix effect and industry fixed effect. T-statistics are reported in parentheses, and statistical significance is indicated at the 1%, 5%, and 10% levels by ***, **, and *, respectively.
Table 8 Mechanism Analysis: Market attention
	
	(1)
	(2)
	
	(3)
	(4)

	Variables
	News
	ESG_range
	
	BdIndex
	ESG_range

	Digfin
	0.123***
	0.317**
	
	0.309**
	0.143**

	
	(2.905)
	(2.455)
	
	(2.156)
	(2.46)

	News
	
	0.283***
	
	
	

	
	
	(3.24)
	
	
	

	BdIndex
	
	
	
	
	0.037**

	
	
	
	
	
	(2.464)

	Size
	0.118***
	0.120***
	
	0.143***
	0.142***

	
	(3.231)
	(3.281)
	
	(5.897)
	(3.856)

	Lev
	-0.218***
	-0.215***
	
	-0.250*
	-0.248**

	
	(-2.799)
	(-3.484)
	
	(-1.708)
	(-2.165)

	Cash
	0.009
	-0.017*
	
	0.056
	0.047

	
	(0.038)
	(-1.675)
	
	(0.243)
	(0.206)

	Roa
	0.034
	0.038**
	
	-0.134
	-0.147

	
	(0.081)
	(2.07)
	
	(-0.313)
	(-0.344)

	Age
	0.211
	-0.578*
	
	-0.109*
	0.113

	
	(0.617)
	(-1.720)
	
	(1.747)
	(0.49)

	Soe
	-0.008
	-0.007*
	
	-0.066
	-0.062*

	
	(-0.076)
	(-0.073)
	
	(-0.641)
	(-1.760)

	Top1
	0.283
	-0.29*
	
	-0.284*
	0.277

	
	(1.302)
	(-1.837)
	
	(-1.696)
	(1.264)

	Dual
	-0.055
	-0.051
	
	-0.033
	-0.03

	
	(-1.219)
	(-1.136)
	
	(-0.715)
	(-0.652)

	Board
	0.01
	0.018
	
	0.015
	0.009

	
	(0.076)
	(0.13)
	
	(0.109)
	(0.065)

	Alst
	0.033*
	0.031*
	
	0.02
	0.021

	
	(1.894)
	(1.828)
	
	(1.171)
	(1.204)

	Growth
	-0.012
	0.014
	
	-0.024
	-0.023

	
	(-0.465)
	(0.506)
	
	(-0.904)
	(-0.871)

	IndDirector
	0.04
	0.007
	
	0.144
	0.142

	
	(0.097)
	(0.018)
	
	(0.346)
	(0.34)

	Mng
	0.059
	0.057*
	
	0.369*
	0.365*

	
	(0.288)
	(1.877)
	
	(1.788)
	(1.768)

	Audit
	0.04
	0.051
	
	0.04
	0.043

	
	(0.403)
	(0.511)
	
	(0.391)
	(0.423)

	Institution
	0.151
	0.14
	
	0.268*
	0.265*

	
	(1.014)
	(0.943)
	
	(1.786)
	(1.762)

	Constant
	2.000**
	-3.709***
	
	-3.637***
	-4.852***

	
	(2.571)
	(-2.976)
	
	(-4.298)
	(-3.488)

	Controls
	Yes
	Yes
	
	Yes
	Yes

	Year FE
	Yes
	Yes
	
	Yes
	Yes

	Industry FE
	Yes
	Yes
	
	Yes
	Yes

	Observations
	9959
	9959
	
	8997
	8997

	Adjust-R square
	0.155
	0.474
	 
	0.274
	0.471


Notes: This table shows the results of market attention as an explanatory channel proxied by taking logarithm of amount of released news (News) and search index (BdIndex). T-statistics are reported in parentheses. Statistical significances at the 1%, 5%, and 10% levels are represented by ***, **, and *, respectively.

Table 9 Mechanism Analysis: Information Transparency
	
	(1)
	(2)
	
	(3)
	(4)

	Variables
	EAES
	ESG_range
	
	Trans
	ESG_range

	Digfin
	-0.367**
	0.300**
	
	-0.449**
	0.234***

	
	(-2.11)
	（2.77）
	
	(-2.583)
	(2.164)

	EAES
	
	-2.384**
	
	
	

	
	
	(-2.35)
	
	
	

	trans
	
	
	
	
	-0.233**

	
	
	
	
	
	(-1.836)

	Size
	0.044
	0.238***
	
	0.119***
	0.118***

	
	(0.741)
	(4.727)
	
	(3.268)
	(3.22)

	Lev
	-0.424***
	-0.087**
	
	-0.211
	-0.206

	
	(-4.628)
	(-2.471)
	
	(-1.453)
	(-1.423)

	Cash
	-0.017*
	0.007
	
	-0.041
	-0.015*

	
	(-1.747)
	-0.024
	
	(-0.003)
	(-1.844)

	Roa
	0.054***
	-0.334
	
	0.03*
	-0.012

	
	(0.074)
	(-0.622)
	
	(1.887)
	(-0.028)

	Age
	0.298
	0.085
	
	-0.273*
	-0.195

	
	-0.734
	-0.288
	
	(-1.739)
	(-0.532)

	Soe
	-0.0239*
	-0.0347
	
	-0.012
	-0.044**

	
	(-1.699)
	(-1.065)
	
	(-0.122)
	(-2.041)

	Top1
	-0.406
	-0.891***
	
	0.29
	0.274

	
	(-1.214)
	(-2.907)
	
	(1.335)
	-1.263

	Dual
	-0.034
	-0.07
	
	-0.054
	-0.052

	
	(-0.41)
	(-1.239)
	
	(-1.182)
	(-1.142)

	Board
	-0.149
	0.265
	
	0.016
	0.013

	
	(-0.757)
	(-1.303)
	
	(-0.117)
	(-0.098)

	Alst
	0.017*
	0.019*
	
	0.031*
	0.033*

	
	(1.694)
	(1.829)
	
	(1.808)
	(1.907)

	Growth
	-0.002
	-0.043
	
	-0.015
	-0.014

	
	(-0.056)
	(-1.192)
	
	(-0.565)
	(-0.525)

	IndDirector
	-0.2
	0.708
	
	0.037
	0.045

	
	(-0.349)
	-1.128
	
	(0.089)
	(0.108)

	Mng
	1.549
	0.257
	
	0.05
	0.044

	
	(-0.907)
	(1.153)
	
	(0.241)
	(0.213)

	Audit
	0.123
	0.259*
	
	0.041
	0.046

	
	-0.813
	(1.773)
	
	(0.411)
	(0.455)

	Institution
	0.258
	0.076
	
	0.144**
	0.15**

	
	(0.99)
	(0.397)
	
	(1.964) 
	(1.905)

	Constant
	-3.437***
	6.096***
	
	-4.207*
	-5.271***

	
	(-2.6)
	(-17.52)
	
	(-3.18)
	(-13.687)

	Controls
	Yes
	Yes
	
	Yes
	Yes

	Year FE
	Yes
	Yes
	
	Yes
	Yes

	Industry FE
	Yes
	Yes
	
	Yes
	Yes

	Observations
	9849
	9849
	
	7792
	7792

	Adjust-R square
	0.4692
	0.3261
	
	0.1944
	0.2319


Notes: This table displays the results of information transparency as explanatory variables proxied by EAES, Tran, respectively. EAES is the accounting information transparency is measured based on earnings aggressiveness (EA) and earnings smoothing (ES) (Bhattacharya et al., 2003). Tran is a composite transparency index put forwarded by Lang et al. (2012). Mechanism variables are reported in Appendix A2. T-statistics are reported in parentheses. Statistical significances at the 1%, 5%, and 10% levels are represented by ***, **, and *, respectively.



Table 10 Heterogeneity Tests 

	Variables
	SOE
	Non-SOE
	High institutional ownership
	Low institutional ownership
	Strong financial supervision
	Weak financial supervision
	 Heavily polluted Industry
	Less polluted industry

	
	(1)
	(2)
	(3)
	(4)
	(5)
	(6)
	(7)
	(8)

	Digfin
	0.649**
	0.317
	0.631**
	-0.053
	0.37
	0.634*
	0.352
	0.402*

	
	(2.54)
	(1.185)
	(2.477)
	(-0.188)
	(1.354)
	(1.930)
	(1.130)
	(1.784)

	Constant
	-1.195
	-6.358***
	-2.406
	-2.333
	-2.823*
	-2.41
	-3.185
	-3.749***

	
	(-0.674)
	(-4.480)
	(-1.356)
	(-1.394)
	(-1.665)
	(-1.368)
	(-1.594)
	(-2.826)

	Year FE
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes

	Industry FE
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes

	N
	5194
	5181
	5919
	4456
	4443
	5932
	4346
	6029

	Adjust-R square
	0.528
	0.469
	0.543
	0.424
	0.499
	0.506
	0.491
	0.497


Notes: This table presents the results of the heterogeneity tests. The level of financial supervision is measured by dividing financial supervision expenditure by the value added of the financial industry for each province. The pollution level is calculated based on the number of pollutants emitted, with standardized processing methods applied for each industry. All heterogeneous variables are detailed in Appendix C. Statistical significance is indicated at the 1%, 5%, and 10% levels by ***, **, and *, respectively.
Table 11 Pillar rating divergence 

	
	(1)
	(2)
	(3)

	Variable
	E_range
	S_range
	G_range

	Digfin
	0.671***
	0.473***
	0.323**

	
	(3.541)
	(3.157)
	(2.096)

	Size
	0.086
	0.142**
	0.169***

	
	(1.408)
	(2.421)
	(2.818)

	Lev
	-0.165
	-0.182
	-0.738***

	
	(-0.713)
	(-0.834)
	(-3.126)

	Cash
	-0.424*
	0.4
	-0.04**

	
	(-1.736)
	(1.181)
	(-2.111)

	Roa
	0.754
	-0.968
	-0.024

	
	(1.134)
	(-1.554)
	(-0.036)

	Age
	-0.112*
	-0.185
	-0.135*

	
	(-1.898)
	(-0.491)
	(-1.840)

	Soe
	0.239
	-0.154
	-0.486***

	
	(1.338)
	(-1.073)
	(-2.617)

	Top1
	-0.05*
	0.546
	0.513

	
	(-1.853)
	(1.167)
	(1.416)

	Dual
	-0.037
	-0.046
	-0.056

	
	(-0.504)
	(-0.727)
	(-0.783)

	Board
	0.017
	0.157
	-0.231

	
	(0.089)
	(0.713)
	(-0.986)

	Alst
	0.024**
	0.028
	0.013**

	
	(2.159)
	(1.092)
	(2.119)

	Growth
	0.019
	-0.029
	0.029

	
	(0.518)
	(-0.638)
	(0.711)

	IndDirector
	0.468
	-0.388
	-1.183*

	
	-0.795
	(-0.594)
	(-1.702)

	Mng
	0.238*
	0.089**
	0.534*

	
	(1.693)
	(2.326)
	(1.673)

	Audit
	0.105
	0.033
	0.05

	
	(0.775)
	-0.186
	-0.343

	Institution
	0.359**
	0.221*
	0.227*

	
	(1.981)
	(1.839)
	(1.903)

	Constant
	-2.448
	-2.977*
	-2.229

	
	(-1.379)
	(-1.756)
	(-1.270)

	Year FE
	Yes
	Yes
	Yes

	Industry FE
	Yes
	Yes
	Yes

	Province FE
	Yes
	Yes
	Yes

	Firm FE
	Yes
	Yes
	Yes

	N
	10375
	10375
	10375

	Adjust-R square
	0.506
	0.499
	0.446


 
Notes: This table presents the extent of ESG rating divergence across individual dimensions (Environmental, Social, and Governance) in the context of digital finance. E_range (S_range and G_range) is the Environmental (Social and Governance) rating range is derived from ESG scores reported by multiple agencies, including SNSI, WIND, Susallwave, SynTao Green Finance, Bloomberg, and FTSE Russell, capturing the variability of assessments across data providers.
Appendix A1. Variable definitions
	Type
	Name
	Symbol
	Variable Definition

	Dependent variable
	ESG rating divergence measured by score range
	ESG_range
	The range of different ESG rating data from SNSI、WIND、Susallwave、SynTao Green Finance、Bloomberg、FTSE Russell

	
	
	
	

	
	ESG rating divergence measured by score standard deviation
	ESG_dif
	[bookmark: OLE_LINK25][bookmark: OLE_LINK26]The standard deviation of ESG score percentile rankings for each firm by different institutions (Gibson Brandon et al, 2021)

	
	
	
	

	Independent variables
	Digital finance
	Digfin
	Digital inclusive finance index/100 at city level

	
	Coverage of digital finance
	Coverage
	Coverage breadth index of digital finance/100 at province level

	
	Depth of digital finance
	Depth
	Use depth index of digital finance/100 at province level

	
	Digitization level of digital finance
	Digitization
	Digitization level index of digital finance/100 at province level

	Control variables
	Corporations size
	Size
	Natural logarithm of total assets

	
	Asset-liability ratio
	Lev
	Total liabilities / total assets 

	
	Operating cash flow
	Cash
	Net cash flow from operating activities / total assets 

	
	Return on assets
	Roa
	Net profit after tax / Ending total assets

	
	Firm AGE
	Age
	Ln (year of observation-year of establishment+1) 

	
	Equity nature
	SOE
	[bookmark: OLE_LINK67][bookmark: OLE_LINK68]For state-owned enterprises, the value is 1, otherwise 0

	
	Largest shareholder ownership
	Top1
	Proportion of shares held by the largest shareholder / total number of shares

	
	Duality
	Dual
	Value=1 if chairman and the general manager are the same person, otherwise 0

	
	Board size
	Board
	Ln(the number of board members)

	
	Analyst coverage
	Alst
	Ln(the number of analysts following the company that year)

	
	Firm growth
	Growth
	Revenue growth / previous year’s revenue

	
	Independent directors ownership
	IndDirector
	Number of independent directors / numbers of board members

	
	Senior executives Ownership
	Mng
	Number of executive holdings / total number of shares

	
	Audit firm
	Audit
	Value is 1 if it is audited by a Big Four accounting firm, and 0 otherwise

	 
	Institutional shareholding
	Institution
	Number of shares held by institutional investors / the number of shares outstanding



	Mechanism
	Name
	Symbol
	Variable Definition

	Market Attention
	News Coverage
	News
	The logarithm of the amount of news on company in newspapers.

	
	
	
	

	
	Baidu Index
	BdIndex
	The logarithm of each stock's average annual search volume on the computer side of Baidu website. Baidu Index is constructed based on the behavioral searching data of a large number of internet users who use Baidu as a search engine.

	
	
	
	

	Information Transparency
	Accounting information 
transparency 
	EAES
	Accounting information transparency is measured based on earnings aggressiveness
(EA) and earnings smoothing (ES) (Bhattacharya et al., 2003):  

Where deciles (.) is the value assigned to the decile in which EA or ES appears.

	
	
	
	

	
	Transparency Index
	Tran
	According to Lang et al. (2012), we use a composite transparency index, which is the average of the sample percentile ranks for the five variables: DD, DSCORE, ANALYST, ACCURACY, and BIG4. Here, DD is the earnings quality measure, estimated using the Dechow and Dichev (2002) model; DSCORE is the information disclosure score assigned by the Shenzhen Stock Exchange to listed companies; ANALYST represents the number of analysts following the company; ACCURACY refers to the accuracy of analysts' earnings forecasts; and BIG4 indicates whether the company hired one of the Big Four international audit firms for its annual report, as per Lang and Lundholm (1996).

	　
	
	
	


Appendix A2. Mechanism description
Appendix A3. Heterogeneity variables definition
	Heterogeneity Variables
	Variable Definition

	SOE
	This variable represents whether a firm is state-owned. It takes the value of 1 for state-owned enterprises and 0 for non-state-owned enterprises.

	Institutional ownership
	This variable indicates the proportion of a firm's shares held by institutional investors. 

	[bookmark: OLE_LINK94][bookmark: OLE_LINK95]Financial supervision
	This variable reflects the relationship between the strength of financial supervision in each province of China and the financial industry's development model. (Wang, B., 2021)


	Industry pollution level
	According to Mao et al. (2022), this variable measures the level of industrial pollution emitted by firms, primarily focusing on chemical oxygen demand (COD) and ammonia nitrogen discharge from industrial wastewater, as well as air pollutants such as sulfur dioxide () and nitrogen oxides (). It calculates the amount of pollutants emitted and applies standardized processing methods. This includes calculating total pollution by using standard units for pollutants and adding treatment measures accordingly.
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