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Financial Statement Errors and Analysts: Obstacle or Opportunity? 

 

Abstract: Financial analysts need to decide whether to follow firms with financial statement errors 

and, if they do, commit to additional effort and resources to develop accurate forecasts of earnings, 

relative to firms with fewer or no error(s). Further, inaccurate forecasts could impair analysts’ 

reputation. On the other hand, firms with financial statement errors present an opportunity for 

analysts to add value to investors by providing informative forecasts. We examine which of these 

two explanations prevails in the post-Regulation Fair Disclosure era in which firms are prohibited 

from disclosing private information to analysts. Using the financial statement divergence (FSD) 

scores (Amiram, Bozanic, and Rouen 2015) as the measure of financial statement errors, we find 

that FSD scores are positively associated with the number of analysts following and forecasting 

for firms. This association is more pronounced for firms with lower institutional stock ownership. 

We also find that financial statement errors strengthen the stock market reaction to analyst earnings 

forecasts, and this strengthening effect is stronger for firms with lower institutional stock 

ownership. Lastly, we find that financial statement errors increase the errors in the earnings 

forecasts by analysts with varying degrees of sophistication. In a nutshell, although financial 

statement errors lead to an increase in investors’ demand for analyst forecasts and in analyst 

coverage, analysts tend to commit more errors in their earnings forecasts. These findings hold 

important implications for stock market participants.  

 

Keywords: financial statement errors; analyst coverage; market reaction to analyst earnings 

forecasts; analyst forecast errors 
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I. Introduction 

 Financial statement errors consist of both intentional and unintentional errors, which can 

lower the quality of financial statements and the transparency of firms’ economic fundamentals. 

Considering the challenges that investors face in evaluating the effect of financial statement errors 

on future earnings performance, financial analysts, as information intermediaries in the stock 

market, can alleviate this concern by adjusting for financial statement errors in their earnings 

forecasts. In 2000, the Securities and Exchange Commission (SEC) issued the Regulation Fair 

Disclosure (Reg FD) rule which significantly impacted the works of analysts because managers 

are not allowed to selectively release private corporate information to analysts. Thus, in the post-

Reg FD era, it is not clear how analysts view firms with material financial statement errors. On the 

one hand, the presence of errors in financial statements poses an obstacle, i.e., requiring greater 

effort to develop accurate forecasts of earnings and potentially impairing analysts’ reputation 

resulting from inaccurate forecasts, relative to covering firms without such errors. On the other 

hand, financial statement errors also present an opportunity: analysts can add value to investors by 

providing informative earnings forecasts. The objective of this study is to examine how financial 

statement errors affect analyst coverage and forecasts in the post-Reg FD era.  

 While investors could use empirical measures of financial reporting quality or earnings 

quality to infer the presence of errors in financial statements, it will be difficult for investors to 

assess the impact of financial statement errors on future firm performance. To this end, they might 

resort to analysts for help. As such, the expected benefits (e.g., investors’ greater demand for, and 

recognition of, analyst services) for analysts from forecasting earnings of firms that have errors in 

financial statements will be higher. But on the other hand, it is also difficult for analysts to forecast 

future earnings accurately for firms with financial statement errors. To maintain the accuracy of 
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forecasts, analysts must endeavor to acquire and process more information. Thus, not only the 

benefits but also the costs, such as longer time and greater effort, for analysts to forecast earnings 

of firms with financial statement errors are expected to increase with the errors. If the expected 

benefits outweigh the costs, financial statement errors will increase analyst coverage. Conversely, 

if the costs of covering firms with the errors exceed the benefits, analysts may choose not to follow 

such firms.  

 To test which of the two explanations prevails in practice, we use financial statement 

divergence scores (henceforth, FSD scores) created by Amiram et al. (2015) to measure the level 

of financial statement errors. This proxy overcomes some limitations of previous measures, such 

as their correlation with underlying firm features and their reliance on time-series, cross-sectional, 

or forward-looking data. Using two-stage least-squares regressions run on a sample of U.S. listed 

companies for the years 2001 through 2015, we find a positive association between analyst 

coverage and FSD scores. This result implies that the benefits of covering a firm with financial 

statement errors are perceived by analysts to exceed the associated costs. We further find that 

analyst coverage is more positively associated with FSD scores for firms with lower institutional 

stock ownership, suggesting that less sophisticated, non-institutional investors are more reliant on 

the analysts’ coverage on firms with financial statement errors, presumably because analysts can 

add more value to investors by covering these firms. We also find that the market reaction to 

analyst earnings forecasts is positively correlated with financial statement errors, and that this 

correlation is more pronounced for firms that have lower institutional stock ownership. This 

finding reinforces the notion that financial statement errors trigger demand for analyst services to 

a larger degree from retail investors than from institutional investors. Moreover, we find that the 

coverage on firms with financial statement errors comes at a cost. Financial statement errors 
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increase the errors in the earnings forecasts of both sophisticated and less sophisticated analysts, 

suggesting that analyst sophistication does not help mitigate the adverse impact of financial 

statement errors on forecast accuracy. This helps explain our previous inference that institutional 

investors are less likely to demand the analysts’ coverage on firms with financial statement errors, 

to the extent that these sophisticated investors are aware of the difficulty of providing accurate 

forecasts for these firms and thus do not fully trust analysts with their forecasts.  

Finally, our difference-in-differences regression analyses provide additional evidence that 

following the implementation of Reg FD, firms with high financial statement errors experience a 

greater decrease in analyst coverage. This finding suggests that the loss of access to private 

corporate information increases the relevant costs for analysts to forecast the earnings of firms 

involved in a high degree of financial statement errors, thereby reducing their coverage on these 

firms. There is no evidence to suggest that post Reg FD, analyst forecast errors (the stock market 

reaction to analyst forecasts) become larger (smaller) for firms subject to high errors in financial 

statements. These null results imply that, with increased costs incurred for covering the misconduct 

firms after the passage of Reg FD, analysts manage to maintain the accuracy of their forecasts for 

the firms, which is appreciated and favored by the market as before the enactment of Reg FD. 

 Our paper contributes to the existing literature in three ways. First, to the best of our 

knowledge, we are the first to examine whether financial statement errors affect the coverage and 

forecasts of analysts in the absence of access to private corporate information in the post-Reg FD 

regime.1 Amiram et al. (2015) show that FSD scores are powerful in capturing the extent of errors 

 
1 Prior research provides mixed evidence on the association between accruals manipulation and analyst coverage. 

In particular, Hong, Huseynov, and Zhang (2014) find that firms with smaller abnormal accruals are covered by 

more analysts during the period from 1990 through 2010. By contrast, Lobo, Song, and Stanford (2012) find that 

firms with larger abnormal accruals tend to attract more analyst following during the period 1983-2003. Our 

paper differs from these studies in two aspects. First, we focus on the post-Reg FD period from 2001 to 2015. 



4 

 

in audited financial statements and have conceptual and statistical advantages over available 

alternatives. So our adoption of this measure to examine the impact of financial statement errors 

on analyst coverage and forecast properties should increase the internal validity of our analysis. 

Second, our paper contributes to the literature on the informational determinants of analyst 

coverage. Financial statement errors increase the costs for analysts to provide earnings forecasts, 

but the benefits also increase as a result of the increased demand of investors for analyst forecasts. 

Our findings suggest that the benefits are perceived by analysts to outstrip the costs, thus attracting 

analysts to follow firms with financial statement errors. Third, our study adds to the debate on the 

ability of analysts. By showing that analysts’ forecast accuracy is negatively impacted by financial 

statement errors even for sophisticated analysts, our results suggest that analysts are unable to fully 

infer the effect of accounting errors on their earnings forecasts.  

 The remainder of our paper is organized as follows: Section II reviews the related literature 

and develops hypotheses. Section III describes the data and measurements of variables. Section 

IV presents our research design and discusses our results. Section V concludes. 

 

II. Literature review and hypothesis development 

Research Background 

 Financial statement errors distort the reporting of the economic reality of a firm. They 

comprise estimation errors, such as misestimation of accruals, and non-estimation errors 

exemplified by mistakes in recording or calculating financial numbers. Unlike non-estimation 

errors that auditors could observe and rectify, estimation errors in accruals are more challenging 

for outsiders to adjust and incorporate in the forecasts of future earnings. Accruals are, by nature, 

 
Second, we examine how analyst coverage is affected by the financial statement errors that are measured by 

FSD scores.  
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based on accounting estimates and reflect the expectation of future cash flows of a firm. Yet, 

accurately estimating accruals is inherently difficult. Any unprecise understanding of the business 

reality or occurrence of new events will cause accruals to depart from the realization of the initially 

expected amount (Nikolaev, 2018; Kolozsvari and Macedo, 2021). To see through this deviation, 

outsiders should collect private corporate information to establish a comprehensive understanding 

of the firm as well as the underlying events that will affect corporate performance. Investors 

without access to private information or the skill to process it may not adjust the errors in their 

forecasts of future firm performance. 

Though auditors who have access to private information and are specialized in accounting 

analysis are presumably more able than investors to correct financial statement errors, it is difficult 

for auditors to hold managers accountable for every potential financial irregularity (Gibbins, 

Salterio, and Webb 2001; Nelson, Elliott, and Tarpley 2002). On one hand, auditors tend to require 

their auditees to adjust for the financial misrepresentation that violates the Generally Accepted 

Accounting Principles (hereafters, GAAP), because such financial misconduct would pose 

significant legal risk to both firms and auditors. On the other hand, accruals manipulation that often 

falls within the boundaries of GAAP is hard to define as an illegal action. In this case, auditors 

may not require adjustments for the within-GAAP manipulation of accruals. This implies that 

audited financial statements may still encompass inaccurate or distorted financial figures. 

Therefore, it is essential to assess the impact of financial statement errors on current earnings and 

the associated implications for future earnings, since earnings is a key metric commonly used by 

a broad spectrum of interested parties to evaluate a firm’s performance and creditworthiness 

(Graham, Harvey, and Rajgopal 2005; Dichev, Graham, Harvey, and Rajgopal 2016). However, 

the intentional misreporting of accruals involves not only the reversal of abnormal accruals but 
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also reputational losses, both of which are difficult to infer and quantify. Thus, resource- and 

ability-constrained investors are unlikely to be capable of extrapolating the impact of these factors 

on future earnings. 

 Financial analysts who generally possess more professional knowledge and experience are 

supposed to aid other market participants in figuring out the clear trend of corporate prospects by 

providing accurate forecasts of firms’ future earnings. Their role is achieved by acquiring adequate 

information to build an accurate and comprehensive understanding of the business reality of a firm 

(Lang and Lundholm, 1996; Clement, 1999; Mohanram and Sunder, 2006). The firm’s financial 

statement forms the key basis for analysts to forecast its future earnings. Therefore, if any error 

involves the financial statement, analysts are supposed to adjust for the error to penetrate the actual 

performance and prospects of the firm for their forecasts. Besides public information, corporate 

information obtained from private communications with management is also highly value-relevant 

to analysts (Francis and Philbrick, 1993). However, after the implementation of Reg FD in 2000, 

firms are prohibited from selectively disclosing material private information to a particular group 

of market participants, including analysts. Hence, analysts receive less information, losing the 

information advantages they previously enjoyed compared to investors (Unger, 2001; Wang, 2007). 

In this situation, whether analysts lacking privileged access to private information can still adjust 

appropriately for financial statement errors in their earnings forecasts and provide useful 

information for investors’ investment decision-making is an open question. 

 

Financial Statement Errors and Analyst Coverage  

 Analysts’ decisions to forecast the earnings of a firm are driven by the demand for and 

supply of analysts’ service (Bhushan, 1989). The demand for analysts’ service refers to investors’ 
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need for analyst earnings forecasts, which we expect to increase when investors discern financial 

statement errors but cannot infer their implications for future earnings. Existing studies provide 

available tools, such as modified Jones Model (Dechow, Sloan, and Sweeney 1995), M-Score 

(Beneish 1999), F-Score (Dechow, Ge, Larson, and Sloan 2011), and various red flags (Barth, 

Elliott, and Finn 1999; Dechow and Dichev 2002; Thomas and Zhang 2002; Myers, J. N., Myers, 

L. A., and Skinner 2007; Dichev and Tang 2009; Dichev, Graham, Harvey, and Rajgopal 2013) 

which investors can utilize to identify errors in the financial statements. Even so, investors lacking 

sufficient time, knowledge, and competence are less likely to figure out the impact of financial 

statement errors on firm performance, let alone adjust the manipulated or inaccurate financial 

figures to the actual ones and forecast the firms’ earnings accordingly (Sloan 1996; Bradshaw, 

Richardson, and Sloan 2001). Consequently, investors are inclined to seek professional assistance 

from analysts who are more able to decipher biased earnings (Barth, Kasznik, and McNichols 2001; 

Premti, Garcia-Feijoo, and Madura 2017) and infer their implications for future firm performance.2 

Analysts will, in turn, perceive this increased investors’ demand, and thus the increased benefits 

of providing earnings forecasts to investors will incentivize analysts to follow firms with financial 

statement errors. 

 On the other hand, though analysts have a better understanding of value-relevant corporate 

information than individual investors (Chandra, Procassini, and Waymire 1999; Rajgopal, 

Venkatachalam, and Kotha 2002), it is still difficult for them to make accurate forecasts for firms 

with financial statement errors, especially in the absence of private information. Analysts might 

easily adjust for technical, non-estimation errors in financial figures for their earnings forecasts. 

 
2 Investors can choose not to invest in firms with financial statement errors. However, the investment potential 

of a firm is determined mainly by its performance and expected payoffs to investors rather than by the errors in 

financial statements.  
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But it is unlikely to infer the influences of estimation errors (i.e., the errors in accruals estimation) 

on future earnings, because such an inference requires assessment of (i) the reversal of abnormal 

accruals as well as (ii) the effect of potential reputational losses on future firm performance.  

 Extant research demonstrates that market participants cannot fully anticipate the 

implication of the reversals of abnormal accruals (DeFond and Park 2001; Xie 2001). Long-term 

abnormal accruals, which are realized via transactions such as depreciation for long-term assets, 

asset revaluation, and change in deferred taxes, will be reversed unevenly across several years or 

not reversed at all in a year (Sloan 1996). This peculiarity makes it necessary to identify the timing 

and amount of the reversal of long-term abnormal accruals for each future year in order to make 

accurate forecasts of yearly earnings. However, after the enforcement of Reg FD in 2000, analysts 

lacking access to private information are unlikely to get a full picture of a firm’s economic reality. 

Thus, predicting the timing and amount of the long-term accruals reversal and adjusting them 

accordingly for earnings forecasts is a challenging task for analysts.  

 Although short-term abnormal accruals must reverse at the transaction level within one 

year, the firm-level earnings might not reverse accordingly. The extent to which the reversal of 

abnormal short-term accruals is reflected in future earnings is hard to infer. This difficulty can be 

attributed to the possibility that short-term accruals in current years could be partly influenced by 

the reversal of the preceding year’s abnormal accruals. Only if analysts can distinguish between 

(i) the reversal of the previous year’s abnormal accruals and (ii) the abnormal accruals originating 

in the current period, can they extrapolate the latter’s reversal that will happen next year and 

thereby quantify the impact of current abnormal accruals on future earnings. Moreover, it is almost 

impossible for analysts, especially in the absence of access to private corporate information, to 

foresee whether and to what extent managers would like to manage accruals in the next year to 
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sustain the current year’s manipulated earnings. Therefore, it is difficult for analysts to forecast 

the financial figures of firms associated with errors in short-term accruals. In addition, managers 

could maintain the manipulated earnings to a certain level for consecutive years by switching 

among manipulations of different types of accruals over time. For example, managers might inflate 

reported earnings by accelerating the recognition of sales revenues, understating bad debt 

allowance, or delaying the write-down of obsolete inventories, among others. The first two 

manipulation tactics overstate accounts receivable while the third maneuver overvalues the 

inventories. Unfortunately, there is no effective model to differentiate which type of accruals is 

used to manipulate the earnings in a year and the specific manipulated amount of each type of 

accruals. This is another obstacle that hinders analysts from accurately forecasting future earnings.  

 Furthermore, accruals manipulation, once revealed by the public, will tarnish the reputation 

of the firm, making it less trusted by its stakeholders (Alchian and Demsetz 1972). Conventional 

wisdom indicates that trust and reputation are the foundation of business activities (Karpoff 2012; 

Amiram et al. 2018; Dupont and Karpoff 2020) and business relationships (Bews and Rossouw 

2002; Caldwell and Hansen 2010; Pirson, Martin, and Parmar 2017). Stakeholders losing trust in 

a firm are unwilling to do business with it, making it subject to lower sales, higher operating costs, 

higher cost of capital, and tighter nonprice terms of loan contracts (Klein and Leffler 1981; Shapiro 

1983; Karpoff and Lott 1993; Hribar and Jenkins 2004; Graham, Li, and Qiu  2008; Murphy, 

Shrieves, and Tibbs 2009; Kravet and Shevlin 2010; Johnson, Xie, and Yi 2014; Yuan and Zhang 

2015; Chava, Huang, and Johnson 2018). These unfavorable economic consequences will raise the 

uncertainty of the firm’s future earnings.  

 Together, the reversal of manipulated accruals and the reputational losses from the 

manipulation will raise the difficulty in providing accurate earnings forecasts. To maintain forecast 
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accuracy that is important for the compensation, reputation, and career prospects of analysts (e.g., 

Stickel 1992; Jackson 2005; Ke and Yu 2006), they must expend more effort and time on 

information acquisition and processing. The increased costs associated with developing earnings 

forecasts of firms with financial statement errors discourage analysts from following such firms. 

Thus, whether or not to follow firms with financial statement errors rests on the trade-off between 

the foregoing benefits and costs of covering these firms. If analysts expect the benefits to be higher 

(lower) than the costs, they will increase (lower) their coverage of firms with the errors. In light of 

the above opposing arguments, we propose the following pair of hypotheses for empirical tests: 

H1a: Analyst coverage is positively related to financial statement errors. 

H1b: Analyst coverage is negatively related to financial statement errors. 

 Institutional investors generally have plentiful resources, abundant investment experience, 

and superior ability to acquire and process value-relevant information (Allen, Bernardo, and Welch 

2000; Barber and Odean 2008; Barber, Lee, Liu, and Odean 2009; He 2021). Therefore, they may 

be aware of the impact of financial statement errors on earnings forecasts and can augment the 

work of analysts with their own analyses to generate accurate earnings forecasts of firms with 

financial statement errors. In such a case, their demand for analysts’ services may not be high. On 

the other hand, unlike institutional investors, retail investors usually lack ample time, competence, 

and professional knowledge. If retail investors perceive the presence of financial statement errors, 

they are likely to increase their demand for analysts’ services to uncover the impact of errors on 

future firm performance. As such, the net benefits for analysts to provide earnings forecasts would 

likely become higher for the misconduct firms that have low institutional stock holdings relative 

to those that have high institutional stock holdings. Accordingly, we propose the following 

hypothesis:  
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H2: Analyst coverage and financial statement errors, if positively (negatively) correlated as 

predicted in H1a (H1b), would be more (less) pronounced for firms with low institutional stock 

ownership than for firms with high institutional stock ownership. 

          Higher stock holdings by institutional investors that are presumably more sophisticated than 

retail investors will lead to smaller demand for analysts' service, decreasing the net benefits for 

analysts to cover a firm. This means that the moderating effect of institutional stock ownership is 

negative regardless of the direction of the association between analyst coverage and financial 

statement errors. Specifically, if they are positively correlated, the positive association will be less 

pronounced for firms with high institutional stock ownership. If they are negatively correlated, the 

negative relationship will be more pronounced for firms with high institutional stock ownership. 

 

III. Data 

 We obtain data primarily from four sources, Institutional Brokers Estimate Systems 

(I/B/E/S), Thomson Reuters, Center for Research in Security Prices (CRSP), and Compustat 

databases. Data on analyst coverage and forecast properties are gathered from I/B/E/S; data on 

institutional stock ownership are taken from Thomson Reuters Institutional Holdings; other data 

are collected from CRSP and Compustat. After the enactment of Reg FD in 2000, analysts have 

little access to private information, so providing accurate earnings forecasts for firms involved in 

financial statement errors is even more difficult. This emphasizes the importance and necessity of 

investigating whether analysts’ role in information diffusion in the stock market is undermined. 

On this account, we focus on the post-Reg FD period for our empirical tests and start our sample 

period in 2001. Since we measure financial statement errors by the FSD scores developed by 

Amiram et al. (2015), we end the sample period in 2015 in which the paper was published. After 
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excluding firm-year observations that do not have the necessary data required to construct 

variables of interest for our regression analysis, we get 12,822 observations for 3,420 U.S. listed 

companies. 

 FSD scores measure the extent to which the entire distribution of the first digits of numbers 

in a firm’s financial statements diverges from the theoretical distribution specified by Benford’s 

Law.3 Existing research proves the validity of using FSD scores as a proxy for financial statement 

errors (e.g., Amiram et al., 2015; Chakrabarty, Duellman, and Hyman 2020). Following Amiram 

et al. (2015), we use all variables that appear in the balance sheet, income statement, and statement 

of cash flow in Compustat to calculate the FSD scores. It means that FSD scores are based on 

figures originating from the audited financial statements and reflect financial statement errors that 

auditors did not detect. The higher the FSD scores are, the higher is the level of financial statement 

errors. 

 We use FSD scores rather than other commonly used proxies for financial statement errors 

because FSD scores eliminate several defects of other commonly used approaches (Amiram et al., 

2015). First, FSD scores do not rely on time-series or cross-sectional data nor estimate the residual 

from a prediction model that assumes the estimated coefficients are identical in time-series or 

cross-section. This property eliminates the possibility of the biased inference that any underlying 

changes in business may alter those coefficients and ultimately affect the estimated financial 

statement errors. Second, FSD scores are not subject to the inherent limitation of accruals-based 

measures which are possibly related to firm characteristics or business models (Dechow Ge, and 

Schrand 2010; Owens, Wu, and Zimmerman 2017). As long as the financial reporting accurately 

reflects firm characteristics, business models, or operating performance, the distribution of the first 

 
3 Benford’s Law describes the expected frequencies of the first digits in a randomly produced set of natural 

numbers (Benford 1938; Hill 1995). 
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digits will not be affected by those factors. Third, FSD scores do not require extra information, 

such as forward-looking information, information on stock returns and price, and information used 

to identify the managerial motivation of manipulating earnings, all of which limit the usefulness 

of some other measures of financial statement errors. This non-requirement makes FSD scores 

readily available for every firm with accounting information.   

 

IV. Research design and results 

Multivariate Test of the Hypothesis H1 

 Considering the necessity of easing the concerns about correlated-omitted-variable(s) bias 

or reverse causality, we perform a two-stage least squares (2SLS) regression to investigate whether 

analyst coverage is affected by the financial statement errors proxied by FSD scores. The 

Equations (1) and (2) below represent the first-stage and second-stage of our 2SLS regression 

model, respectively: 

𝐹𝑆𝐷_𝑠𝑐𝑜𝑟𝑒𝑡 = 𝛼0 + 𝛼1𝑚𝑎𝑟𝑔𝑡𝑎𝑥_𝑠𝑡𝑎𝑡𝑒𝑡 + 𝛼2𝑠𝑖𝑧𝑒𝑡 + 𝛼3𝑠𝑡𝑑𝑒𝑎𝑟𝑛𝑖𝑛𝑔𝑠𝑡 + 𝛼4𝑟𝑒𝑡𝑣𝑜𝑙𝑡
+ 𝛼5𝑝𝑟𝑖𝑐𝑒𝑡 + 𝛼6𝑞𝑡𝑟𝑟𝑒𝑡𝑡 + 𝛼7𝑟𝑜𝛼𝑡 + 𝛼8𝑖𝑛𝑡𝑎𝑛𝑔𝑖𝑏𝑙𝑒𝑡 + 𝛼9𝑏𝑡𝑚𝑡

+ 𝛼10𝑖𝑛𝑠𝑡𝑖𝑡 + 𝛼11𝑜𝑝𝑎𝑐𝑖𝑡𝑦𝑡 + 𝛼12𝑡𝑟𝑎𝑑𝑖𝑛𝑔𝑣𝑜𝑙𝑡 + 𝛼13𝑏𝑖𝑔4𝑡
+ 𝛼14𝑦𝑒𝑎𝑟_𝑑𝑢𝑚𝑚𝑦 + 𝛼15𝑖𝑛𝑑𝑢𝑠𝑡𝑟𝑦_𝑑𝑢𝑚𝑚𝑦 + 𝜀𝑡 

 (1) 

𝑙𝑛𝑎𝑛𝑎𝑐𝑜𝑣𝑡+1 = 𝛼0 + 𝛼1𝑃𝐹𝑆𝐷_𝑠𝑐𝑜𝑟𝑒1𝑡 + 𝛼2𝑠𝑖𝑧𝑒𝑡 + 𝛼3𝑠𝑡𝑑𝑒𝑎𝑟𝑛𝑖𝑛𝑔𝑠𝑡 + 𝛼4𝑟𝑒𝑡𝑣𝑜𝑙𝑡
+ 𝛼5𝑝𝑟𝑖𝑐𝑒𝑡 + 𝛼6𝑞𝑡𝑟𝑟𝑒𝑡𝑡 + 𝛼7𝑟𝑜𝛼𝑡 + 𝛼8𝑖𝑛𝑡𝑎𝑛𝑔𝑖𝑏𝑙𝑒𝑡 + 𝛼9𝑏𝑡𝑚𝑡

+ 𝛼10𝑖𝑛𝑠𝑡𝑖𝑡 + 𝛼11𝑜𝑝𝑎𝑐𝑖𝑡𝑦𝑡 + 𝛼12𝑡𝑟𝑎𝑑𝑖𝑛𝑔𝑣𝑜𝑙𝑡
+ 𝛼13𝑏𝑖𝑔4𝑡 + 𝛼14𝑦𝑒𝑎𝑟_𝑑𝑢𝑚𝑚𝑦 + 𝛼15𝑖𝑛𝑑𝑢𝑠𝑡𝑟𝑦_𝑑𝑢𝑚𝑚𝑦 + 𝜀𝑡 (2) 

 

 Financial statement errors should be negatively influenced by the marginal tax rate, as a 

high marginal tax rate increases the tax burden of firms, weakening their incentives to commit 

financial statement errors (e.g., Zang 2012).4 However, the marginal tax rate of a firm is associated 

 
4 It is assumed that upward manipulation of financial figures accounts for the majority of financial statement 

errors in reality (e.g., Ayers, Ramalingegowda, and Yeung 2011). Under this assumption, we predict a negative 

relationship between the state-attributed variance in marginal tax rate and the level of financial statement errors. 

Our results reported later corroborate this assumption and prediction.  
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with both taxable income and state corporate income tax rates. The former is related to firm-

specific attributes that may have a direct influence on analyst coverage, whereas the latter which 

induces state-attributed variance in the marginal tax rate should have little impact on analyst 

coverage. Hence, we use state-attributed variance in the marginal tax rate (margtax_state) as the 

instrumental variable in our two-stage least-squares regression. margtax_state represents the 

marginal tax rate, of which the variance in our sample is attributed to the statutory tax rates of 

jurisdictions in a fiscal year and is measured by the residual obtained from running the following 

regression model by years:  

𝑚𝑎𝑟𝑔𝑡𝑎𝑥𝑡 = 𝛼0 + 𝛼1𝑝𝑖𝑡 + 𝜀𝑡 
(3) 

 where margtax denotes the marginal tax rate constructed by Blouin et al. (2010) and equals 

the present value of current and deferred income taxes to be paid per dollar of the additional taxable 

income of a firm at the fiscal year t; pi is the pre-tax income of a firm at the fiscal year t. Data on 

the marginal tax rate are obtained from the Compustat – Capital IQ database.   

lnanacov in Equation (2) equals the natural logarithm of one plus the number of analysts that 

make at least one annual earnings per share (EPS) forecast for a firm at the fiscal year t+1. If there 

is no analyst forecasting annual EPS at the year, lnanacov takes the value of zero (e.g., Lehavy, 

Li, and Kenneth 2011; He, Marginson, and Dai 2019). The key independent variable, which is the 

predicted value of FSD scores from Equation (1) (PFSD_score1), and the control variables are 

measured at the fiscal year t. The hypothesis H1a (H1b) predicts that the coefficient of 

PFSD_score1 in the second-stage regression is positive (negative) and statistically significant at a 

conventional level. 

 To mitigate the correlated-omitted-variable(s) bias, we include a battery of control 

variables documented by previous research to be correlated with analyst coverage. In specific, 
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analysts are more motivated to follow large firms, as the higher profits expected to be gained from 

investing in large firms spurs investors’ demands for analyst service (Bhushan 1989). Hence, we 

control for firm size (size) and conjecture it to be positively associated with analyst coverage. 

Higher firm-specific uncertainty also boosts investors’ demand for analyst service, resulting in 

more analyst forecasts for these firms (Bhushan 1989). We use earnings volatility (stdearnings) 

and stock return volatility (retvol) to proxy for the firm-specific uncertainty. High volatility in 

earnings or stock returns represents high firm-specific uncertainty, which is expected to impact 

analyst coverage positively.  

 Analysts have weak incentives to follow firms with high abnormal stock returns or high 

stock prices for two reasons (Brennan and Hughes 1991). First, firms that have high abnormal 

stock returns are likely to be overvalued and underperform in the subsequent periods. Analysts 

often try to avoid issuing unfavorable forecasts for such firms, as issuing negative research reports 

may jeopardize potential investment banking business and reduce trading commissions for analysts 

(Darlin 1983; Gibson and Wall 1984). Second, the main sources of value for a firm that experiences 

large stock price appreciation are considered to be well exploited, and analysts may not uncover 

the new source of value for such a firm in the near future, demotivating analysts to follow it. Hence, 

we control for share price (price) and abnormal stock returns (qtrret) in our regression. 

 Information environment plays a vital role when analysts decide whether to follow a firm. 

Severe information asymmetry decreases the net benefits that analysts can get from providing 

forecasts, disincentivizing analysts from covering these firms (Lang and Lundholm 1996). In line 

with previous research (Aboody and Lev 2000; Huddart and Ke 2007), we use two proxies to 

measure information asymmetry: the intensity of intangible assets (intangible) and the book-to-

market ratio (btm). Analysts are also prone to follow firms with high information transparency 
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because the forecasting costs are low (Chang, Dasgupta, and Hilary 2006). We use the financial 

opacity (opacity) variable, constructed by Hutton, Marcus, and Tehranian (2009), as an inverse 

measure of information transparency, and include it as a control variable in the model. 

 Analysts prefer to make forecasts for well-performing firms (McNichols and O’Brien 1997; 

Das, Guo, and Zhang 2006; Lee and So 2017), so we control for return on assets (roa). Besides, 

as institutional investors seek professional service from analysts to gain value-relevant information 

to fulfill their fiduciary responsibilities (O’Brien and Bhushan 1990; Frankel, Kothari, and Weber 

2006), we control for institutional stock ownership (insti) in the regression. Analysts are inclined 

to follow firms subject to high stock trading volume, since it is often used to determine the 

commission fees received by analysts (Hayes 1998). We therefore control for trading volume 

(tradingvol) as well. In addition, we control for the indicator variable (big4) for whether a firm is 

audited by a big-4 auditor, as analysts might be inclined to follow firms with high auditing quality 

that assures the reliability of accounting information. Appendix 1 shows the definition of all the 

variables used in the analysis. We also include industry dummies and year dummies in the two-

stage least-squares regression model, because as shown in Appendix 2, both analyst coverage 

(lnanacov) and FSD scores (FSD_score) vary substantially across industries and years, a result 

that is also in line with previous studies (e.g., Lobo et al., 2012).5  

 Table 1 reports the descriptive statistics of all the variables used in the two-stage least-

squares regression. Our descriptive statistics of FSD scores are quite similar to those reported by 

Amiram et al. (2015). For instance, the mean and standard deviation of FSD scores (FSD_score) 

for our study are 0.030 and 0.010, respectively, while those for Amiram et al. are 0.030 and 0.009, 

 
5 Firm-fixed effects are not included in the 2SLS regression, as they are multicollinear with the industry dummies 

we control. For the same reason, we do not include firm-fixed effects for the 2SLS regression models covered 

in the follow-up sections.  
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which appear almost the same. Table 2 shows the correlation metrics of these variables. All the 

continuous variables with outliers are winsorized at the 1 and 99 percentage points, respectively. 

[Insert Table 1 and Table 2 here] 

 Table 3 shows the regression results for the hypothesis H1. For the first-stage regression, 

margtax_state has a negative and statistically significant relationship with FSD_score, suggesting 

that firms with higher state-attributed variance in marginal tax rates are less likely to be associated 

with financial statement errors. The Cragg-Donald Wald F-statistic is 291.974 and is higher than 

the threshold point of 8.96, beyond which the instrumental variables are considered to be strong 

(Stock, Wright, and Yogo 2002). A one-standard-deviation increase in margtax_state is associated 

with a decrease in FSD_score by 0.002, equivalent to 6.67 percent of the full-sample mean of 

FSD_score. This result further supports the power of the instrumental variable. Results in Column 

2 indicate that the coefficient on PFSD_score1 is positive and statistically significant at the 1 

percent level. 6  Thus, the hypothesis H1a is supported. A one-standard-deviation increase in 

PFSD_score1 induces a rise in lnanacov by 0.1065, which accounts for around 3.2 percent of the 

full-sample mean of lnanacov. The positive association between FSD scores and analyst coverage 

suggests that analysts believe the benefits of covering firms with financial statement errors surpass 

the associated costs. A check on the variance inflation factors (VIFs) indicates that the VIF values 

of all continuous variables in the 2SLS regression are below 10, suggesting that multicollinearity 

is not serious. 

[Insert Table 3 here] 

 
6 In line with the prevailing literature (e.g., Jensen and Meckling 1976; Walsh and Swad 1990; Dyck, Morse, 

and Zingales 2010; Chen, Harford, and Lin 2015) documenting the effective role analysts play as external 

monitors for firms, prior studies find that analyst coverage curbs earnings management (e.g., Yu 2008; Degeorge, 

Ding, Jeanjean, and Stolowy 2013). However, such a negative, reverse relationship between analyst coverage 

and financial statement errors is unlikely to alternatively explain our results which indicate a positive association 

between financial statement errors and analyst coverage. 
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Multivariate Test of the Hypothesis H2 

 To test the hypothesis H2, we split our full sample into two subsamples based on the 

median of institutional stock ownership (insti) and run the baseline two-stage least-squares 

regression (i.e., Equations (1) and (2)) for each subsample. Institutional stock ownership (insti) is 

measured by the institutional investors’ stock ownership as a percentage of the total outstanding 

shares for a firm at the end of a fiscal year. Table 4 reports the results of the moderating effect of 

institutional stock ownership. For the first-stage regressions on both subsamples, the coefficients 

of margtax_state are negative and statistically significant. In the second-stage regressions, the 

coefficient on PFSD_score1 is positive and statistically significant in the low-institutional-stock-

ownership subsample, but not statistically significant in the high-institutional-stock-ownership 

subsample. This result supports the hypothesis H2 that the positive association between analyst 

coverage and financial statement errors is more pronounced for firms with low institutional stock 

ownership than for firms with high institutional ownership. 

[Insert Table 4 here] 

 

Further Analyses 

The Association between the Stock Market Reaction to Analyst Earnings Forecasts and 

Financial Statement Errors 

 

 We further investigate whether financial statement errors affect the stock market reaction 

to analyst earnings forecasts. Based on our foregoing proposition that investors' demand will 

increase for firms with financial statement errors, we predict that the market reaction to analyst 

earnings forecasts is positively associated with financial statement errors. To test this supposition 

and control for potential endogeneity, we use the following two-stage least-squares regression 

model, with Equation (4) ((5)) indicating the first-stage (second-stage) regression: 
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𝐹𝑆𝐷_𝑠𝑐𝑜𝑟𝑒𝑡 = 𝛼0 + 𝛼1𝑚𝑎𝑟𝑔𝑡𝑎𝑥_𝑠𝑡𝑎𝑡𝑒𝑡 + 𝛼2𝑠𝑖𝑧𝑒𝑡 + 𝛼3𝑠𝑡𝑑𝑒𝑎𝑟𝑛𝑖𝑛𝑔𝑠𝑡 + 𝛼4𝑟𝑒𝑡𝑣𝑜𝑙𝑡
+ 𝛼5𝑝𝑟𝑖𝑐𝑒𝑡 + 𝛼6𝑞𝑡𝑟𝑟𝑒𝑡𝑡 + 𝛼7𝑟𝑜𝛼𝑡 + 𝛼8𝑖𝑛𝑡𝑎𝑛𝑔𝑖𝑏𝑙𝑒𝑡 + 𝛼9𝑏𝑡𝑚𝑡

+ 𝛼10𝑖𝑛𝑠𝑡𝑖𝑡 + 𝛼11𝑜𝑝𝑎𝑐𝑖𝑡𝑦𝑡 + 𝛼12𝑡𝑟𝑎𝑑𝑖𝑛𝑔𝑣𝑜𝑙𝑡 + 𝛼13𝑏𝑖𝑔4𝑡
+ 𝛼14𝑐ℎ𝑎𝑛𝑔𝑒𝑟𝑜𝑎𝑡 + 𝛼15𝑐ℎ𝑎𝑛𝑔𝑒𝑒𝑝𝑠𝑡 + 𝛼16𝑏𝑠𝑖𝑧𝑒𝑡 + 𝛼17𝑝𝑜𝑟𝑡𝑠𝑖𝑧𝑒𝑡
+ 𝛼18𝑦𝑒𝑎𝑟_𝑑𝑢𝑚𝑚𝑦 + 𝛼19𝑖𝑛𝑑𝑢𝑠𝑡𝑟𝑦_𝑑𝑢𝑚𝑚𝑦 + 𝜀𝑡 

 (4) 

𝑐𝑎𝑟𝑡+1 = 𝛼0 + 𝛼1𝑃𝐹𝑆𝐷_𝑠𝑐𝑜𝑟𝑒2𝑡 + 𝛼2𝑠𝑖𝑧𝑒𝑡 + 𝛼3𝑠𝑡𝑑𝑒𝑎𝑟𝑛𝑖𝑛𝑔𝑠𝑡 + 𝛼4𝑟𝑒𝑡𝑣𝑜𝑙𝑡 + 𝛼5𝑝𝑟𝑖𝑐𝑒𝑡
+ 𝛼6𝑞𝑡𝑟𝑟𝑒𝑡𝑡 + 𝛼7𝑟𝑜𝛼𝑡 + 𝛼8𝑖𝑛𝑡𝑎𝑛𝑔𝑖𝑏𝑙𝑒𝑡 + 𝛼9𝑏𝑡𝑚𝑡 + 𝛼10𝑖𝑛𝑠𝑡𝑖𝑡
+ 𝛼11𝑜𝑝𝑎𝑐𝑖𝑡𝑦𝑡 + 𝛼12𝑡𝑟𝑎𝑑𝑖𝑛𝑔𝑣𝑜𝑙𝑡 + 𝛼13𝑏𝑖𝑔4𝑡 + 𝛼14𝑐ℎ𝑎𝑛𝑔𝑒𝑟𝑜𝑎𝑡
+ 𝛼15𝑐ℎ𝑎𝑛𝑔𝑒𝑒𝑝𝑠𝑡 + 𝛼16𝑏𝑠𝑖𝑧𝑒𝑡 + 𝛼17𝑝𝑜𝑟𝑡𝑠𝑖𝑧𝑒𝑡 + 𝛼18𝑦𝑒𝑎𝑟_𝑑𝑢𝑚𝑚𝑦
+ 𝛼19𝑖𝑛𝑑𝑢𝑠𝑡𝑟𝑦_𝑑𝑢𝑚𝑚𝑦 + 𝜀𝑡 

 (5) 

 The market reaction to analyst earnings forecasts is proxied by car, which is the three-day 

[-1, 1] cumulative unsigned abnormal stock returns surrounding an analyst’s last forecast of EPS 

for a fiscal year. The abnormal stock returns are calculated using a market model with an 

estimation period of [-181, -2] relative to the forecast date. As such, car reflects the stock market 

reaction to the component of forecast news to which investors have not reacted during the previous 

six months. If multiple analysts are forecasting annual EPS for a firm for a fiscal year, the average 

is taken of the cumulative unsigned abnormal stock returns. As with the baseline regression stated 

previously, we use the state-attributed variance in the marginal tax rate (magtax_state) as the 

instrumental variable for the 2SLS model. 

 As the market reaction to analyst earnings forecasts reflects investors’ demand for analyst 

service, we include the same control variables as in Equation (2): firm size (size), earnings 

volatility (stdearnings), stock return volatility (retvol), stock price (price), abnormal stock returns 

(qtrret), return on assets (roa), information asymmetry (proxied by the intensity of intangible 

assets (intangible) and the book-to-market ratio (btm)), institutional stock ownership (insti), 

financial opacity (opacity), stock trading volume (tradingvol), and big-4 audits (big4). In addition, 

we also control for earnings surprise (measured by changes in return on assets (changeroa) and 

changes in earnings per share (changeeps)) and analyst sophistication (proxied by the size of 
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analysts’ brokerage houses (bsize) and the size of analysts’ research portfolio (portsize)), as both 

are likely to be positively associated with investors’ reaction to analyst forecasts. All variables in 

the 2SLS model are measured at year t, except for car which is measured at year t+1. We also 

include industry dummies and year dummies in the 2SLS regression model, since as shown in 

Appendix 2, both FSD scores (FSD_score) and the market reaction to analyst earnings forecasts 

(car) differ considerably across industries and years. 

 Table 5 presents the regression results of Equations (4) and (5). As expected, the coefficient 

on margtax_state is negative and significant in the first-stage regression, consistent with the notion 

that firms subject to a higher state-level marginal tax rate are less likely to commit financial 

statement errors. A one-standard-deviation increase in margtax_state reduces FSD_score by 0.002, 

which is equivalent to 6.64 percent of the mean of FSD_score for the sample used in the 2SLS 

regression of car. The Cragg-Donald Wald F statistic is 137.855. This figure is much higher than 

the threshold point of 8.96 proposed by Stock et al. (2002), suggesting that margtax_state is a 

strong instrumental variable. The second-stage regression result shows that the market reaction to 

analyst earnings forecasts (car) has a positive and statistically significant relationship with 

PFSD_score2. A one-standard-deviation increase in PFSD_score2 results in an increase in car by 

0.0097, accounting for around 11 percent of the full-sample mean of car. This result is in line with 

our argument that investors’ demand for analysts’ forecasts increases as a result of financial 

statement errors. In addition, un-tabulated results of our variance inflation factor (VIF) test reveal 

that the VIF values of all continuous variables in the first-stage regression are below 5. For the 

second-stage regression, PFSD_score2 and size have the first and second highest VIF values, 

which are 16.77 and 6.12, respectively, while all the other VIF values are below 5. Though the 

VIF value of PFSD_score2 is higher than 10, its correlations with all the other independent 
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variables, as shown in Panel B of Table 2, are all below 0.7, mitigating concerns about 

multicollinearity. 

[Insert Table 5 here] 

 As discussed previously, retail investors who are constrained in the time and ability to 

process value-relevant information are unlikely to extrapolate the implications of financial 

statement errors for future firm performance and might be more reliant on analysts who are 

expected to adjust the financial errors properly for earnings forecasts. By contrast, institutional 

investors who are supposed to be more sophisticated than retail investors might be aware of the 

difficulty of inferring the impact of financial statement errors on future earnings and not trust 

analysts fully in respect of their earnings forecasts. Hence, we expect that the positive association 

between the market reaction to analyst earnings forecasts and financial statement errors is more 

pronounced for firms with lower institutional stock ownership. To test this prediction, we divide 

our full sample into two subsamples based on the median of institutional stock ownership (insti) 

and run the 2SLS regression model (i.e., Equations (4) and (5)) for the two subsamples, 

respectively. Table 6 reports the subsample regression results. The coefficients on margtax_state 

in the first-stage regressions are both negative and statistically significant at the 1 percent level, 

consistent with our argument that the heavy tax burden owing to the higher marginal tax rate would 

reduce a firm’s incentive to engage in financial statement errors. In the second-stage regression, 

the coefficient on PFSD_score2 is positive and statistically significant at the 1 percent level for 

the low- institutional-stock-ownership subsample but is not statistically significant for the high-

institutional-stock-ownership subsample. This result is consistent with our prediction. 

[Insert Table 6 here] 
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The Association between Analyst Forecast Errors and Financial Statement Errors 

 Financial statement errors may also influence analyst forecast errors. As mentioned in 

Section II, the reversal of manipulated accruals is highly unpredictable, and the reputational losses 

caused by the accrual manipulation would further increase the uncertainty of future earnings. As 

such, it becomes difficult for analysts to make accurate forecasts of earnings. Accordingly, we 

expect a positive relationship between analyst forecast errors and financial statement errors. To 

mitigate the concern of potential endogeneity for the test of the prediction and plausibly strengthen 

the causal interpretation of results, we estimate the following 2SLS regression, with Equation (6) 

((7)) indicating the first-stage (second-stage) regression: 

𝐹𝑆𝐷_𝑠𝑐𝑜𝑟𝑒𝑡 = 𝛼0 + 𝛼1𝑚𝑎𝑟𝑔𝑡𝑎𝑥_𝑠𝑡𝑎𝑡𝑒𝑡 + 𝛼2𝑠𝑖𝑧𝑒𝑡 + 𝛼3𝑝𝑟𝑖𝑐𝑒𝑡 + 𝛼4𝑞𝑡𝑟𝑟𝑒𝑡𝑡
+ 𝛼5𝑡𝑟𝛼𝑑𝑖𝑛𝑔𝑣𝑜𝑙𝑡 + 𝛼6𝑖𝑛𝑡𝑎𝑛𝑔𝑖𝑏𝑙𝑒𝑡 + 𝛼7𝑏𝑡𝑚𝑡 + 𝛼8𝑖𝑛𝑠𝑡𝑖𝑡 + 𝛼9ℎ𝑜𝑟𝑖𝑧𝑜𝑛𝑡
+ 𝛼10𝑐ℎ𝑎𝑛𝑔𝑒𝑟𝑜𝑎𝑡 + 𝛼11𝑐ℎ𝑎𝑛𝑔𝑒𝑒𝑝𝑠𝑡 + 𝛼12𝑏𝑖𝑔4𝑡 + 𝛼13𝑦𝑒𝑎𝑟_𝑑𝑢𝑚𝑚𝑦
+ 𝛼14𝑖𝑛𝑑𝑢𝑠𝑡𝑟𝑦_𝑑𝑢𝑚𝑚𝑦 + 𝜀𝑡 

 (6) 

𝑒𝑟𝑟𝑜𝑟𝑡+1 = 𝛼0 + 𝛼1𝑃𝐹𝑆𝐷_𝑠𝑐𝑜𝑟𝑒3𝑡 + 𝛼2𝑠𝑖𝑧𝑒𝑡 + 𝛼3𝑝𝑟𝑖𝑐𝑒𝑡 + 𝛼4𝑞𝑡𝑟𝑟𝑒𝑡𝑡 + 𝛼5𝑡𝑟𝛼𝑑𝑖𝑛𝑔𝑣𝑜𝑙𝑡
+ 𝛼6𝑖𝑛𝑡𝑎𝑛𝑔𝑖𝑏𝑙𝑒𝑡 + 𝛼7𝑏𝑡𝑚𝑡 + 𝛼8𝑖𝑛𝑠𝑡𝑖𝑡 + 𝛼9ℎ𝑜𝑟𝑖𝑧𝑜𝑛𝑡 + 𝛼10𝑐ℎ𝑎𝑛𝑔𝑒𝑟𝑜𝑎𝑡
+ 𝛼11𝑐ℎ𝑎𝑛𝑔𝑒𝑒𝑝𝑠𝑡 + 𝛼12𝑏𝑖𝑔4𝑡 + 𝛼13𝑦𝑒𝑎𝑟_𝑑𝑢𝑚𝑚𝑦
+ 𝛼14𝑖𝑛𝑑𝑢𝑠𝑡𝑟𝑦_𝑑𝑢𝑚𝑚𝑦 + 𝜀𝑡 (7) 

 

 where analyst forecast errors (error) are measured by the absolute value of the difference 

between the actual EPS and an analyst’s last forecast of annual EPS for a firm for a fiscal year, 

divided by the firm’s actual EPS at the end of the fiscal year. If there are multiple analysts 

forecasting annual EPS for a firm for the fiscal year, the average is taken of the analysts’ last 

forecasts of annual EPS.  

 In line with previous studies, we include a variety of control variables that are evidenced 

by prior research to be related to analyst forecast errors (e.g., Lang and Lundholm 1996; Ali, Chen, 

and Radhakrishnan 2007; Behn, Choi, and Kang 2008; Dhaliwal, Radhakrishnan, Tsang, and Yang 

2012; He et al., 2019): firm size (size), stock price (price), abnormal stock returns (qtrret), stock 
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trading volume (tradingvol), information asymmetry (proxied by the intensity of intangible assets 

(intangible) and the book-to-market ratio (btm)), institutional stock ownership (insti), analyst 

forecast horizon (horizon), big-4 audits (big4), change in return on assets (changeroa), and change 

in earnings per share (changeeps). Analyst forecast errors are measured at the fiscal year t+1, while 

the rest of the variables are measured at the fiscal year t. As shown in Appendix 2, analyst forecasts 

error (error) and FSD scores (FSD_score) vary substantially across industries and years, so we 

control for industry dummies and year dummies.  

 Table 7 presents the results from running the 2SLS regression. As expected, the coefficient 

on margtax_state is negative and statistically significant in the first-stage regression. A one-

standard-deviation increase in margtax_state causes a decrease in FSD_score by 0.002, which 

accounts for 6.73 percent of the mean of FSD_score for the sample used in the 2SLS regression 

of error. The Cragg-Donald Wald F statistic amounts to 365.668, and is far over the cut-off point 

of 8.96, below which the instrumental variable is considered weak (Stock et al., 2002). In the 

second-stage regression, the coefficient on PFSD_score3 is positive and statistically significant at 

the 1 percent level. A one-standard-deviation increase in PFSD_score3 gives rise to an increase in 

error by 0.0786, accounting for around 29.89 percent of the full-sample mean of error. This result 

suggests that financial statement errors increase analyst forecast errors significantly. The values of 

the variance inflation factor of all continuous variables in the first-stage regression are below 3. 

For the second-stage regression, except for PFSD_score3 and size, of which the VIF values are 

6.47 and 5.15, all the other VIF values are below 3. This result indicates that multicollinearity is 

not a serious issue with our regression estimation. 

[Insert Table 7 here] 

 We further investigate how analyst sophistication moderates the association between 
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analyst forecast errors and financial statement errors. To the extent that analysts do not have valid 

models to decipher the reversal of abnormal accruals or to assess the reputational costs associated 

with the financial errors, the difficulty in forecasting earnings for the misconduct firms should not 

differ among analysts with varying degrees of sophistication. The positive association between 

analyst forecast errors and financial statement errors is thus expected to be independent of analyst 

sophistication.  

 Analysts working for large brokerage houses often have access to more information and 

more plentiful resources (Clement 1999; Jacob, Lys, and Neale 1999), so they are normally more 

sophisticated than those working for small brokerage houses. On the other hand, analysts holding 

larger research portfolios tend to have more forecasting experience, stronger industrial knowledge, 

and higher skills in processing information. Therefore, we measure the level of analyst 

sophistication by (i) the size of the brokerage house with which analysts are affiliated (bsize) and 

(ii) the size of the analysts’ research portfolio (portsize). Specifically, bsize equals the natural 

logarithm of the number of analysts of a brokerage house with which an analyst is affiliated in a 

fiscal year. If a firm’s earnings are forecasted by multiple analysts for a fiscal year, the average is 

taken of the sizes of the brokerage houses with which the analysts are affiliated. An analyst’s 

research portfolio (portsize) is calculated as the natural logarithm of the number of firms followed 

by the analyst in a fiscal year. If multiple analysts forecast a firm’s earnings for a fiscal year, the 

average is taken of the sizes of these analysts’ research portfolios. The higher values of bsize and 

portsize represent higher levels of analyst sophistication. 

 To examine the moderating effect of analyst sophistication, we split our full sample into 

two subsamples based on the median values of our variables for analyst sophistication, and then 

run the 2SLS regression respectively for the two subsamples. Table 8 reports the regression results. 
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Panel A reports the results from using the size of analysts’ brokerage house (bsize) as the measure 

of analyst sophistication, while Panel B shows the results from using the size of analysts’ research 

portfolio (portsize) as the sophistication measure. For both panels, we get similar results: 

margtax_state is negatively associated with financial statement errors (FSD_score) at the 

conventional levels, and the coefficients on PFSD_score3 are positive and statistically significant 

for both the low-analyst-sophistication subsample and the high-analyst-sophistication subsample. 

Chi2 statistics for the difference in coefficients of PFSD_score3 amounts to 0.95 (0.00) with a p-

value of 0.33 (0.9751) when bsize (portsize) is employed to measure analyst sophistication. 

Together, the results corroborate our prediction that the positive association between analyst 

forecast errors and financial statement errors is not attenuated by analyst sophistication. This 

reconciles with our earlier evidence which suggests that institutional investors do not fully trust an 

analyst in her/his sophistication in providing accurate forecasts for firms with financial statement 

errors and are thus less likely to have high demand for analyst forecasts for these firms.  

[Insert Table 8 here] 

 

The Impact of Reg FD on Analyst Coverage and Forecasts for Firms Involved in High Errors 

in Financial Statements  

After the enforcement of Reg FD, firms are not allowed to selectively disclose material 

private corporate information to privileged individuals or entities, such as analysts, without 

releasing the same information to the public simultaneously. As a consequence, greater effort and 

higher costs might be required of analysts to acquire and process information for covering the 

firms with substantial errors in financial statements. Therefore, Reg FD is expected to affect 

analyst coverage and forecasts for these misconduct firms. The following difference-in-differences 
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OLS regression models (8), (9), and (10) are employed to test whether Reg FD impacts analyst 

coverage, the stock market reaction to analyst forecasts, and analyst forecast errors, respectively, 

on condition that firms perpetrate the financial misreporting:  

𝑙𝑛𝑎𝑛𝑎𝑐𝑜𝑣𝑖,𝑡+1 = 𝛼0 + 𝛼1𝑐𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛𝑖 ∗ 𝑝𝑜𝑠𝑡𝑡 + 𝛼2𝑐𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛𝑖 + 𝛼3𝑠𝑖𝑧𝑒𝑖,𝑡
+ 𝛼4𝑠𝑡𝑑𝑒𝑎𝑟𝑛𝑖𝑛𝑔𝑠𝑖,𝑡 + 𝛼5𝑟𝑒𝑡𝑣𝑜𝑙𝑖,𝑡 + 𝛼6𝑝𝑟𝑖𝑐𝑒𝑖,𝑡 + 𝛼7𝑞𝑡𝑟𝑟𝑒𝑡𝑖,𝑡 + 𝛼8𝑟𝑜𝛼𝑖,𝑡
+ 𝛼9𝑖𝑛𝑡𝑎𝑛𝑔𝑖𝑏𝑙𝑒𝑖,𝑡 + 𝛼10𝑏𝑡𝑚𝑖,𝑡 + 𝛼11𝑖𝑛𝑠𝑡𝑖𝑖,𝑡 + 𝛼12𝑜𝑝𝑎𝑐𝑖𝑡𝑦𝑖,𝑡
+ 𝛼13𝑡𝑟𝑎𝑑𝑖𝑛𝑔𝑣𝑜𝑙𝑖,𝑡 + 𝛼14𝑏𝑖𝑔4𝑖,𝑡 + 𝛼15𝑦𝑒𝑎𝑟_𝑑𝑢𝑚𝑚𝑦
+ 𝛼16𝑖𝑛𝑑𝑢𝑠𝑡𝑟𝑦_𝑑𝑢𝑚𝑚𝑦 + 𝜀𝑡 (8) 

𝑐𝑎𝑟𝑖,𝑡+1 = 𝛼0 + 𝛼1𝑐𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛𝑖 ∗ 𝑝𝑜𝑠𝑡𝑡 + 𝛼2𝑐𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛𝑖 + 𝛼3𝑠𝑖𝑧𝑒𝑖,𝑡
+ 𝛼4𝑠𝑡𝑑𝑒𝑎𝑟𝑛𝑖𝑛𝑔𝑠𝑖,𝑡 + 𝛼5𝑟𝑒𝑡𝑣𝑜𝑙𝑖,𝑡 + 𝛼6𝑝𝑟𝑖𝑐𝑒𝑖,𝑡 + 𝛼7𝑞𝑡𝑟𝑟𝑒𝑡𝑖,𝑡
+ 𝛼8𝑟𝑜𝛼𝑖,𝑡 + 𝛼9𝑖𝑛𝑡𝑎𝑛𝑔𝑖𝑏𝑙𝑒𝑖,𝑡 + 𝛼10𝑏𝑡𝑚𝑖,𝑡 + 𝛼11𝑖𝑛𝑠𝑡𝑖𝑖,𝑡
+ 𝛼12𝑜𝑝𝑎𝑐𝑖𝑡𝑦𝑖,𝑡 + 𝛼13𝑡𝑟𝑎𝑑𝑖𝑛𝑔𝑣𝑜𝑙𝑖,𝑡 + 𝛼14𝑏𝑖𝑔4𝑖,𝑡 + 𝛼15𝑐ℎ𝑎𝑛𝑔𝑒𝑟𝑜𝑎𝑖,𝑡
+ 𝛼16𝑐ℎ𝑎𝑛𝑔𝑒𝑒𝑝𝑠𝑖,𝑡 + 𝛼17𝑏𝑠𝑖𝑧𝑒𝑖,𝑡 + 𝛼18𝑝𝑜𝑟𝑡𝑠𝑖𝑧𝑒𝑖,𝑡 + 𝛼19𝑦𝑒𝑎𝑟_𝑑𝑢𝑚𝑚𝑦
+ 𝛼20𝑖𝑛𝑑𝑢𝑠𝑡𝑟𝑦_𝑑𝑢𝑚𝑚𝑦 + 𝜀𝑡 (9) 

𝑒𝑟𝑟𝑜𝑟𝑖,𝑡+1 = 𝛼0 + 𝛼1𝑐𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛𝑖 ∗ 𝑝𝑜𝑠𝑡𝑡 + 𝛼2𝑐𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛𝑖 + 𝛼3𝑠𝑖𝑧𝑒𝑖,𝑡 + 𝛼4𝑝𝑟𝑖𝑐𝑒𝑖,𝑡
+ 𝛼5𝑞𝑡𝑟𝑟𝑒𝑡𝑖,𝑡 + 𝛼6𝑡𝑟𝛼𝑑𝑖𝑛𝑔𝑣𝑜𝑙𝑖,𝑡 + 𝛼7𝑖𝑛𝑡𝑎𝑛𝑔𝑖𝑏𝑙𝑒𝑖,𝑡 + 𝛼8𝑏𝑡𝑚𝑖,𝑡

+ 𝛼9𝑖𝑛𝑠𝑡𝑖𝑖,𝑡 + 𝛼10ℎ𝑜𝑟𝑖𝑧𝑜𝑛𝑖,𝑡 + 𝛼11𝑐ℎ𝑎𝑛𝑔𝑒𝑟𝑜𝑎𝑖,𝑡 + 𝛼12𝑐ℎ𝑎𝑛𝑔𝑒𝑒𝑝𝑠𝑖,𝑡
+ 𝛼13𝑏𝑖𝑔4𝑖,𝑡 + 𝛼14𝑦𝑒𝑎𝑟_𝑑𝑢𝑚𝑚𝑦 + 𝛼15𝑖𝑛𝑑𝑢𝑠𝑡𝑟𝑦_𝑑𝑢𝑚𝑚𝑦 + 𝜀𝑡 (10) 

post is the time indicator variable equal to 1 (0) if the firm is in the post- (pre-) Reg FD period 

of 2002-2004 (1998-2000), which indicates the setting in which analysts are not allowed (are 

allowed) to access private corporate information. Since our DID analysis is conditional on firms 

committing financial statement errors, we construct a group indicator variable, condition, to 

differentiate between the conditioned group and unconditioned group. To this end, we divide the 

6-year full sample into four groups based on the quartiles of FSD_score. condition equals 1 (0) if 

a firm is in the top (bottom) quartile group (i.e., the conditioned (unconditioned) group) which 

contains firms with high (few or no) error(s) in financial statements. The coefficients of the 

interaction term condition*post in Models (8), (9), and (10) capture the changes in analyst 

coverage, the stock market reaction to analyst forecasts, and analyst forecast errors, respectively, 

of the conditioned firms, relative to those of unconditioned firms, from the pre-Reg FD period to 

the post-Reg FD period.  



27 

 

Columns (1), (2), and (3) of Table 9 report the DID results from testing the impact of Reg FD 

on analyst coverage, the stock market reaction to analyst earnings forecasts, and analyst forecast 

errors, respectively, for the firms subject to high errors in financial statements. The coefficient on 

condition*post in Column (1) is negative and statistically significant at the 5 percent level, while 

the coefficients on the interaction terms in Columns (2) and (3) are statistically nonsignificant. 

These results might be collectively explained as follows. Following Reg FD which restricts 

analysts’ access to private corporate information, analysts would face higher difficulty and costs 

in making accurate forecasts for firms with substantial financial statement errors, so analysts’ 

coverage on these firms is reduced. Yet, so long as the benefits of making the forecasts outweigh 

the increased costs, analysts should be willing to do so and seek to maintain the accuracy and 

informativeness of forecasts for investors as before the implementation of Reg FD. This elucidates 

why in the DID analysis, we find no difference in either analyst forecast accuracy or the stock 

market reaction to analyst forecasts between the post-Reg FD period and pre-Reg FD period.   

[Insert Table 9 here] 

 

V. Conclusion 

 Financial statement errors connote low quality and low credibility of financial information 

and would hinder investors and other market participants in the assessment of a firm’s performance, 

risks, and future prospects. Analysts, as the relatively sophisticated market participants playing the 

role as information intermediaries for investors in the stock market, are arguably capable of 

inferring the implication of financial statement errors for a firm’s future prospects, especially when 

analysts can access private corporate information not available to investors. However, Reg FD 

prohibits firms from releasing private information to financial analysts. The implementation of this 
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regulation thereby strips analysts of the information advantages they previously possessed over 

investors. It is thus unclear whether analysts in such a case can still factor financial statement errors 

properly into their coverage and forecasts for firms and thereby serve their role well in information 

diffusion for investors. Our study empirically examines this question.  

 Using FSD scores to capture financial statement errors, we find that FSD scores increase 

the analyst coverage on U.S. listed companies in the post-Reg FD period, suggesting that the 

benefits of providing forecasts for firms with financial statement errors are perceived by analysts 

to exceed the associated costs. We also find that analysts tend to increase their coverage to a larger 

extent on the firms with lower institutional stock ownership. This finding implies that non-

institutional investors rely more on analysts’ reports in cases when firms are associated with 

financial statement errors. Consistent with these results and inferences, our further analysis reveals 

that the stock market reaction to analyst forecasts is positively associated with financial statement 

errors, and that this positive association is more evident for firms with lower institutional stock 

ownership. Nonetheless, while increasing the firm coverage, analysts tend to commit more errors 

in their forecasts, and analyst sophistication does not alleviate the adverse impact of financial 

statement errors on forecast accuracy. These findings thereby underscore the importance of 

monitoring and curbing financial statement errors.  

While some research on the determinants of analyst coverage and forecasts (e.g., Bradshaw, 

Richardson, and Sloan 2006; Jiang, Kumar, and Law 2016; Bilinski and Bradshaw 2021; Huang, 

Lin, and Zhang 2022) does not account for potential endogeneity in the empirical analysis, our 

study mitigates the problem to some extent. Yet, we do not claim to have fully established causality 

from financial statement errors to analyst coverage and forecasts, which remains a limitation of 

the paper.   
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Appendix 1: Summary of variable definitions 

Variables Definitions 

lnanacov The natural logarithm of one plus the number of analysts that make at least one 

annual earnings per share (EPS) forecast for a firm at a fiscal year. lnanacov 

equals 0 if there is no analyst forecasting annual EPS for a firm at the year. 

FSD_score The financial statement divergence score developed by Amiram et al. (2015). It 

is an index used for detecting financial statement errors and measuring the extent 

to which the entire distribution of the first digits of numbers in a firm’s financial 

statement diverges from the theoretical distribution specified by the Benford’s 

Law. 

PFSD_score1 The predicted value of FSD score from Equation (1). 

margtax The marginal tax rate constructed by Blouin et al. (2010), which equals the 

present value of the current income tax as well as deferred income taxes to be 

paid per dollar of the additional taxable income of a firm at a fiscal year. The data 

on the marginal tax rate is obtained from the Compustat – Capital IQ database. 

pi The pre-tax income of a firm at the fiscal year t. 

margtax_state The marginal tax rate, of which the variance in our sample is attributed to the 

statutory tax rates of jurisdictions in a fiscal year. This state-attributed marginal 

tax rate is measured by the residual obtained from running the following 

regression by years: margtax = pi + ε, where margtax is the marginal tax rate, 

and pi is the pre-tax income.  
size The natural logarithm of the market value of a firm’s equity at the end of a fiscal 

year. 

stdearnings The volatility of earnings, which is computed as the standard deviation of net 

income before extraordinary items in the current and previous four years.  

retvol The standard deviation of daily size-adjusted abnormal returns for a fiscal year. 

price The stock price of a firm at the fiscal year-end date. 

qtrret Buy-and-hold size-adjusted abnormal stock returns of a firm for a fiscal year.  

roa Net income before extraordinary items for a fiscal year, divided by total assets at 

the end of the fiscal year. 

intangible Intangible assets divided by total assets for a firm at the end of a fiscal year. 

btm The book value of firm equity divided by the market value of firm equity at the 

end of a fiscal year.  

insti Institutional investors’ stock ownership as a percentage of the total outstanding 

shares for a firm at the end of a fiscal year. 

opacity the three-year moving sum of the absolute value of annual abnormal accruals 

developed by Hutton et al. (2009).  

tradingvol Daily dollar trading volume (i.e., the closing price at a given date times the 

number of shares traded at that date) (in millions of U.S dollars) averaged over a 

fiscal year for a firm.  

big4 1 if a firm is audited by the big four auditing firm, otherwise 0. 

car The three-day [-1, 1] cumulative unsigned abnormal stock returns surrounding 

an analyst’s last forecast of EPS for a fiscal year. The abnormal stock returns are 

calculated using a market model with an estimation period of [-181, -2] relative 

to the forecast date. If multiple analysts are forecasting annual EPS for a firm for 

a fiscal year, the average is taken of the cumulative unsigned abnormal stock 

returns. 

PFSD_score2 The predicted value of FSD_score from Equation (4). 
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error The absolute value of the difference between the actual EPS and an analyst’s last 

forecast of annual EPS for a firm for a fiscal year, divided by the firm’s actual 

EPS at the end of the fiscal year. If there are multiple analysts forecasting annual 

EPS for a firm for the fiscal year, the average is taken of the analysts’ last 

forecasts of annual EPS.  

horizon The natural logarithm of the number of trading days between an analyst’s last 

annual EPS forecast date and a firm’s earnings announcement date. If there are 

multiple analysts that forecast annual EPS for a firm for a fiscal year, the average 

is taken of the number of trading days between the analysts’ last EPS forecast 

dates and a firm’s earnings announcement date. 

PFSD_score3 The predicted value of FSD score from Equation (6). 

changeroa Return on assets of a firm for a fiscal year minus that for the previous fiscal year. 

Return on assets is computed as net income before extraordinary items for a fiscal 

year, divided by total assets at the end of the fiscal year.  

changeeps Annual EPS of a firm for a fiscal year, minus that for the previous year, and then 

divided by stock price at the end of the fiscal year.  

bsize The analyst sophistication, measured by the size of brokerage house with which 

an analyst is affiliated. bsize equals the natural logarithm of the number of 

analysts of a brokerage house in a fiscal year. If a firm’s earnings are forecasted 

by multiple analysts for a fiscal year, the average is taken of the sizes of the 

brokerage houses with which the analysts are affiliated. 

portsize The analyst sophistication measured by the size of an analyst’s research portfolio. 

portsize equals the natural logarithm of the number of firms followed by an 

analyst in a fiscal year. If a firm’s earnings are forecasted by multiple analysts 

for a fiscal year, the average is taken of the sizes of these analysts’ research 

portfolios. 

condition The group indicator variable that equals 1 (0) if a firm has its FSD score ranked 

the top (bottom) quartile within the full sample that span the years 1998-2000 

and 2002-2004.  

post The time indicator variable that equals 1 (0) if a firm is in the post- (pre-) Reg 

FD period of 2002–2004 (1998–2000). 
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Appendix 2: Financial statement errors (FSD_score), analyst coverage (lnanacov), the stock 

market reaction to analyst forecasts (car), and analyst forecast errors (error) across years 

and industries 

 

Panel A: The distribution and statistics of FSD_score, lnanacov, car, and error across years 

Year  
FSD_score 

N Mean 10% 25% Median 75% 90% Std. 
2001 746 0.0320 0.0204 0.0248 0.0307 0.0376 0.0455 0.0103 

2002 562 0.0306 0.0195 0.0242 0.0294 0.0363 0.0432 0.0096 

2003 651 0.0295 0.0184 0.0227 0.0287 0.0353 0.0415 0.0094 

2004 689 0.0295 0.0188 0.0235 0.0286 0.0347 0.0415 0.0094 

2005 670 0.0298 0.0189 0.0238 0.0289 0.0346 0.0410 0.0091 

2006 664 0.0295 0.0190 0.0227 0.0285 0.0350 0.0413 0.0094 

2007 691 0.0302 0.0185 0.0226 0.0283 0.0358 0.0440 0.0114 

2008 612 0.0301 0.0192 0.0231 0.0285 0.0356 0.0416 0.0103 

2009 782 0.0294 0.0181 0.0221 0.0281 0.0348 0.0416 0.0102 

2010 768 0.0297 0.0181 0.0226 0.0285 0.0353 0.0424 0.0100 

2011 925 0.0310 0.0196 0.0240 0.0295 0.0362 0.0441 0.0103 

2012 1,162 0.0304 0.0186 0.0229 0.0289 0.0358 0.0438 0.0110 

2013 1,213 0.0294 0.0183 0.0226 0.0281 0.0340 0.0417 0.0099 

2014 1,324 0.0302 0.0186 0.0227 0.0284 0.0356 0.0438 0.0114 

2015 1,363 0.0304 0.0185 0.0230 0.0283 0.0358 0.0440 0.0111 

 

Year  
lnanacov 

N Mean 10% 25% Median 75% 90% Std. 
2002 746 2.928 1.386 2.197 3.045 3.761 4.407 1.141 

2003 562 3.050 1.609 2.303 3.198 3.784 4.317 1.062 

2004 651 3.066 1.609 2.398 3.135 3.850 4.331 1.062 

2005 689 3.121 1.609 2.485 3.258 3.912 4.466 1.121 

2006 670 3.191 1.792 2.565 3.296 3.970 4.527 1.088 

2007 664 3.215 1.792 2.565 3.367 3.951 4.419 1.058 

2008 691 3.264 1.792 2.773 3.401 3.989 4.344 1.023 

2009 612 3.384 2.079 2.833 3.497 4.052 4.554 0.983 

2010 782 3.373 1.946 2.708 3.466 4.078 4.595 0.996 

2011 768 3.386 1.946 2.740 3.466 4.127 4.625 1.008 

2012 925 3.374 1.946 2.773 3.497 4.111 4.595 1.055 

2013 1,162 3.438 2.079 2.833 3.555 4.190 4.644 1.081 

2014 1,213 3.535 2.197 2.944 3.638 4.277 4.762 1.039 

2015 1,324 3.465 2.079 2.890 3.555 4.248 4.754 1.098 

2016 1,363 3.522 2.079 2.890 3.584 4.263 4.762 1.040 
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Year  
car 

N Mean 10% 25% Median 75% 90% Std. 
2002 612 0.116 0.038 0.060 0.092 0.151 0.226 0.083 

2003 467 0.120 0.041 0.062 0.095 0.153 0.211 0.107 

2004 495 0.092 0.027 0.043 0.075 0.117 0.170 0.075 

2005 563 0.081 0.031 0.044 0.067 0.101 0.142 0.055 

2006 547 0.080 0.033 0.048 0.069 0.099 0.137 0.049 

2007 543 0.078 0.032 0.046 0.067 0.096 0.132 0.048 

2008 518 0.093 0.040 0.055 0.081 0.116 0.157 0.055 

2009 507 0.135 0.061 0.085 0.114 0.163 0.230 0.081 

2010 681 0.095 0.037 0.052 0.078 0.121 0.170 0.071 

2011 658 0.076 0.028 0.042 0.064 0.095 0.136 0.053 

2012 774 0.087 0.034 0.050 0.074 0.109 0.155 0.054 

2013 959 0.077 0.027 0.042 0.064 0.096 0.142 0.052 

2014 1,044 0.073 0.024 0.036 0.058 0.092 0.137 0.065 

2015 1,138 0.076 0.028 0.039 0.059 0.095 0.141 0.058 

2016 1,191 0.088 0.032 0.047 0.073 0.114 0.162 0.057 

 

Year  
error 

N Mean 10% 25% Median 75% 90% Std. 
2002 768 0.336 0.0143 0.0342 0.0888 0.285 0.849 0.705 

2003 578 0.270 0.0129 0.0311 0.0759 0.222 0.553 0.629 

2004 603 0.232 0.0120 0.0255 0.0667 0.185 0.491 0.561 

2005 684 0.235 0.0133 0.0283 0.0671 0.182 0.526 0.550 

2006 700 0.259 0.0156 0.0311 0.0692 0.177 0.603 0.601 

2007 697 0.317 0.0157 0.0340 0.0781 0.222 0.812 0.711 

2008 668 0.283 0.0181 0.0363 0.0846 0.255 0.753 0.563 

2009 624 0.360 0.0192 0.0411 0.0992 0.333 0.962 0.708 

2010 868 0.373 0.0189 0.0433 0.106 0.301 0.875 0.768 

2011 840 0.212 0.0169 0.0329 0.0710 0.167 0.437 0.498 

2012 956 0.254 0.0156 0.0313 0.0678 0.176 0.496 0.634 

2013 1195 0.254 0.0131 0.0267 0.0689 0.214 0.538 0.599 

2014 1309 0.222 0.0109 0.0214 0.0526 0.148 0.488 0.563 

2015 1420 0.187 0.00999 0.0206 0.0543 0.148 0.425 0.451 

2016 1476 0.260 0.0110 0.0219 0.0570 0.164 0.485 0.693 

Notes: Panel A of Appendix 2 reports the distribution and summary statistics of financial statement errors (FSD_score), 

analyst coverage (lnanacov), the stock market reaction to analyst forecasts (car), and analyst forecast errors (error) 

across years. The sample used to test the effect of financial statement errors on analyst coverage involves the variables 

FSD_score and lnanacov and consists of 12,822 firm-year observations for 3,420 U.S. listed companies. The sample 

used to test the effect of financial statement errors on the market reaction to analyst forecasts (on analyst forecast 

errors) involves the variable car (error) and consists of 10,697 (13,386) firm-year observations for 2,988 (2,318) U.S. 

listed companies. The sample period for lnanacov, car, and error (FSD_score) ranges from 2002 (2001) to 2016 

(2015). 
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Panel B: The distribution and statistics of FSD_score, lnanacov, car, and error across industries 

Industry (the first two digits of SIC)  
FSD_score 

N Mean  10%  25%  Median 75% 90% Std. 
Oil and gas (13, 29) 111 0.0282 0.0203 0.0237 0.0278 0.0323 0.0369 0.0069 

Food products (20) 794 0.0278 0.0178 0.0217 0.0267 0.0324 0.0394 0.0086 

Paper and paper products (24-27) 311 0.0283 0.0171 0.0219 0.0275 0.0329 0.0408 0.0091 

Chemical products (28) 22 0.0399 0.0236 0.0277 0.0337 0.0459 0.0591 0.0186 

Manufacturing (30-34) 1,452 0.0292 0.0192 0.0232 0.0285 0.0345 0.0405 0.0086 

Computer equipment and services (35, 73) 21 0.0276 0.0193 0.0234 0.0254 0.0324 0.0351 0.0090 

Electronic equipment (36) 60 0.0272 0.0174 0.0208 0.0278 0.0331 0.0366 0.0070 

Transportation (37, 39, 40-42, 44, 45) 1,009 0.0300 0.0194 0.0236 0.0287 0.0360 0.0424 0.0089 

Scientific instruments (38) 141 0.0292 0.0184 0.0242 0.0294 0.0348 0.0395 0.0078 

Electric, gas, and sanitary services (49) 34 0.0329 0.0232 0.0277 0.0315 0.0377 0.0473 0.0090 

Durable goods (50) 109 0.0286 0.0189 0.0224 0.0279 0.0345 0.0400 0.0084 

Retail (53, 54, 56, 57, 59) 258 0.0295 0.0179 0.0230 0.0284 0.0343 0.0422 0.0094 

Others 8,500 0.0307 0.0187 0.0232 0.0289 0.0361 0.0442 0.0110 

 

Industry (the first two digits of SIC)  
lnanacov 

N Mean 10%  25%  Median 75% 90% Std. 
Oil and gas (13, 29) 111 2.963 1.609 2.197 3.091 3.850 4.248 1.095 

Food products (20) 794 3.331 1.946 2.708 3.401 4.060 4.605 1.001 

Paper and paper products (24-27) 311 3.510 1.609 2.833 3.807 4.407 4.779 1.116 

Chemical products (28) 22 3.367 2.565 2.772 3.495 3.829 4.174 0.618 

Manufacturing (30-34) 1,452 3.256 1.946 2.639 3.332 3.951 4.489 1.014 

Computer equipment and services (35, 73) 21 2.818 1.099 1.946 2.996 3.970 4.304 1.335 

Electronic equipment (36) 60 3.765 2.970 3.481 3.902 4.135 4.564 0.624 

Transportation (37, 39, 40-42, 44, 45) 1,009 3.602 1.946 2.944 3.761 4.407 4.977 1.136 

Scientific instruments (38) 141 3.791 2.708 3.178 4.025 4.500 4.875 0.949 

Electric, gas, and sanitary services (49) 34 3.480 1.792 3.091 3.795 4.234 4.511 1.149 

Durable goods (50) 109 3.547 2.079 3.045 3.638 4.431 4.779 1.063 

Retail (53, 54, 56, 57, 59) 258 2.982 1.792 2.398 3.135 3.689 4.094 0.896 

Others 8,500 3.303 1.792 2.708 3.401 4.060 4.564 1.080 

 

Industry (the first two digits of SIC)  
car 

N Mean  10%  25%  Median 75% 90% Std. 
Oil and gas (13, 29) 89 0.082 0.025 0.036 0.058 0.093 0.141 0.085 

Food products (20) 734 0.092 0.038 0.053 0.078 0.119 0.160 0.059 

Paper and paper products (24-27) 281 0.078 0.030 0.042 0.061 0.100 0.142 0.059 

Chemical products (28) 13 0.047 0.022 0.030 0.049 0.057 0.061 0.023 

Manufacturing (30-34) 1,238 0.065 0.022 0.030 0.048 0.082 0.124 0.052 

Computer equipment and services (35, 73) 16 0.058 0.026 0.036 0.057 0.073 0.093 0.031 

Electronic equipment (36) 52 0.061 0.033 0.047 0.057 0.072 0.085 0.024 

Transportation (37, 39, 40-42, 44, 45) 568 0.092 0.036 0.052 0.078 0.114 0.173 0.059 

Scientific instruments (38) 131 0.085 0.037 0.052 0.075 0.103 0.140 0.048 

Electric, gas, and sanitary services (49) 97 0.068 0.031 0.039 0.060 0.083 0.122 0.038 

Durable goods (50) 248 0.085 0.034 0.049 0.068 0.101 0.157 0.058 

Retail (53, 54, 56, 57, 59) 31 0.092 0.022 0.030 0.075 0.129 0.169 0.082 

Others 7,199 0.093 0.034 0.050 0.076 0.116 0.170 0.069 
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Industry (the first two digits of SIC)  
error 

N Mean  10%  25%  Median 75% 90% Std. 
Oil and gas (13, 29) 1,020 0.197 0.012 0.026 0.064 0.162 0.428 0.460 

Food products (20) 89 0.291 0.022 0.037 0.070 0.124 0.519 0.745 

Paper and paper products (24-27) 2,387 0.297 0.018 0.036 0.087 0.238 0.667 0.661 

Chemical products (28) 368 0.224 0.011 0.023 0.057 0.166 0.546 0.540 

Manufacturing (30-34) 314 0.205 0.013 0.025 0.053 0.141 0.464 0.518 

Computer equipment and services (35, 73) 92 0.332 0.018 0.038 0.078 0.273 0.660 0.767 

Electronic equipment (36) 48 0.221 0.018 0.031 0.064 0.196 0.747 0.430 

Transportation (37, 39, 40-42, 44, 45) 1,292 0.212 0.011 0.019 0.045 0.123 0.373 0.608 

Scientific instruments (38) 373 0.424 0.018 0.042 0.122 0.420 1.092 0.784 

Electric, gas, and sanitary services (49) 279 0.392 0.013 0.026 0.075 0.388 1.007 0.784 

Durable goods (50) 17 0.528 0.015 0.029 0.158 0.584 0.869 1.068 

Retail (53, 54, 56, 57, 59) 212 0.197 0.012 0.027 0.066 0.183 0.427 0.464 

Others 6,895 0.262 0.013 0.028 0.071 0.201 0.581 0.612 

Notes: Panel B of Appendix 2 reports the distribution and summary statistics of financial statement errors (FSD_score), 

analyst coverage (lnanacov), the stock market reaction to analyst forecasts (car), and analyst forecast errors (error) 

across industries. The industry classification is based on the first two digits of standard industrial classification (SIC) 

codes. The sample used to test the effect of financial statement errors on analyst coverage involves the variables 

FSD_score and lnanacov and consists of 12,822 firm-year observations for 3,420 U.S. listed companies. The sample 

used to test the effect of financial statement errors on the market reaction to analyst forecasts (on analyst forecast 

errors) involves the variable car (error) and consists of 10,697 (13,386) firm-year observations for 2,988 (2,318) U.S. 

listed companies. The sample period for lnanacov, car, and error (FSD_score) ranges from 2002 (2001) to 2016 

(2015). 
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Table 1: Summary statistics 

Variables N Mean 25% Median 75% Std.  

lnanacov 12,822 3.328 2.708 3.434 4.094 1.074 

FSD _score 12,822 0.030 0.023 0.029 0.036 0.010 

margtax_state 12,822 0.011 -0.008 0.060 0.072 0.095 

size 12,822 6.921 5.695 6.866 8.046 1.806 

stdearnings 12,822 101.349 6.847 19.775 66.425 263.442 

retvol 12,822 0.029 0.018 0.025 0.036 0.016 

price 12,822 30.684 9.580 21.675 39.800 41.776 

qtrret 12,822 0.031 -0.245 -0.025 0.206 0.480 

roa 12,822 -0.012 -0.011 0.033 0.073 0.359 

intangible 12,822 0.019 0 0 0 0.080 

btm 12,822 0.601 0.268 0.463 0.758 0.530 

insti 12,822 0.690 0.504 0.745 0.899 0.272 

opacity 12,822 99.757 0.084 0.279 2.913 429.191 

tradingvol 12,822 39.367 1.742 7.822 32.347 88.748 

big4 12,822 0.735 0 1 1 0.441 

PFSD_score1 12,822 0.030 0.027 0.029 0.032 0.004 

car 10,697 0.088 0.046 0.072 0.111 0.066 

changeroa 10,697 -0.009 -0.032 -0.001 0.023 0.390 

changeeps 10,697 0.002 -0.025 0.002 0.025 2.026 

bsize 10,697 3.567 3.254 3.638 3.973 0.632 

portsize 10,697 2.691 2.560 2.729 2.879 0.342 

PFSD_score2 10,697 0.030 0.027 0.029 0.032 0.004 

error 13,386 0.263 0.028 0.070 0.200 0.618 

horizon 13,386 4.722 4.532 4.751 4.956 0.399 

PFSD_score3 13,386 0.030 0.027 0.029 0.032 0.004 
Notes: Table 1 reports summary statistics of all variables used in the multivariate tests of the relation of financial 

statement errors with analyst coverage and forecasts. All the variables are defined in Appendix 1. The sample period 

for the lnanacov, car, and error (other variables) ranges from 2002 (2001) to 2016 (2015). Observations that have 

missing values in any of the regressors are excluded from the samples used in the multivariate tests. Given the 

inclusion of the different sets of control variables in the regressions on lnancov, car, and error, the number of 

observations used for estimating these regressions differ.  
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Table 2: Correlation coefficients 
Panel A: Correlation metrics for the determinants of analyst coverage (lanacov) 
Variables lnanacov FSD_score size stdearnings retvol price qtrret roa intangible btm insti opacity tradingvol big4 

lnanacov 1              

FSD_score -0.139*** 1             

size 0.708*** -0.212*** 1            

stdearnings 0.561*** -0.182*** 0.646*** 1           

retvol -0.266*** 0.178*** -0.587*** -0.241*** 1          

price 0.455*** -0.177*** 0.767*** 0.308*** -0.641*** 1         

qtrret 0.021** -0.038*** 0.251*** 0.044*** -0.146*** 0.337*** 1        

roa 0.192*** -0.125*** 0.370*** 0.063*** -0.403*** 0.499*** 0.257*** 1       

intangible 0.049*** -0.098*** 0.161*** 0.153*** -0.073*** 0.100*** 0.024*** 0.040*** 1      

btm -0.170*** -0.040*** -0.301*** 0.021*** 0.103*** -0.333*** -0.326*** -0.272*** 0.059*** 1     

insti 0.461*** -0.177*** 0.401*** 0.274*** -0.243*** 0.389*** 0.037*** 0.189*** -0.012 -0.073*** 1    

opacity -0.041*** 0.093*** -0.044*** -0.007*** 0.104*** -0.067*** -0.007 -0.050*** -0.107*** -0.211*** -0.095*** 1   

tradingvol 0.801*** -0.183*** 0.913*** 0.666*** -0.387*** 0.650*** 0.118*** 0.296*** 0.127*** -0.267*** 0.500*** -0.031*** 1  

big4 0.169*** -0.053*** 0.225*** 0.199*** -0.138*** 0159*** 0.008 -0.020** 0.042*** -0.020** 0.135*** 0.052*** 0.209*** 1 

Notes: Panel A reports Spearman correlations of all variables involved in Model (2). All the variables are defined in Appendix 1. ***, **, and * represent the 1%, 5%, and 10% statistical significance levels (two-tailed), respectively. 

Panel B: Correlation metrics for the determinants of the stock market reaction to analyst earnings forecasts (car) 
Variables car FSD_score size stdearnings retvol price qtrret roa intangible btm insti opacity tradingvol big4 changeroa changeeps bsize portsize 

car 1                  

FSD_score 0.130*** 1                 

size -0.435*** -0.219*** 1                

stdearnings -0.207*** -0.186*** 0.637*** 1               

retvol 0.670*** 0.200*** -0.592*** -0.231*** 1              

price -0.465*** -0.186*** 0.780*** 0.303*** -0.646*** 1             

qtrret -0.162*** -0.041*** 0.253*** 0.038*** -0.140*** 0.335*** 1            

roa -0.285*** -0.141*** 0.396*** 0.080*** -0.426*** 0.521*** 0.259*** 1           

intangible -0.091*** -0.084*** 0.141*** 0.138*** -0.073*** 0.089*** 0.020** 0.040*** 1          

btm 0.045*** -0.062*** -0.329*** -0.018* 0.116*** -0.352*** -0.338*** -0.256*** 0.068*** 1         

insti -0.079*** -0.175*** 0.419*** 0.280*** -0.267*** 0.411*** 0.035*** 0.204*** -0.032*** -0.079*** 1        

opacity 0.102*** 0.105*** -0.013 -0.034*** 0.093*** -0.047*** 0.0001 -0.071*** -0.105*** -0.185*** -0.089*** 1       

tradingvol -0.261*** -0.184*** 0.916*** 0.659*** -0.392*** 0.662*** 0.119*** 0.319*** 0.105*** -0.297*** 0.510*** -0.0043 1      

big4 -0.086*** -0.044*** 0.212*** 0.182*** -0.128*** 0.152*** -0.002 -0.020** 0.036*** -0.043** 0.128*** 0.085*** 0.194*** 1     

changeroa -0.050*** -0.009 0.076*** 0.049*** -0.055*** 0.084*** 0.304*** 0.311*** 0.012 -0.144*** -0.004 -0.011 0.027*** 0.013 1    

changeeps -0.025** 0.005 0.020** 0.059*** -0.016* 0.020** 0.247*** 0.254*** 0.002 -0.117*** -0.026*** -0.004 -0.013 0.010 0.790*** 1   

bsize -0.178*** -0.082*** 0.377*** 0.327*** -0.236*** 0.271*** 0.011 0.056*** 0.107*** -0.002 0.·112*** -0.011 0.329*** 0.141*** -0.024** -0.028*** 1  

portsize -0.101*** -0.014 0.202*** 0.157*** -0.174*** 0.151*** 0.015 -0.010 -0.035*** 0.027*** 0.115*** 0.022** 0.183*** 0.061*** -0.0002 -0.006 0.177*** 1 

Notes: Panel B reports Spearman correlations of all variables involved in Model (5). All the variables are defined in Appendix. ***, **, and * represent the 1%, 5%, and 10% statistical significance levels (two-tailed), respectively. 

Panel C: Correlation metrics for the determinants of analyst forecast errors (error) 
Variables error FSD_score size price qtrret tradingvol intangible btm insti horizon changeroa changeeps big4 

error 1             

FSD_score 0.111*** 1            

size -0.452*** -0.207*** 1           

price -0.514*** -0.168*** 0.767*** 1          

qtrret -0.183*** -0.029*** 0.235*** 0.325*** 1         

tradingvol -0.367*** -0.173*** 0.915*** 0.650*** 0.101*** 1        

intangible -0.079*** -0.074*** 0.129*** 0.080*** 0.026*** 0.091*** 1       

btm 0.265*** -0.053*** -0.353*** -0.373*** -0.333*** -0.310*** 0.066*** 1      

insti -0.208*** -0.159*** 0.393*** 0.391*** 0.013 0.488*** -0.038*** -0.069*** 1     

horizon 0.144*** 0.048*** -0.226*** -0.199*** -0.070*** -0.247*** -0.008 0.058*** -0.133*** 1    

changeroa -0.108*** -0.0001 0.069*** 0.080*** 0.310*** 0.019* 0.012 -0.140*** -0.014 -0.047*** 1   

changeeps -0.108*** 0.009 0.022** 0.026*** 0.263*** -0.015 0.010 -0.110*** -0.030*** -0.039*** 0.793*** 1  

big4 -0.054*** -0.034*** 0.185*** 0.138*** -0.009 0.170*** 0.023*** -0.027*** 0.120*** -0.019** 0.008 0.010 1 

Notes: Panel C of reports Spearman correlations of all variables involved in Model (7). All the variables are defined in Appendix 1. ***, **, and * represent the 1%, 5%, and 10% statistical significance levels (two-tailed), respectively. 
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Table 3: Two-stage least-squares regression analysis of the association between financial 

statement errors and analyst coverage 

 

Variables 
(1) First-stage 

dependent variable = FSD_scoret 

(2) Second-stage 

dependent variable = lnanacovt+1 
PFSD_score1t  26.6301*** 

  (4.28) 

margtax_statet -0.0206***  

 (-12.22)  

sizet -0.0005*** 0.4542*** 

 (-4.29) (34.17) 

stdearningst -0.00000221*** -0.0001 

 (-4.99) (-1.12) 

retvolt 0.0240** 8.0831*** 

 (2.42) (8.54) 

pricet 0.000000461 -0.0012** 

 (0.19) (-2.46) 

qtrrett -0.0002 -0.2289*** 

 (-0.95) (-14.07) 

roat -0.0011** -0.0486 

 (-2.37) (-1.27) 

intangiblet -0.0035*** -0.3471*** 

 (-3.19) (-3.46) 

btmt -0.0014*** 0.1514*** 

 (-5.17) (5.44) 

instit -0.0033*** 1.1014*** 

 (-6.08) (17.84) 

opacityt 0.00000165*** -0.0001** 

 (4.41) (-2.47) 

tradingvolt 0.00000105 0.0003 

 (-0.58) (1.49) 

big4t 0.0002 0.0341 

 (0.75) (1.44) 

constant 0.0423*** -2.0014*** 

 (17.22) (-6.09) 

No. of obs. 12,822 12,822 

Adj. R2 0.1687 0.5646 
Notes: Table 3 reports the results of the two-stage least-squares regression for the hypothesis H1 regarding the 

association between financial statement errors (FSD_score) and analyst coverage (lnanacov). The first-stage 

regression is run on the determinants of financial statement errors (FSD_score). The instrumental variable is state-

attributed variance in the marginal tax rate (margtax_state). Among all the continuous independent variables in the 

second-stage regression, PFSD_score1 and size have the first and second highest VIF values, which are 9.18 and 5.82, 

respectively, while all the other VIF values are below 3. The sample periods for the independent variables in both the 

first- and second-stage regressions range from 2001 to 2015. Year and industry dummies are included in the 

regressions but not reported for brevity. The industry dummies are constructed based on the first two digits of SIC 

codes. The p-values in parentheses are based on the standard errors clustered by firm. All the variables are defined in 

Appendix 1. ***, **, * represent the 1%, 5%, and 10% statistical significance level (two-tailed), respectively.  
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Table 4: Two-stage least-squares regression analysis of the moderating effect of institutional 

stock ownership on the association between financial statement errors and analyst coverage 

 

 Low institutional stock ownership (insti) High institutional stock ownership (insti) 

Variables 

(1) First-stage 

dependent variable 

 = FSD_scoret 

(2) Second-stage 

dependent variable  

= lnanacovt+1 

(3) First-stage 

dependent variable 

= FSD_scoret 

(4) Second-stage 

dependent variable 

= lnanacovt+1 

PFSD_score1t  32.9934***  9.9301 

  (3.79)  (1.19) 

margtax_statet -0.0196***  -0.0220***  

 (-9.13)  (-8.54)  

sizet -0.0006*** 0.4651*** -0.0004** 0.4362*** 

 (-3.66) (25.33) (-2.30) (24.69) 

stdearningst -0.00000283*** 0.0001 -0.00000186*** -0.0002*** 

 (-4.25) (0.62) (-2.91) (-2.89) 

retvolt 0.0131 6.8023*** 0.0456*** 10.7893*** 

 (0.99) (6.00) (3.18) (6.40) 

pricet 0.00000429 -0.0021*** 0.00000156 -0.0010** 

 (0.58) (-3.02) (0.69) (-2.24) 

qtrrett -0.0004 -0.1874*** 0.0003 -0.2953*** 

 (-1.41) (-8.73) (0.86) (-13.97) 

roat -0.0009** -0.0432 -0.0020 -0.2534*** 

 (-2.34) (-1.28) (-1.53) (-2.87) 

intangiblet -0.0057*** -0.0836 -0.0022 -0.5434*** 

 (-3.43) (-0.53) (-1.61) (-4.83) 

btmt -0.0016*** 0.2028*** -0.0011*** 0.0520 

 (-4.10) (5.30) (-3.08) (1.46) 

instit -0.0033*** 1.4453*** -0.0005 0.6317*** 

 (-3.33) (15.21) (-0.42) (4.08) 

opacityt 0.00000185*** -0.0001 0.0000146*** -0.0001** 

 (3.41) (-1.58) (3.15) (-2.24) 

tradingvolt 0.00000009 -0.0004 -0.00000175 0.0008*** 

 (0.03) (-1.36) (-0.76) (3.28) 

big4t 0.0006 0.0076 -0.0004 0.0302 

 (1.56) (0.21) (-1.35) (1.05) 

constant 0.0436*** -2.3655*** 0.0387*** -1.0651*** 

 (14.43) (-5.11) (9.80) (-2.75) 

No. of obs. 6,411 6,411 6,411 6,411 

Adj. R2 0.1891 0.4802 0.0997 0.5399 

Note: Table 4 shows the results of the two-stage least-squares regression for the hypothesis H2 regarding the 

moderating effect of institutional stock ownership (insti) on the association between financial statement errors 

(FSD_score) and analyst coverage (lnanacov). Columns (1) and (2) (Columns (3) and (4)) show the results of the two-

stage least-squares regression run based on the subsample composed of firms with low (high) institutional stock 

ownership (insti). The sample period for the independent variables in the regressions ranges from 2001 to 2015. Year 

and industry dummies are included in the regressions but not reported for the sake of brevity. The industry dummies 

are constructed based on the first two digits of SIC codes. The p-values in parentheses are based on the standard errors 

clustered by firm. All the variables are defined in Appendix 1. ***, **, * represent the 1%, 5%, and 10% statistical 

significance level (two-tailed), respectively.  
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Table 5: Two-stage least-squares regression analysis of the association between financial 

statement errors and the market reaction to analyst earnings forecasts 

 

Variables 
(1) First-stage 

dependent variable = FSD_scoret 

(2) Second-stage 

dependent variable = cart+1 

PFSD_score2t  2.4118*** 

  (3.64) 

margtax_statet -0.0166***  

 (-9.16)  

sizet -0.0005*** -0.0015 

 (-3.26) (-1.64) 

stdearningst -0.00000286*** 0.00000484* 

 (-4.75) (1.66) 

retvolt 0.0177 2.3737*** 

 (1.52) (18.28) 

pricet 0.00000248 -0.00004*** 

 (0.64) (-2.60) 

qtrrett 0.0002 -0.0058*** 

 (0.83) (-3.86) 

roat -0.0053*** 0.0397*** 

 (-4.33) (4.31) 

intangiblet -0.0032** 0.0099 

 (-2.54) (1.48) 

btmt -0.0005** 0.0046** 

 (-2.27) (2.02) 

instit -0.0033*** 0.0247*** 

 (4.94) (6.22) 

opacityt 0.00000152*** -0.00000325 

 (3.91) (-1.63) 

tradingvolt -0.00000109 -0.00000335 

 (-0.54) (-0.35) 

big4t 0.0003 0.0012 

 (1.09) (0.78) 

changeroat 0.0002 -0.0034** 

 (0.42) (-2.10) 

changeepst 0.0006 -0.0086 

 (0.93) (-0.43) 

bsizet 0.0001 -0.0006 

 (0.71) (-0.43) 

portsizet -0.0003 0.0071*** 

 (-0.79) (3.10) 

constant 0.0405*** -0.1251*** 

 (14.61) (-4.09) 

No. of obs. 10,697 10.697 

Adj. R2 0.1669 0.2756 
Notes: Table 5 reports the results of the two-stage least-squares regression for the prediction regarding the association between 

financial statement errors (FSD_score) and the market reaction to analyst forecasts (car). The first-stage regression is run on the 

determinants of financial statement errors (FSD_score). The instrumental variable is state-attributed variance in the marginal tax 

rate (margtax_state). Among all the continuous independent variables in the second-stage regression, PFSD_score2 and size have 

the first and second highest VIF values, which are 16.77 and 6.12, respectively, while all the other VIF values are below 5. The 

sample periods for the independent variables in both the first- and second-stage regressions range from 2001 to 2015. Year and 

industry dummies are included in the regressions but not reported for brevity. The industry dummies are constructed based on the 

first two digits of SIC codes. The p-values in parentheses are based on the standard errors clustered by firm. All the variables are 

defined in Appendix 1. ***, **, * represent the 1%, 5%, and 10% statistical significance level (two-tailed), respectively.  
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Table 6: Two-stage least-squares regression analysis of the moderating effect of institutional 

stock ownership on the association between financial statement errors and the market 

reaction to analyst earnings forecasts  

 
 Low institutional stock ownership (insti) High institutional stock ownership (insti) 

Variables 

(1) First-stage dependent 

variable = FSD_scoret 

(2) Second-stage 

dependent variable = 

cart+1 

(3) First-stage dependent 

variable = FSD_scoret 

(4) Second-stage 

dependent variable = 

cart+1 

PFSD_score2t  3.0477***  1.1223 

  (2.91)  (1.59) 

margtax_statet -0.0150***  -0.0190***  

 (-6.63)  (-6.87)  

sizet -0.0005** -0.0002 -0.0004** -0.0024** 

 (-2.59) (-0.15) (-2.06) (-2.30) 

stdearningst -0.00000343*** 0.00000879 -0.0000013*** -0.00000169 

 (-3.85) (1.72) (-3.17) (-1.00) 

retvolt 0.0003 2.1702*** 0.0679*** 2.9936*** 

 (0.02) (2.17) (3.70) (21.01) 

pricet 0.00000143 -0.0001** 0.0000093 -0.00001 

 (0.15) (-1.51) (1.57) (-0.41) 

qtrrett 0.0002 -0.0046** 0.0004 -0.0076*** 

 (0.84) (-2.24) (1.30) (-4.58) 

roat -0.0056*** 0.0411*** -0.0055*** 0.0236** 

 (-3.89) (3.08) (-2.64) (2.01) 

intangiblet -0.0060*** 0.0249* -0.0012 0.0019 

 (-3.15) (1.93) (-0.76) (0.30) 

btmt -0.0004 0.0052* -0.0006** 0.0052 

 (-1.57) (1.71) (-2.46) (1.55) 

instit -0.0032*** 0.0204*** -0.0001 0.0287*** 

 (-2.78) (2.94) (-0.09) (4.44) 

opacityt 0.00000158*** -0.00000221 0.000000638** -0.00000245** 

 (2.69) (-0.64) (2.05) (-2.32) 

tradingvolt 0.00000005 -0.00002 0.00000312* 0.00000751 

 (0.02) (-1.12) (-1.69) (0.69) 

big4t 0.0007 -0.0004 -0.0002 0.0010 

 (1.58) (-0.15) (-0.68) (0.62) 

changeroat 0.0001 -0.0037** 0.0040** -0.0027 

 (0.18) (-2.06) (2.13) (-0.27) 

changeepst 0.0007 -0.0067 -0.0003 -0.0078 

 (0.89) (-0.87) (-0.58) (-1.23) 

bsizet 0.00003 0.0001 0.0001 -0.0022 

 (0.10) (0.05) (0.40) (-1.23) 

portsizet -0.0005 0.0085*** 0.0001 0.0006 

 (-1.11) (2.88) (0.19） (0.17) 

constant 0.0422*** -0.1501*** 0.0386*** -0.0738** 

 (12.70) (-3.10) (9.68) (-2.38) 

No. of obs. 5,349 5,349 5,348 5,348 

Adj. R2 0.1872 0.1821 0.1090 0.4382 
Note: Table 6 shows the results of the two-stage least-squares regression for the conjecture regarding the moderating effect of institutional stock 

ownership (insti) on the association between financial statement errors (FSD_score) and the market reactions to analyst forecasts (car). Columns 
(1) and (2) (Columns (3) and (4)) show the results of the two-stage least-squares regression run based on the subsample composed of firms with 

low (high) institutional stock ownership (insti). The sample period for the independent variables in the regressions ranges from 2001 to 2015. Year 

and industry dummies are included in the regressions but not reported for the sake of brevity. The industry dummies are constructed based on the 
first two digits of SIC codes. The p-values in parentheses are based on the standard errors clustered by firm. All the variables are defined in 

Appendix 1. ***, **, * represent the 1%, 5%, and 10% statistical significance level (two-tailed), respectively.  
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Table 7: Two-stage least-squares regression analysis of the association between financial 

statement errors and analyst forecast errors 

 

Variables 
(1) First-stage  

dependent variable = FSD_scoret 

(2) Second-stage 

dependent variable = errort+1 
PFSD_score3t  19.6587*** 

  (4.09) 

margtax_statet -0.0210***  

 (-12.68)  

sizet -0.0010*** -0.0337*** 

 (-10.67) (-3.90) 

pricet 0.00000052 -0.0005** 

 (0.23) (-2.41) 

qtrrett 0.00004 -0.0206 

 (0.22) (-1.45) 

tradingvolt 0.00000027 0.0001 

 (0.60) (1.54) 

intangiblet -0.0031*** -0.0506 

 (-2.90) (-0.82) 

btmt -0.0019*** 0.1621*** 

 (-7.18) (7.13) 

instit -0.0024*** -0.0120 

 (-4.50) (-0.33) 

horizont 0.0001 0.0904*** 

 (0.31) (4.85) 

changeroat 0.0014 0.0761 

 (1.26) (1.19) 

changeepst -0.0011 -0.1390** 

 (-1.57) (-2.59) 

big4t 0.0004* 0.0096 

 (1.75) (0.63) 

constant 0.0370*** -0.4059* 

 (22.69) (-1.82) 

No. of obs. 13,386 13,386 

Adj. R2 0.1451 0.0890 

Notes: Table 7 reports the results of the two-stage least-squares regression for the prediction regarding the association 

between financial statement errors (FSD_score) and analyst forecast errors (error). The first-stage regression is run 

on the determinants of financial statement errors (FSD_score). The instrumental variable is state-attributed variance 

in the marginal tax rate (margtax_state). Among all the continuous independent variables in the second-stage 

regression, PFSD_score3 and size have the first and second highest VIF values, which are 6.47 and 5.15, respectively, 

while all the other VIF values are below 3. The sample periods for the independent variables in both the first- and 

second-stage regressions range from 2001 to 2015. Year and industry dummies are included in the regressions but not 

reported for brevity. The industry dummies are constructed based on the first two digits of SIC codes. The p-values in 

parentheses are based on the standard errors clustered by firm. All the variables are defined in Appendix 1. ***, **, * 

represent the 1%, 5%, and 10% statistical significance level (two-tailed), respectively. 
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Table 8: Two-stage least-squares regression analysis of the moderating effect of analyst 

sophistication on the association between financial statement errors and analyst forecast 

errors 

 

Panel A: Use the size of analysts’ brokerage house (bsize) as a measure of analyst sophistication 

 Low analyst sophistication (bsize) High analyst sophistication (bsize) 

Variables 

(1) First-stage 

dependent variable 

= FSD_scoret 

(2) Second-stage 

dependent variable 

= errort+1 

(3) First-stage 

dependent variable 

= FSD_scoret 

(4) Second-stage 

dependent variable 

= error+1 

PFSD_score3t  23.5945***  15.3621*** 

  (2.99)  (2.92) 

margtax_statet -0.0175***  -0.0264***  

 (-8.66)  (-10.10)  

sizet -0.0009*** -0.0363*** -0.0008*** -0.0393*** 

 (-5.91) (-2.83) (-6.00) (-3.47) 

pricet -0.00000061 -0.0009* 0.00000086 -0.0004** 

 (-0.09) (-1.95) (0.36) (-2.24) 

qtrrett -0.0000078 -0.0200 0.00003 -0.0274 

 (-0.03) (-1.01) (0.08) (-1.35) 

tradingvolt 0.00000103** 0.0001* -0.0000036** 0.0002** 

 (2.10) (1.92) (-2.46) (2.20) 

intangiblet -0.0043*** -0.1019 -0.0025* -0.0015 

 (-2.63) (-0.95) (-1.82) (-0.02) 

btmt -0.0018*** 0.1661*** -0.0020*** 0.1436*** 

 (-4.24) (4.92) (-5.99) (4.67) 

instit -0.0027*** 0.0309 -0.0026*** -0.0275 

 (-3.64) (0.58) (-3.78) (-0.54) 

horizont -0.0002 0.0913*** 0.0003 0.0908*** 

 (-0.64) (3.16) (0.93) (4.02) 

changeroat 0.0007 -0.0220 0.0023 0.1963* 

 (0.51) (-0.28) (1.22) (1.84) 

changeepst -0.0002 -0.0343 -0.0022** -0.2463*** 

 (-0.21) (-0.43) (-1.98) (-3.25) 

big4t 0.0005* 0.0085 0.0001 0.0089 

 (1.67) (0.39) (0.34) (0.43) 

constant 0.0356*** -0.3692 0.0374*** -0.3217 

 (14.56) (-1.01) (18.47) (-1.29) 

No. of obs. 6,546 6,546 6,840 6,840 

Adj. R2 0.1521 0.0786 0.1459 0.0490 

Note: Panel A of Table 8 shows the results of the two-stage least-squares regression for prediction regarding the 

moderating effect of analyst sophistication (bsize) on the association between financial statement errors (FSD_score) 

and analyst forecast errors (error). Columns (1) and (2) (Columns (3) and (4)) show the results of the two-stage least-

squares regression run based on the subsample composed of firms with low (high) analyst sophistication (bsize). Chi2 

for the difference in the coefficients on PFSD_score3 is 0.92 with p-value of 0.3384. The sample period for the 

independent variables in the regressions ranges from 2001 to 2015. Year and industry dummies are included in the 

regressions but not reported for the sake of brevity. The industry dummies are constructed based on the first two digits 

of SIC codes. The p-values in parentheses are based on the standard errors clustered by firm. All the variables are 

defined in Appendix 1. ***, **, * represent the 1%, 5%, and 10% statistical significance level (two-tailed), 

respectively.  
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Panel B: Use the size of analysts’ research portfolio (portsize) as a measure of analyst 

sophistication 

 Low analyst sophistication (portsize) High analyst sophistication (portsize) 

Variables 

(1) First-stage 

dependent variable 

= FSD_scoret 

(2) Second-stage 

dependent variable 

= errort+1 

(3) First-stage 

dependent variable 

= FSD_scoret 

(4) Second-stage 

dependent variable 

= error+1 

PFSD_score3t  18.2217**  18.2028*** 

  (2.56)  (3.06) 

margtax_statet -0.0177***  -0.0249***  

 (-9.25)  (-10.05)  

sizet -0.0011*** -0.0300*** -0.0008*** -0.0411*** 

 (-9.12) (-2.51) (-5.33) (-3.25) 

pricet 0.0000065 -0.0013*** -0.000001 -0.0002 

 (1.16) (-3.17) (-0.48) (-1.35) 

qtrrett -0.0001 -0.0237 -0.00001 -0.0112 

 (-0.28) (-1.34) (-0.03) (-0.50) 

tradingvolt -0.00000025 0.0001** 0.00000003 0.0001 

 (0.56) (2.30) (0.02) (1.41) 

intangiblet -0.0041*** -0.0533 -0.0026 -0.0339 

 (-3.29) (-0.70) (-1.44) (-0.35) 

btmt -0.0019*** 0.1755*** -0.0018*** 0.1466*** 

 (-5.14) (5.61) (-5.21) (4.60) 

instit -0.0020*** 0.0298 -0.0025*** -0.0740 

 (-3.11) (0.66) (-3.18) (-1.41) 

horizont -0.00001 0.1147*** 0.0001 0.0636** 

 (-0.04) (5.10) (0.27) (2.16) 

changeroat 0.00001 -0.0182 0.0028* 0.1683* 

 (0.01) (-0.22) (1.69) (1.67) 

changepst -0.00005 0.0068 -0.0018* -0.2897*** 

 (-0.05) (0.10) (-1.71) (-3.46) 

big4t 0.0002 -0.0073 0.0005 0.0313 

 (0.74) (-0.36) (1.49) (1.49) 

constant 0.0367*** -0.6772** 0.0365*** 0.0170 

 (17.57) (-2.23) (13.03) (0.05) 

No. of obs. 6,546 6,546 6,840 6,840 

Adj. R2 0.1310 0.0267 0.1653 0.0198 

Note: Panel B of Table 8 shows the results of the two-stage least-squares regression for the prediction regarding the 

moderating effect of analyst sophistication (portsize) on the association between financial statement errors 

(FSD_score) and analyst forecast errors (error). Columns (1) and (2) (Columns (3) and (4)) show the results of the 

two-stage least-squares regression run based on the subsample composed of firms with low (high) analyst 

sophistication (portsize). Chi2 for the difference in the coefficients on PFSD_score3 is 0.00 with a p-value of 0.9982. 

The sample period for the independent variables in the regressions ranges from 2001 to 2015. Year and industry 

dummies are included in the regressions but not reported for the sake of brevity. The industry dummies are constructed 

based on the first two digits of SIC codes. The p-values in parentheses are based on the standard errors clustered by 

firm. All the variables are defined in Appendix 1. ***, **, * represent the 1%, 5%, and 10% statistical significance 

level (two-tailed), respectively. 
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Table 9: The impact of Reg FD on analyst coverage and forecasts for firms subject to high 

errors in financial statements 

 

Variables 
(1) Dependent variable = 

lnanacovi,t+1 

(2) Dependent variable = 

cari,t+1 

(3) Dependent variable = 

errori,t+1 

conditioni*postt -0.1612** -0.0052 0.0305 

 (-2.02) -0.69 (0.37) 

conditioni 0.0565 0.0053 -0.0134 

 (0.74) (0.64) (-0.18) 

sizei,t 0.4504*** -0.0005 -0.0163 

 (22.18) (-0.15) (-0.87) 

stdearningsi t -0.0002** -0.00000032  

 (-2.04) (-0.04)  

retvoli,t -3.3318* 2.5905***  

 (-1.93) (7.78)  

pricei,t -0.0063*** 0.0001 -0.0044*** 

 (-4.75) (0.46) (-3.69) 

qtrreti,t -0.0834*** -0.0048 -0.0045 

 (-2.66) (-1.51) (-0.18) 

roai,t -0.2756*** 0.0244  

 (-3.61) (1.40)  

intangiblei,t 0.3427** -0.0154 -0.1272 

 (2.42) (-1.41) (-1.20) 

btmi,t 0.2753*** 0.0026 0.0936*** 

 (7.16) (1.16) (2.73) 

instii,t 0.9089*** 0.0084 -0.1281** 

 (10.01) (1.61) (-1.99) 

opacityi,t -0.0001 -0.00002  

 (-0.48) (-1.61)  

tradingvoli,t 0.0011* -0.00000456 0.0002 

 (1.78) (-0.08) (1.22) 

big4i,t -0.0201 -0.0002 -0.0227 

 (-0.45) (-0.05) (-0.52) 

changeroai,t  -0.0030 0.0131 

  (-0.45) (0.16) 

changeepsi,t  0.0001 0.0312 

  (0.07) (0.62) 

bsizei,t  -0.0020  

  (-0.53)  

portsizei,t  0.0082  

  (1.53)  

horizoni,t   0.1383*** 

   (3.12) 

constant 0.0370*** -0.0432* -0.0660 

 (22.69) (-1.67) (-0.14) 

No. of obs. 2,514 1,413 1,757 

Adj. R2 0.6076 0.4123 0.1250 
Note: Table 9 reports the difference-in-differences OLS regressions results. The group indicator variable, condition, equals 1 (0) if 

a firm has its FSD score ranked the top (bottom) quartile in the full sample that spans the years 1998-2000 and 2002-2004. post is 

the time indicator variable that equals 1 (0) if a firm is in the period of 2002-2004 (1998-2000). The interaction terms, 

condition*post, in Columns (1), (2), and (3) capture the impact of financial statement errors on analyst coverage, the stock market 

reaction to analyst forecasts, and analyst forecast errors, respectively, for firms subject to high errors in financial statements. 

Industry dummies (constructed based on the first two digits of SIC codes) and year dummies are included in the regressions, but 

their results are not reported for the sake of brevity. post is omitted from the regression estimations due to its multicollinearity with 

the included year dummies. The p-values in parentheses are based on the standard errors clustered by firm. All the variables are 

defined in Appendix 1. ***, **, * represent the 1%, 5%, and 10% statistical significance level (two-tailed), respectively. 


