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Abstract 

We examine whether a firm’s voluntary disclosures, proxied by management earnings 

forecasts, affect its innovation activity. A firm making more disclosures generates fewer 

patents and lower-quantity patents. Enactment of SOX is applied as a natural experiment 

for an exogenous shock to voluntary disclosure. Corporate innovation is reduced for 

accelerated filers, especially after SOX becomes effective. Nondedicated institutional 

ownership, R&D spillover, and rival firms’ innovation are higher for accelerated filers 

after SOX. There is more of a negative effect of voluntary disclosure on innovation 

activity when product markets are highly competitive, industry information diffusion is 

speedy, and disclosures are more informative. 
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Voluntary Disclosure and Corporate Innovation 

 

1. INTRODUCTION 

Classical economic theory suggests that firms engage in innovation to pursue growth 

opportunities. Schumpeter (1934) argues that entrepreneurial innovation is the central 

autonomous cause of economic development. Authors since then provide evidence in 

support of this viewpoint at a microeconomic level. Innovation is claimed to increase 

productivity (Geroski, 1989; Griffith, Redding, and Van Reenen, 2004). More innovative 

firms also perform better in both stock and operating performance (Eberhart, Maxwell, 

and Siddique, 2004; Hsu, 2009; Hirshleifer, Hsu, and Li, 2013).  

 Information disclosure and sharing nowadays become a precious resource of 

information in technology firms. Yet the impact of information disclosure on corporate 

innovation remains inconclusive. On the one hand, R&D appropriability in an 

environment with weak intelligent property protection requires innovators to keep the 

knowledge underlying an innovation secret, and disclosure requirements could lead to a 

concern related to threats of imitation and unintended technology spillovers (Arrow, 1962; 

Harhoff, Henkel, and Von Hippel, 2003; Gans, Murray, and Stern, 2017). On the other 

hand, lower external financing costs, which are driven by a richer information 

environment, result in more innovation inputs and outputs (Brown and Martinsson, 2019). 

Transparency could also promote a firm’s innovative efforts due to better incentive 

creation to managers (Zhong, 2018). In this paper we study the effect of information 

disclosure on corporate innovation activity by examining an important disclosure of 

information− firms’ voluntary disclosure.    

Voluntary disclosure may impede firm innovation for three reasons. First, 

disclosures can be harmful, as they could provide industry rivals valuable information on 

innovation (Hermalin and Weisbach, 2012; Faulkender and Yang, 2013; Leuz and 

Wysocki, 2016). Second, disclosure attracts nondedicated institutional investors who 

value disclosures as they weaken the price impact of trades, facilitating the realization of 

short-term trading gains (Bushee and Noe, 2000). A short-term earnings need induces 

managers to adopt a short-term perspective in choosing the firm’s investments (Houston, 

Lev, and Tucker, 2010; Gigler, Kanodia, Sapra, and Venugopalan, 2014; Kim, Su, and 

Zhu, 2017). Finally, research and development (R&D) outgoing spillovers caused by 
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information disclosure may lead to an underinvestment in R&D because of the imperfect 

appropriability of the benefits of such investments (Arrow, 1962; Jones and Williams, 

1998; Chen, Chen, Liang, and Wang, 2013).  

The contrary view is that voluntary disclosures may enhance firm 

innovation. Disclosure conveys some private information to investors generally, and 

reduction in information asymmetry eases innovation because of greater liquidity and a 

reduced cost of raising capital (Brown, Fazzari, and Petersen, 2009; Edmans, Gabarix, 

and Landier, 2009) and reduction of managerial career concerns (Zhong, 2018). Hermalin 

and Weisbach (2012) contend that increased firm information makes it easier for 

shareholders and boards to monitor managers, which in turn leads to greater innovation 

(Mitchell, Lewin, and Lawler, 1990; O’Connor and Rafferty, 2012). 

We examine whether voluntary disclosures of firms lead to higher or lower 

corporate innovation for U.S. listed firms. To measure innovation, we compute the 

number of patents (patent counts) and the forward citations of patents (patent citations) 

received by a firm (e.g., Hall, Jaffe, and Trajtenberg, 2001, 2005; Lerner, Sorensen, and 

Strömberg, 2011; Aghion, Van Reenen, and Zingales, 2013; He and Tian, 2013; Fang, 

Tian, and Tice, 2014). Patent counts and patent citations represent innovation quantity 

and quality, respectively. We use the number of management forecasts released to proxy 

for the extent to which a firm voluntarily discloses business information (e.g., Chuk, 

Matsumoto, and Miller, 2013; Bourveau and Schoenfeld, 2017).  

We find that firms releasing more management forecasts on profitability generate 

fewer patents and receive fewer patent citations in the next three years. To address 

endogeneity concerns, we use a quasi-natural experiment, enactment of the 

Sarbanes-Oxley Act (SOX) of 2002, which generated a plausibly exogenous shock to 

voluntary disclosures during our sample period (Ball, Jayaraman, and Shivakumar, 2012). 

The passage of SOX (specifically Section 404) was intended to enhance the credibility of 

financial reporting (PCAOB, 2007a). Independent verification of financial outcomes 

allows managers to disclose credible private information, so disclosure in this way 

alleviates concerns about uninformative information disclosure (Crawford and Sobel, 

1982). Under Section 404 of SOX, managers of accelerated filers must provide an annual 

report on their internal controls, assessing the effectiveness of internal control structures 
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and procedures (Doyle, Ge, and McVay, 2007). Thus, disclosures of accelerated filers 

become more credible and less vulnerable to self-selection after SOX, providing a 

generalized difference-in-differences framework. Consistent with these, we find that 

accelerated filers increase the number of management forecasts and generate fewer 

patents and receive fewer patent citations than nonaccelerated filers, particularly after the 

passage of SOX. Thus, disclosure indeed impedes innovation activity. We also use 

two-stage regression and propensity score matching to address the potential endogeneity 

issue, and our main argument remains valid.  

We examine several possible channels for reasons that firms with more disclosures 

engage in less innovation activity. First, we measure transient institutional ownership 

following Bushee (1998), and find greater transient institutional ownership of firms with 

more disclosures, especially after passage of SOX. Transient institutions tend to value 

high-disclosure firms and invest more in firms with better disclosure quality (Bushee and 

Noe, 2000). Because transient institutional investors impose market pressure on managers 

in an attempt to gain profits more quickly, managers could be myopic and reduce 

innovation. Second, we measure the R&D outgoing spillover effect following Chen, 

Chen, Liang, and Wang (2013). Outgoing spillover is found to be higher for firms 

disclosing more than other firms, especially after passage of SOX, meaning that a firm’s 

disclosures convey valuable information not only to investors but also to its rivals. This 

outgoing spillover effect, which results in a free-rider problem, reduces innovation 

investments (Arrow, 1962; Jones and Williams, 1998; Chen, Chen, Liang, and Wang, 

2013). Accordingly, we further examine rivals’ innovation activity, and find that 

competitors of a firm that discloses more could generate more and better patents.     

The competing argument is that voluntary disclosure may enhance firm 

innovation. To see whether the increase in voluntary disclosure arising from SOX Section 

404 reduces information asymmetry between firms and investors, we measure 

information asymmetry in terms of stock idiosyncratic volatility and analyst forecast 

errors (Krishnaswami and Subramaniam, 1999; Moeller, Schlingemann, and Stulz, 2007). 

Our results show that firms that increase disclosure frequency due to the enactment of 

SOX Section 404 reduce information asymmetry. If we incorporate all hypothesized 

channel variables into the regressions, however, nondedicated institutional ownership and 
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R&D outgoing spillovers are still significantly negatively related to innovation outputs, 

while the information asymmetry variables become not significant. Therefore, the net 

effect of voluntary disclosure on firm innovation is negative. 

Voluntary disclosure could have a stronger effect on innovation when the product 

market is more competitive, information diffusion in an industry is speedy, or disclosure 

is more informative. Voluntary disclosure conveys valuable information to rivals, and 

information transmission may be accelerated in industries with greater competition and 

with higher information diffusion (Hou, 2007) and in disclosures with more 

informativeness. Therefore, information flow from a firm to its rivals should be more 

significant in industries with strong competition and with great information diffusion and 

in disclosures with high informativeness, leading to fewer innovation activities. In three 

conditional tests, we find that voluntary disclosure is associated with fewer patents and 

fewer patent citations in the following three years, especially for firms in more 

competitive markets, for firms in industries with a higher level of information diffusion, 

and for firms with more informative disclosures. 

Our paper contributes to three strands of literature. First, our paper contributes to the 

literature on the examination of how information disclosure affects corporate innovation. 

As mentioned earlier, previous studies focus exclusively on information disclosure (e.g., 

Arrow, 1962; Harhoff, Henkel, and Von Hippel, 2003; He and Tian, 2013; Dai, Shen, and 

Zhang, 2017; Gans, Murray, and Stern, 2017; Zhong, 2018; Brown and Martinsson, 

2019). These papers suggest either positive or negative effects of information disclosure 

on corporate innovation through various ways to gauge the information sharing of firms. 

In this respect, our research complements existing studies by enriching our understanding 

of the role of firms’ voluntary information disclosure in innovation 

 Second, our research emphasizes the costs of voluntary disclosure. While a branch 

of studies identify the possible economic benefits of improved disclosure, there is little 

work on the costs of voluntary disclosure. Possible economic disadvantages include 

litigation risk and proprietary costs. There is, however, little empirical research on the 

proprietary costs of voluntary disclosure, except for the disclosure of uncertain tax 

positions (Robinson and Schmidt, 2013) and segment reporting (e.g., Harris, 1998; 

Berger and Hann, 2007; Bens, Berger, and Monahan, 2011). This is because measuring 
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and quantifying proprietary costs remains a major challenge (Beyer, Cohen, Lys, and 

Walther, 2010). Our paper contributes to this line of research by documenting that one 

proprietary cost associated with the voluntary disclosure of management earnings 

forecasts is the reduction of innovation. 

Finally, our paper adds to a large literature on the effects of the SOX, shedding light 

particularly on the darker side of the legislation. SOX has been proposed to benefit 

shareholder wealth and reduce corporate earnings manipulation (e.g., Chhaochharia and 

Grinstein, 2007; Cohen, Dey, and Lys, 2008), but it also imposes real costs on firms. Its 

passage has had a net negative effect on cross-listed foreign firms (Litvak, 2007). It has 

increased the frequency of going-private transactions (Engel, Hayes, and Wang, 2007), 

has reduced the market value of small firms (Iliev, 2010), and has dampened firm 

innovation (Cao, Ghosh, Goh, and Tschang, 2016). 1  Our generalized 

difference-in-differences analysis shows that accelerated filers under SOX Section 404 

generate less innovation than nonaccelerated filers, indicating SOX Section 404 

discourages innovation. We also provide evidence consistent with the hypothesis that it 

happens through greater disclosure.   

The paper is organized as follows. In Section 2, we describe our data, variables, and 

summary statistics. Section 3 presents the empirical results and endogeneity tests. Section 

4 provides possible mechanisms through which disclosure may affect corporate 

innovation. Section 5 offers some further tests. Section 6 looks at a variety of robustness 

tests, and Section 7 concludes. 

 

2. DATA, VARIABLE MEASUREMENT, AND DESCRIPTIVE STATISTICS 

2.1. Data 

Patent and citation information is obtained from the 2013 edition of worldwide 

Patent Statistical Databases (PATSTAT) with supplemental data from the most recent 

version of the U.S. Patent and Trademark Office (USPTO) patent database made 

                                                      
1 Unlike Cao, Ghosh, Goh, and Tschang (2016) who investigate the impact of SOX on innovation, we 

investigate the impact of management voluntary disclosure on innovation by using SOX as a quasi-natural 

experiment to address the potential endogeneity of disclosure decision. We also go further than Cao, Ghosh, 

Goh, and Tschang (2016) by distinguishing accelerated filers from nonaccelerated filers of SOX Section 

404 and by proposing and testing the channels through which innovation is affected. 
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available by Kogan, Papanikolaou, Seru, and Stoffman (2017), where the USPTO patent 

database covers the data up to 2010.2 As we discuss later, our innovation measures end 

in 2008 to address this time truncation bias.3 We collect data on management earnings 

forecasts from the IBES Guidance database, and begin the sample in 1994 because that is 

the first comprehensive coverage year in the database. We exclude financial firms (SIC 

codes 6000–6999) and regulated utilities (SIC codes 4900–4999). As in Fang, Noe, and 

Tice (2009) and Fang, Tian, and Tice (2014), firms must have been traded on the NYSE, 

Amex, or Nasdaq. These filters result in a final set of 38,799 firm-year observations 

between 1994 and 2007. For control variables and variables used to explore possible 

channels, we collect financial data from Compustat, stock price and trading volume data 

from CRSP, analyst coverage data from IBES, and institutional holdings data from 

Thomson Reuters Institutional (13f) Holdings.4  

 

2.2. Variable measurement 

2.2.1. Measuring innovation 

We use a firm’s patenting activity to measure innovation.5 We construct two 

measures of a firm’s innovation output. The first is the number of patent applications a 

firm files in a year that are eventually granted. To better capture the actual time of 

innovation, we use a patent’s application year rather than its grant year as the count year 

(Griliches, Pakes, and Hall, 1986; Kortum and Lerner, 1999; Hall, Jaffe, and Trajtenberg, 

2001; Cook, Romi, Sánchez, and Sánchez, 2019; Huang, Lao, and McPhee, 2019). This 

measure may imperfectly capture innovation quality and importance because patents vary 

considerably in terms of technological and economic significance. To further capture the 

success of innovation output, a second measure of corporate innovation productivity 

                                                      
2 The 2013 edition of PATSTAT covers patents granted before the end of 2013. 
3 Our results remained unchanged if our innovation measures end in 2011. 
4 For institutional investor classification, see Brian Bushee’s website (cct3.wharton.upenn.edu/faculty 

/bushee). 
5 While R&D expenditures represent one particular observable input and do not capture the quality of 

innovation, patent activity has been considered a better proxy, as it not only measures innovation output but 

also captures the effectiveness of innovation inputs (both observable and unobservable) (Lerner, Sorensen, 

and Strömberg, 2011; Fang, Tian, and Tice, 2014). The results (available upon request) are qualitatively 

similar if corporate innovation is measured by R&D expenditures divided by total assets or sales. 
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counts the number of nonself-citations each patent receives in subsequent years.6 To 

reflect the long-term nature of investment in innovation, both measures of innovation 

productivity are measured one, two, and three years in the future. 

There are two truncation problems in the measurement of patent activity (Hall, Jaffe, 

and Trajtenberg, 2001; Fleming and Sorenson, 2001). The first truncation problem arises 

because patents appear in the database only after they are granted. The literature finds, on 

average, a two-year lag between patent application and patent grant (with standard 

deviation of the lag at one), and about 95% of patents were granted five years after the 

application date (Ginarte and Park, 1997; Hall, Jaffe, and Trajtenberg, 2001). To address 

this time truncation bias, we end our innovation measures in 2008, which allows for 

application-grant lags of five years, and incorporate year fixed effects in regression 

analyses (see, e.g., Hirshleifer, Low, and Teoh, 2012). Then, we adjust each patent by the 

application-grant lag distribution (see Hall, Jaffe, and Trajtenberg, 2001, 2005). The 

second truncation bias occurs because of the finite length of the sample. As a patent 

receives citations from other patents over a long period of time, patents issued in the later 

years of the sample have less time to accumulate citations. We correct for this bias by 

multiplying each patent’s raw citation counts using the weighting index of Hall, Jaffe, 

and Trajtenberg (2001, 2005). The weighting index represents the observed citation 

counts by the fraction of predicted lifetime citations actually observed during the lag 

interval.7 

As already found in the literature, the distribution of patent grants is highly 

right-skewed, with roughly 75% of observations at zero. To account for the right-skewed 

distributions of patent counts and citations per patent, we use the natural logarithm of one 

plus the weight-adjusted patent counts (PAT) and the natural logarithm of one plus the 

citation lag-adjusted citations per patent (CIT) as our primary innovation measures.  

2.2.2. Measuring voluntary disclosure 

We focus on management earnings forecasts for measurability, accessibility, and 

                                                      
6 The results are similar if our citation measure includes self-citations. 
7 We also correct for truncation bias in patent citations by scaling the raw citation counts by the average 

citation counts of all patents applied for in the same technology class and in the same year. The results 

remain unchanged. 
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comprehensiveness. Management earnings forecasts are a common disclosure proxy in 

recent capital market research. Management earnings forecasts are typically issued by 

managers through press releases, conference calls, and meetings with analysts (Li, 2010), 

and are easily transmitted to end-users of information. Detailed information about 

forward-looking earnings can also reveal proprietary information to competitors (see, e.g., 

Hermalin and Weisbach, 2012; Faulkender and Yang, 2013; Leuz and Wysocki, 2016). 

Taken all together, management earnings forecasts provide a suitable measure for our 

investigation of the general relation between corporate innovation and voluntary 

disclosure. In our empirical tests, we include the number of both annual and quarterly 

earnings forecasts per year and use the log of one plus the number of forecasts issued 

(LnMF) as the major disclosure variable.  

2.2.3. Descriptive statistics 

To minimize the effect of outliers, we winsorize all variables at 1% and 99% of each 

variable’s distribution. Table 1 provides summary statistics of the main variables.8 On 

average, a firm in our final sample has 6.5 granted patents per year, and each patent 

receives 3.5 nonself citations. The frequency of management earnings forecasts has a 

mean value of 3.4. An average firm has total assets of $2.0 billion; research and 

development divided by total assets of 5.5%; return on assets of 7.2%; an age of 18.2 

years; property, plant, and equipment scaled by total assets of 26.4%; total debt-to-total 

assets of 21.4%; capital expenditure divided by total assets of 6.0%; Tobin’s Q of 2.1; KZ 

(Kaplan and Zingales 1997) index of 6.1; sales growth rate of 18.6%; stock return of 

13.9%; standard deviation of stock returns of 0.60; institutional ownership of 45.0%; 

illiquidity measure of 0.13; and analyst coverage of 5.2. The HHI (Herfindahl-Hirschman 

index) averages 21.8%. These summary statistics are similar to those reported in earlier 

studies. 

[Insert Table 1 here] 

 

3. EMPIRICAL RESULTS 

3.1. OLS specification 

                                                      
8 The Pearson correlation matrix is reported in Table 1 of the Internet Appendix. 
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To assess how voluntary disclosure affects innovation, we estimate the baseline 

model using ordinary least squares (OLS): 

           PATi,t+n (CITi,t+n) =  +  LnMFi,t + 'Xi,t + i + t + i,t.          (1) 

PATi,t+n (CITi,t+n) is the natural logarithm of one plus the number of patents filed 

(number of nonself citations per patent) of firm i in year t + n, where n equals one, two, 

or three. Since the innovation process generally takes somewhat longer than one year, we 

thus examine the effect of a firm’s voluntary disclosure on its patenting for the 

subsequent one-, two-, and three-year periods. The key variable is LnMF, measured as 

the log of one plus the number of earnings forecasts issued. X represents a set of control 

variables, which includes firm size, innovation input (i.e., R&D expenses, set to 0 if 

missing), operating profitability, firm age, capital intensity, firm leverage, capital 

expenditures, growth opportunities (i.e., Tobin’s Q and sales growth), financial 

constraints, stock performance, stock return volatility, product market competition, 

corporate governance (i.e., institutional ownership), stock liquidity, and analyst coverage. 

These control variables are commonly used in the literature (see, e.g., He and Tian, 2013; 

Fang, Tian, and Tice, 2014; Chang, Fu, Low, and Zhang, 2015).  and  capture firm and 

year fixed effects.  is an error term. We cluster standard errors by firm to account for the 

possibility that innovation may be autocorrelated over time. 

Table 2 reports the baseline results on how voluntary disclosure affects a firm’s 

innovation-related productivity. As both innovation and voluntary disclosure measures 

are in logarithmic forms, the regression coefficient estimate gives us the elasticity of 

innovation to voluntary disclosure. Model (1) of Table 2 shows that firms’ voluntary 

disclosure tends to produce fewer patents in one year. The estimated elasticity of patents 

to management earnings forecasts is 0.022, implying that a 1% increase in management 

earnings forecasts on average leads to a 0.022% decline in the number of patents in one 

year. Economically, increasing the frequency of management forecasts from its median 

(0) to the 90th percentile (12) reduces the number of patents filed in one year by almost 

30.48% from its mean.9 By contrast, an increase in the number of analyst coverage from 

                                                      
9 When the change in MF (dx) from its median value to the 90th percentile is 12, the change in patent 

counts (dy) from its mean value (6.470) is equal to [dLn(1 + y)/dLn(1 + x)] × [(1 + y)/(1 + x)] × dx = 
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its median (2.833) to the 90th percentile (13.916) increases the number of patents filed in 

one year by only 4.67% from its mean, indicating that analyst coverage has much less 

economic impact on innovation. The evidence suggests that management voluntary 

disclosure has a stronger predictive power for innovation decision than does analyst 

coverage. 

In Models (3) and (5), we replace the dependent variable with the natural logarithm 

of one plus the weight-adjusted patent counts (PAT) in two and three years, respectively. 

The coefficient estimates on LnMF continue to be negative and significant at the 1% 

level. Models (2), (4), and (6) of Table 2 report the regression results estimating Equation 

(1) but replacing the dependent variable by the natural logarithm of one plus the citation 

lag-adjusted citations per patent (CIT). The coefficient estimates on LnMF remain 

economically and statistically significant. For example, Model (6) suggests that 

increasing the frequency of management forecasts from its median to the 90th percentile 

is associated with a 52.49% reduction in the number of citations received by each patent 

over three years, relative to the mean. Overall, our baseline results suggest that managers 

issuing more earnings forecasts generate fewer patents and patents that have less impact. 

[Insert Table 2 here] 

The coefficients of the control variables are generally consistent with findings in the 

literature. For example, we find that a greater innovation input, measured by a higher 

R&D-to-assets ratio, is associated with more innovation productivity in future years. 

Firms that are larger and order, and those with greater tangible assets and more analyst 

coverage, generate more patents and citations.10 

3.2. Identification 

Although we find a strongly negative association between voluntary disclosure and 

innovation productivity, the results are potentially subject to concerns about omitted 

variables and reverse causality. The first issue is that omitted variables correlated with 

                                                                                                                                                              
0.022 × [(1 + 6.470)/(1 + 0)] × 12 = 1.972, which amounts to 30.48% of the mean value of patent counts. 
10 While the positive coefficients on LnCOV are at odds with He and Tian (2013), who find that analyst 

coverage reduces innovation, our findings are more consistent with recent studies. The positive relation 

between analyst coverage and innovation may be due to the use of the updated patents data that are largely 

free of truncation-bias over the period covered by the NBER-2006 data (Mathers, Wang, and Wang, 2017) 

and that analyst coverage leads to improved firms’ innovation effort as firms can receive more future 

capital for successful projects from better informed financiers (Goldman and Peress, 2016). 
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both voluntary disclosure and corporate innovation could bias our results.11 The other 

concern is reverse causality, running from innovation to voluntary disclosure. In both 

cases, the coefficient estimates from the OLS models would be biased and inconsistent. 

To address endogeneity concerns, we adopt three different identification strategies. The 

first subsection of this section discusses the first strategy, which uses a generalized 

difference-in-differences (DiD) method by relying on the Sarbanes-Oxley Act (SOX) of 

2002. The second subsection of this section discusses the second strategy, which uses a 

two-stage least squares (2SLS) approach based on a plausibly exogenous instrumental 

variable (IV): ownership dispersion. The third subsection of this section discusses the last 

strategy, which employs a propensity score matching (PSM) approach by controlling for 

selection according to observable firm characteristics. 

3.2.1. Quasi-natural experiments: DID estimation 

Our first identification strategy takes advantage of a quasi-natural experiment that 

generates a plausibly exogenous shock to voluntary disclosure during our sample period. 

We examine the effect of SOX, an exogenous shock to voluntary disclosure, on the 

relation between voluntary disclosure and corporate innovation. SOX Section 404 

addresses the reform of internal control, which is a process within a firm designed to 

provide reasonable assurance that financial statements are prepared in accordance with 

generally accepted accounting principles (GAAP) (PCAOB, 2007a).12 The passage of 

SOX was intended to raise the credibility of financial reporting. Ball, Jayaraman, and 

Shivakumar (2012) propose the confirmation hypothesis that audited financial reporting 

and the disclosure of managers’ private information are complements. Independent 

verification of financial outcomes allows the disclosure of private information that is 

costly for investors or auditors to verify directly. This alleviates the problem that private 

information disclosure is uninformative as a stand-alone mechanism because in 

equilibrium it is not trustworthy (Crawford and Sobel, 1982). Managers are encouraged 

                                                      
11 For example, the negative relation between voluntary disclosure and innovation in a firm may be due to 

higher ex-ante proprietary costs that lead to both fewer voluntary disclosures (e.g., Verrecchia, 1983; Hayes 

and Lundholm, 1996) and greater ex-post innovation activity.  
12 SOX requires firms with a public float above $75 million in 2002 to comply with Section 404 in 2004, 

while firms with a public float below $75 million in 2002, 2003, and 2004 could delay compliance until the 

end of 2007. Public float is the fraction of the common stock not held by insiders—such as managers, 

employees, and board members—and is reported on the first page of the company’s 10-K. 
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to be more truthful when they are aware their disclosures of private information 

subsequently will be confirmed to be more accurate and freer of manipulation. Taken 

together, SOX enhances the credibility of financial reporting and thus incentivizes 

managers to issue more earnings forecasts.  

SOX appears to be a good candidate for exogenous variation in voluntary disclosure 

because it represents the most dramatic change to securities laws regulating corporate 

disclosure and governance since the adoption of the initial federal securities laws in 1933 

and 1934. It should capture the variation in voluntary disclosure that is exogenous to 

firms’ innovation productivity. Hence, the change in innovation productivity following 

the change in voluntary disclosure due to SOX provides a quasi-natural experiment for 

our tests. 

To test for the effect of the regime shift on corporate innovation, our sample stops in 

2006 because of changes in auditing standards arising from the implementation of  

audits of internal control over financial reporting (ICFR) in 2007.13 To consider the 

trade-off between relevance and accuracy, we retain firm-year observations for a 

five-year window (from 2002 through 2006) centered on the effective year 2004 of SOX 

Section 404. 

We test the effect of the regime shift on corporate innovation using the generalized 

difference-in-differences regression method following Bertrand and Mullainathan (1999a, 

1999b, 2003). The general form of the difference-in-differences regression is 

    PATi,t+n (CITi,t+n) =  + Postt × Fileri + 'Xi,t + i + t + i,t.            (2) 

 

PATi,t+n (CITi,t+n) is the natural logarithm of one plus the number of patents filed 

(number of nonself citations per patent) of firm i in year t + n, where n equals one, two, 

or three. Filer is a dummy variable that equals one if a firm is classified 

as an accelerated filer from the Audit Analytics database.14 Post is a dummy variable 

                                                      
13 The PCAOB replaced Auditing Standard No. 2 (AS2) with AS5 with the goal of increasing ICFR audit 

efficiency and effectiveness (PCAOB, 2007b). Regulators and researchers subsequently noted that fewer 

accelerated filers disclosed ineffective internal controls, leading them to question whether ICFR audits 

under AS5 have become less effective (e.g., SEC, 2009; PCAOB, 2013). 
14 Unlike previous authors, we do not use $75 million public float as the cut-off between accelerated and 

nonaccelerated filers because our purpose is to examine whether preparing Section 404 reports spurs 
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indicating that the observation is of a firm with a fiscal year ending on or after November 

15, 2004. X is a set of control variables as defined in Equation (1),  and  capture firm 

and year fixed effects, and  is an error term. The incorporation of firm and year fixed 

effects in the model controls for any fixed differences between accelerated filers and 

non-accelerated filers (firm fixed effects absorb the Filer main effect) and for any time 

trends (year fixed effects absorb the Post main effect). Thus, the key strength of this 

model specification is its ability to control for any common time trends and any 

contemporaneous regulatory changes that affect all firms; i.e., common shocks either 

prior to or after the rule change are differenced out (Hansen, 2007; Angrist and Pischke, 

2009). We also cluster standard errors by firm to account for the fact that innovation may 

be autocorrelated over time. 

Panel A of Table 3 reports the results of the DiD regression analysis. These 

regressions include 2,762 accelerated filers and 2,056 nonaccelerated filers. The 

dependent variable is one-year-ahead PAT in Model (1). The coefficient estimate on Post 

× Filer, the variable of interest in the DiD method, is negative and statistically significant 

at the 1% level, suggesting that accelerated files experience an average 3.9% greater 

decline than nonaccelerated filers in one-year-ahead number of patents filed after the 

enactment of SOX Section 404. In Model (2), we replace the dependent variable with 

one-year-ahead CIT. The coefficient estimate on Post × Filer is negative and significant 

at the 1% level. The coefficient suggests that accelerated filers generate patents with 

9.4% lower impact in the first year after the SOX Section 404 effective date. The 

coefficient estimates on Post × Filer continue to be negative and significant at the 1% 

level if we replace the dependent variable with PAT and CIT in two and three successive 

years. 

[Insert Table 3 here] 

So far, we have argued that the effect of SOX on innovation that we observe is 

through its impact on disclosure. To verify this is indeed the case, we first examine the 

impact of SOX Section 404 on voluntary disclosure separately for accelerated filers 

                                                                                                                                                              
management earnings forecasts. Even some small firms with less than $75 million public float voluntarily 

disclose 404 auditor reports, and they still engage in the same internal control evaluation process as large 

firms. Thus, we also consider them as accelerated filers. 
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(treatment firms) and nonaccelerated filers (control firms). Panel B reports average levels 

of the number of management earnings forecasts in fiscal years before the enactment of 

SOX Section 404 in 2004 (“Pre”) and in following years (“Post”). We also report 

within-firm changes (labeled “Post  Pre”) and between-firm differences (labeled 

“Treatment  Control”). The change in the between-firm differences is the generalized 

difference-in-differences. In Panel B, we see a modest increase in the number of 

management forecasts for nonaccelerated filers, from 2.00 in the pre-SOX period to 2.44 

in the post-SOX period. But the increase for accelerated filers is much more dramatic; the 

number of forecasts almost doubles from 6.64 pre-SOX to 11.65 post-SOX. In other 

words, the number of management earnings forecasts following compliance with SOX 

404 increases for both types of filers, but the increase is significantly greater for 

accelerated filers as we have hypothesized. 

Next, we estimate the regression model:   

        ∆PATi,t+n (∆CITi,t+n) =  + 1Fileri×∆LnMFi + 2Fileri + '∆Xi + i.         (3) 

i indexes firm and t + n indexes year, where n equals one, two, or three. LnMF and 

Filer are defined as before. ∆ denotes the difference in the average values of the variable 

between 20022003 and 20052006. In this regression, the coefficient of Filer captures 

the impact of SOX on innovation for accelerated filers, while that of Filer×∆LnMF 

captures the additional impact for these accelerated filers when they indeed increase 

disclosures in the post-SOX period. If the impact of SOX on innovation occurs through 

its impact on disclosure, we would expect the accelerated filers that increase disclosure 

after SOX to have a greater reduction in innovation than those that don’t. In other words, 

if our hypothesis is correct, we expect a negative coefficient for Filer×∆LnMF. X is a set 

of control variables as defined in Equation (1) and  is an error term.  

 

We report the regression results in Panel C. The coefficient of Filer×∆LnMF is 

indeed negative and significant at the 5% level or better across models, suggesting a 

greater reduction in innovation for accelerated filers if they increase disclosures after 

implementation of SOX Section 404. In addition, the coefficients of Filer are not 

statistically significant at conventional levels, except for ∆PATt+3 or ∆CITt+3 as the 
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dependent variable, indicating that SOX generally has no impact on innovation for 

accelerated filers if it is not accompanied by increased disclosures in the post-SOX period. 

Taken together, the results indicate that implementation of Section 404 dampens 

innovation, primarily because of enhanced voluntary disclosure. 

3.2.2. Instrumental variable approach 

Our second identification strategy is to employ an instrument for voluntary 

disclosure and use the 2SLS approach to adjust for a potential bias due to endogeneity. 

The instrument we use is ownership dispersion, which is correlated with voluntary 

disclosure but unrelated to corporate innovation.  

Firms have incentives to respond to investors’ demands for firm-specific 

information, because less informed investors prefer broader dissemination of information 

to minimize trading against more informed investors (Wang, 1993). Reducing 

information asymmetries among investors can lower a firm’s cost of capital (Healy and 

Palepu, 2001; Verrecchia, 2001). External demands for firm-specific financial 

information are expected to vary with the level of ownership dispersion. As firms with a 

more highly dispersed investor base tend to have a higher potential for information 

asymmetry among investors, they are thought likely to suffer greater investor pressure to 

broaden disclosure practices, and thus are more likely to provide voluntary disclosures 

(Bushee, Matsumoto, and Miller, 2003; Cohen, 2008). We use as a measure of ownership 

dispersion the variable LnSHR, which is the log of the number of shareholders of the firm 

adjusted by the log of the mean number of shareholders in the firm’s size decile 

(Baginski and Rakow, 2012).15  

Results obtained using the instrumental variable approach in the framework of a 

2SLS regression are shown in Table 4. Models (1), (4), and (7) present the first-stage 

regression results using voluntary disclosure as the dependent variable to check the 

relevance of the instrument. The main variable of interest is the instrument LnSHR. The 

control variables are the same as those in the baseline regression. We also control for firm 

and year fixed effects and adjust standard errors for clustering at the firm level.  

[Insert Table 4 here] 

                                                      
15 Size adjustment is intended to ensure that LnSHR does not proxy for firm size. 
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As Roberts and Whited (2013) and Wooldridge (2015) note, a valid instrument 

should satisfy two conditions: instrument relevance and instrument exogeneity. The first 

condition states that the instrument, LnSHR, must be partially correlated with the 

endogenous variable, LnMF, once all other exogenous variables included in the 

regression are netted out. In the first-stage estimates, the coefficients on LnSHR are 

positive and significant at the 1% level, with t-statistics all higher than 4. These 

t-statistics suggest that LnSHR strongly predicts LnMF. In terms of the Stock and Yogo 

(2005) weak instrument test, the Cragg-Donald F-statistic far exceeds the critical 

threshold of the critical value of 16.38 for rejection at the 10% significance level, thereby 

rejecting the null that our instrument is weakly correlated with the endogenous variable 

LnMF. 

The second condition asks whether our instrument is exogenous. Although one 

cannot statistically test the exogeneity of a single instrument (because the model is 

just-identified), we regress the firm innovation variable on both the instrument, LnSHR, 

and the instrumented variable, LnMF, and the control variables in Equation (1) (the same 

approach used in Dahl and Sorenson (2012)). The results suggest that LnSHR has no 

direct effect on firm innovation, thereby lending some confidence to the assumption that 

our instrument is exogeneity. (Full results are omitted to conserve space, but are available 

upon request from the authors.) 

Results for the second stage of the 2SLS regressions show that, similar to the OLS 

regressions, the LnMF variable significantly and negatively predicts patent counts and 

citations per patent. 16  Overall, the 2SLS results provide strong evidence that 

management voluntary disclosure has a causal effect on firm innovation. 

3.2.3. Propensity score matching approach 

We also apply a matching method to examine differences in innovation measures 

between disclosure and nondisclosure firms: a one-to-one nearest-neighbor matching 

without replacement.17 The matching starts with a probit regression, using the model 

specification in Equation (1), except for the voluntary disclosure variable, and the 

                                                      
16 Our results remain unaffected if we estimate the 2SLS model using the methods of limited information 

maximum likelihood (LIML) and generalized method of moments (GMM). 
17 Our results are unaffected by matching with replacement. 
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voluntary disclosure indicator variable as the dependent variable. Then, using the 

predicted probabilities—propensity scores—from the estimated probit regression, we 

match to each disclosure firm-year observation a nondisclosure firm-year observation that 

minimizes the absolute value of the difference between propensity scores. 

Table 5 presents differences in the innovation measures between disclosure firms 

and their propensity score matched (PSM) nondisclosure firms. There are statistically 

significant differences in innovation between disclosure and the PSM nondisclosure firms. 

Overall, this evidence suggests that the endogeneity of voluntary disclosure is unlikely to 

drive our primary findings. 

[Insert Table 5 here] 

 

4. POSSIBLE MECHANISMS 

To further understand how voluntary disclosure affects corporate innovation, we 

examine channels through which voluntary disclosure may impede or spur corporate 

innovation change at the time SOX Section 404 became effective.18 We discuss three 

possible channels: Nondedicated institutional ownership, R&D outgoing spillover, and 

information asymmetry. 

4.1. Nondedicated institutional ownership 

We examine first whether the preference of nondedicated institutional investors 

could help explain the negative relation between voluntary disclosure and corporate 

innovation. Bushee and Noe (2000) suggest that nondedicated institutional investors (i.e., 

transient institutions and quasi-indexer institutions) value high-disclosure firms and 

invest more heavily in firms with better-quality disclosure. The rationale is that 

nondedicated institutions chase short-term trading gains and rely on public disclosures as 

a low-cost way to monitor performance of portfolio firms. Dedicated institutions have 

better access to information about firm fundamentals, and concentrate on a smaller 

number of firms, and thus are less sensitive to disclosure quality levels or changes. 

Therefore, the increase in voluntary disclosure due to the enactment of SOX Section 404 

                                                      
18 The results using the instrumental variable method and the propensity score matching approach are 

consistent with our findings using the generalized difference-in-differences method. Detailed results are 

reported in Tables 2 and 3 of the Internet Appendix. 
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raises demand by nondedicated institutional investors and lessens demand by dedicated 

institutional investors. Meanwhile, short-term oriented shareholders, such as 

nondedicated institutional investors, tend to put pressure on managers to sacrifice 

long-term investments in order to meet short-term earnings targets (Bushee, 1998, 2001). 

Taken all together, pressure exerted by nondedicated institutional investors could be a 

channel through which voluntary disclosure impedes corporate innovation. 

To test our conjecture, we estimate different categories of institutional ownership by 

running a differences-in-differences regression: 

           IOi,t =  + Postt × Fileri + 'Xi,t + i + t + i,t.        (4) 

IOi,t is the average institutional holdings held by either transient (TRA), 

quasi-indexer (QIX), nondedicated (NONDED), or dedicated (DED) investors in firm i in 

year t, where NONDED is the sum of TRA and QIX. This classification of institutional 

investors is based on Bushee (1998, 2001). Filer is a dummy variable that equals one if a 

firm is classified as an accelerated filer. Post is a dummy variable indicating that the 

observation firm has a fiscal year ending on or after November 15, 2004. X is a set of 

control variables (excluding institutional ownership) as defined in Equation (1),  and  

capture firm and year fixed effects, and  is an error term. 

Table 6 presents the results of our analysis of differences in stock ownership held by 

different types of institutional investors. The dependent variable is NONDED in Model 

(3). The coefficient on Post × Filer is positive and statistically significant at the 1% level, 

suggesting that nondedicated investors increase their stock holdings more in accelerated 

filers than in nonfilers. At the same time, DED, the dependent variable in Model (4), is 

significantly negatively associated with Post × Filer, implying that dedicated investors 

reduce their stock holdings more in accelerated filers than in nonfilers. 

[Insert Table 6 here] 

Thus, we show that an exogenous increase in voluntary disclosure due to the 

enactment of SOX Section 404 increases holdings by nondedicated institutional investors 

and reduces holdings by dedicated institutional investors. As nondedicated institutional 

investors tend to prefer short-term profits and lack incentives to monitor management, 

our evidence suggests that changes in stock ownership by different types of institutional 
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investors may be a channel through which voluntary disclosure impedes corporate 

innovation.  

4.2. R&D outgoing spillover 

A second possible channel is R&D outgoing spillovers. Disclosure of information 

about profitability typically conveys proprietary information to competitors (Hermalin 

and Weisbach, 2012; Faulkender and Yang, 2013; Leuz and Wysocki, 2016). That is, 

providing earnings forecasts causes considerable information spillover, which may 

undermine incentives to innovate because of the imperfect appropriability of the benefits 

of such investments (Arrow, 1962; Jones and Williams, 1998; Chen, Chen, Liang, and 

Wang, 2013). Therefore, R&D outgoing spillovers could be a channel through which 

voluntary disclosure impedes corporate innovation. 

To test this conjecture, we first examine whether firms’ outgoing spillovers change 

more for accelerated filers than for nonfilers at the time of enactment of SOX Section 404. 

We gauge outgoing spillovers using a stochastic frontier production function similar in 

spirit to Chen, Chen, Liang, and Wang (2013). Outgoing spillover is estimated in two 

stages. In stage one, for each two-digit SIC industry in every year, R&D incoming 

spillovers are obtained from ui in a translog production function:19 

 

           Ln𝑌𝑖 = 𝑎0 + 𝑎1Ln𝐾𝑖 + 𝑎2Ln𝐿𝑖 + 𝑎3Ln𝑅𝐷𝑖 + 𝑎4(Ln𝐾𝑖)
2 + 𝑎5(Ln𝐿𝑖)

2 

+ 𝑎6(Ln𝑅𝐷𝑖)
2 + 𝑎7(Ln𝐾𝑖)(Ln𝐿𝑖) +

𝑎8(Ln𝐾𝑖)(Ln𝑅𝐷𝑖)                          

                                    + 𝑎9(Ln𝐿𝑖)(Ln𝑅𝐷𝑖) + 𝑢𝑖 + 𝑣𝑖,                            

(5) 

where Yi, Ki, Li, and RDi are gross profit (i.e., sales minus cost of goods sold), PPE 

(property, plant, and equipment), number of employees, and R&D expenditures, 

respectively. Residual ui is assumed to be independent and identically distributed (i.i.d.) 

and obey half-normal distribution |U|, given U ~ N(0, σu
2).20 Residual vi is symmetric and 

                                                      
19 Our results are similar if industries are classified using the Fama-French 48 industry system. 
20  R&D incoming and outgoing spillovers capture different concepts of R&D spillover where the 

directions of knowledge flow are opposite (Cassiman and Veugelers, 2002; Chen, Chen, Liang, and Wang, 

2013).  
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assumed to be i.i.d. as N(0, σv
2). The random variable ui captures the incoming spillover 

effect, so it is nonnegative because of positive externalities. The white noise vi captures 

the impact of other random shocks.  

 In stage two, we perform time-series regressions for the sum of incoming spillover 

of all rivals on the sample firm’s R&D expenditure: 

             ititi
ij

jt salesbRDbbu 


)Ln(210 .         (6) 

Equation (6) is estimated every year using historical firm-level data. Rivals’ 

incoming spillovers associated with the R&D investment of a firm i are conceptually the 

outgoing spillovers, so b1 could be a proxy for outgoing spillovers (Chen, Chen, Liang, 

and Wang, 2013). The outgoing spillover variable is standardized to have zero mean and 

unit variance. We use exponential distribution and truncated normal distribution as two 

additional specifications. We also use the Cobb-Douglas production function to gauge 

outgoing spillovers as a robustness check. 

 To construct our test about the effect of voluntary disclosure on outgoing spillover, 

we estimate the generalized difference-in-differences regression in Equation (4), 

replacing institutional holdings with R&D outgoing spillovers. Table 7 presents the 

regression results. In Models (1)–(3), the outgoing spillover is estimated by a translog 

model with different distributions, and in Models (4)–(6), it is estimated by a 

Cobb-Douglas model with different distributions. Across the six models, we consistently 

find a statistically significant positive coefficient for the interaction term between Post 

and Filer, which is consistent with our hypothesis that firms enhancing disclosure 

frequency due to the enactment of SOX Section 404 are more likely to experience R&D 

outgoing spillovers. This might give firms less incentive to invest in innovation. 

[Insert Table 7 here] 

Information spillover due to firms’ earnings forecasts also encourages competitors to 

invest more in innovation. Whether through imitation or appropriation, copying 

innovations developed by competitors will usually be cheaper for a firm than initiating its 

own innovative activity. Thus, an imitator has lower overall costs, raising incentives to 

innovate (Arrow, 1962; Spence, 1984). To examine how competitors change their 
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innovation investments for compliance with SOX Section 404, we use the generalized 

difference-in-differences regression in Equation (4), replacing institutional holdings with 

competitors’ innovation output. RPATi,t+n (RCITi,t+n) is the natural logarithm of one plus 

the average of the number of patents filed (number of nonself citations per patent) of firm 

i’s competitors in year t + n, where n equals one, two, or three. Industry competitors 

are defined as firms in the same Fama-French 48 industry classification. The results in 

Table 8 show that coefficient estimates on Post × Filer are positive and statistically 

significant at the 1% level. The evidence suggests that the competitors of accelerated 

filers experience a greater increase in the number of patents filed (and patent citations) 

after the enactment of SOX than those of nonaccelerated filers, which is consistent with 

our prediction. 

[Insert Table 8 here] 

   

4.3. Information asymmetry 

The competing argument has been that voluntary disclosure may enhance firm 

innovation. Voluntary disclosure if it reduces firms’ information asymmetry may ease 

investment in innovation. Increases in voluntary disclosure due to the enactment of SOX 

Section 404 would reduce information asymmetry between firms and investors. To test 

this conjecture, we measure information asymmetry by stock idiosyncratic volatility and 

analyst forecast errors (Krishnaswami and Subramaniam, 1999; Moeller, Schlingemann, 

and Stulz, 2007). Stock idiosyncratic volatility (IVOL) is the standard deviation of the 

residuals from a market model regression estimated for the year. Analyst forecast error 

(AFE) is measured as the median of the ratio of the absolute difference between forecast 

earnings and actual earnings per share to the price per share for the year. Then, we 

estimate the generalized difference-in-differences regression in Equation (4), replacing 

institutional holdings with the information asymmetry variable.  

Table 9 presents the regression results. The information asymmetry is measured by 

stock idiosyncratic volatility and analyst forecast error in Models (1) and (2), respectively. 

In both models, we consistently find that the interaction term between Post and Filer has 

a statistically significant negative coefficient, which is consistent with our prediction that 

firms enhancing disclosure frequency due to the enactment of SOX Section 404 reduce 
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their information asymmetry. 

[Insert Table 9 here] 

4.4. Effect of SOX on association between voluntary disclosure and channels 

Although the results in this section all show that SOX affects the channels that we 

have hypothesized would affect corporate innovation, it is not clear that the effect of 

SOX is through disclosure. To ascertain that this is indeed the case, we adopt the similar 

reasoning and methodology used to verify that SOX affects corporate innovation through 

disclosure (as reported in Panel C of Table 3). That is, we re-estimate Equation (3), 

replacing corporate innovation by various channels as the dependent variable. In 

untabulated results, we find coefficients of Filer×∆LnMF for all channels that are 

significant and of the right signs. For example, the coefficient of Filer×∆LnMF in the 

change of nondedicated institutional ownership is significantly positive, indicating that 

SOX increases nondedicated institutional ownership for accelerated filers and more so 

when these firms also increase disclosures in the post-SOX period. This result is 

consistent with the interpretation that SOX affects nondedicated institutional ownership 

through its impact on disclosures. 

4.5. Comparing channels and explanatory power 

While the results in Section 4 show that nondedicated institutional ownership, R&D 

outgoing spillovers, and information asymmetry are the channels through which a firm’s 

voluntary disclosure may affect innovation, it is unclear which channel is more important. 

Now, we compare the three channels through a horse race and perform a regression 

analysis. We regress the innovation measure on the hypothesized economic channel 

variables in the model:21,22 

  

PATi,t+1 (CITi,t+1) =  + 1Postt × Fileri × DEDi,t + 2Postt × Fileri × NONDEDi,t  

      + 3Postt × Fileri × Outgoingi,t + 4Postt × Fileri × IVOLi,t  

                     + 5Postt × DEDi,t + 6Postt × NONDEDi,t 

                               + 7Postt × Outgoingi,t + 8Postt × IVOLi,t  

                                                      
21 The results are similar if we use the innovation measure in year t + 2 and t + 3 as the dependent variable. 
22 When we replace NONDED with both TRA and QIX, the coefficients on Post × Filer × TRA and Post × 

Filer × QIX are significantly negative.  
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                     vv+ 'Xi,t + i + t + i,t.                                              (7) 

The channels are defined as before, and the other variables are defined as in 

Equation (2). Inclusion of the interactions of Post and the particular channel variable 

allows the channel variable to take different levels of innovation before and after the 

regime shift for reasons unrelated to the regime shift. X is a set of control variables 

defined in Equation (1),  and  capture firm and year fixed effects, and  is an error 

term. We also cluster standard errors by firm to reflect that innovation may be 

autocorrelated over time. 

In Table 10, the natural logarithm of one plus the weight-adjusted patent counts (the 

citation lag-adjusted citations per patent) in one year is the dependent variable in odd- 

(even-) numbered models. In the first two models, we examine the association between 

the innovation variables and the three possible channels that may explain a negative 

relation between voluntary disclosure and innovation. Both nondedicated institutional 

ownership and R&D outgoing spillovers are the channels that significantly adversely 

affect the innovation outputs of accelerated filers. In Models (3) and (4), we examine how 

the information asymmetry proxy, which may be a channel resulting in a positive relation 

between voluntary disclosure and innovation, relates to innovation outputs. The 

coefficient on Post × Filer × IVOL is significantly positive for Model (4) in the patent 

citation specification, but small and insignificant for Model (3) in the patent count 

specification.  

[Insert Table 10 here] 

In the last two models, we incorporate all hypothesized channel variables into the 

regressions. One can see that nondedicated institutional ownership and R&D outgoing 

spillovers are still significantly negatively related to the innovation outputs. In contrast, 

the coefficients on Post × Filer × IVOL are not significant at conventional levels. 

Therefore, most of the innovation reductions are due to increases in nondedicated 

institutional ownership and R&D outgoing spillovers, consistent with our main 

hypothesis that voluntary disclosure increases nondedicated institutional ownership and 

R&D outgoing spillovers, thereby impeding firm innovation. 

 

5. FURTHER ANALYSES 



 
 

24 

To further understand whether the negative relation between voluntary disclosure 

and corporate innovation varies with market competition and information diffusion in an 

industry, we test whether this negative relation is more pronounced for firms in highly 

competitive industries and for firms in industries with a high level of information 

diffusion. We are mindful of the concern that voluntary disclosure is about short-term 

earnings, which may not have any impact on long-term investments in innovation. To 

assuage this concern, we show that the informativeness of earnings forecasts does affect 

corporate innovation.   

5.1. Market competition 

Corporate disclosure discourages innovation investment because it could provide 

industry rivals valuable information on innovation (Hermalin and Weisbach, 2012; 

Faulkender and Yang, 2013; Leuz and Wysocki, 2016). Market competition can increase 

proprietary costs of information disclosure (e.g., Feltham, Gigler, and Hughes, 1992; 

Hayes and Lundholm, 1996) and accelerate information transmission (Hou, 2007). The 

benefits to rivals may thus be more significant in industries with strong competition. To 

test this conjecture, we estimate Equation (1), except for market competition variables, 

separately for sub-samples of firms operating in high and low competition industries. 

High (Low) competition industry is defined as industry whose Herfindahl-Hirschman 

index (HHI) lies in the bottom (top) half of its empirical distribution. Industries are 

classified using the Fama-French 48-industry system.  

Panel A of Table 11 presents the OLS estimation results. Even- (odd-) numbered 

columns report the results for the association between voluntary disclosure and 

innovation for high (low) competition industries. We do not report results for the control 

variables for brevity. For both high and low competition industries, the coefficients of 

voluntary disclosure are negative and statistically significant, except for PATt+1 and 

PATt+2 in low competition industries. The evidence is generally consistent with the 

baseline results in Table 2, although the coefficients of voluntary disclosure are 

significantly more negative for high competition industries than for low competition 

industries. All differences in voluntary disclosure coefficients between high and low 

competition industries are statistically significant at conventional levels according to 
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F-tests. 

[Insert Table 11 here] 

As management earnings forecasts may be endogenous, we test whether voluntary 

disclosure has a causal effect on innovation by employing DiD and IV-2SLS methods. 

Panel B presents the results for the DiD analysis for SOX Section 404. The interaction 

Post ×  Filer is significantly negatively related to firm innovation, except for PATt+3 in 

low competition industries. More important, the coefficient of Post ×  Filer is 

significantly more negative for the high market competition subsample than for the low 

market competition subsample. All F-tests for comparing coefficients on Post ×  Filer are 

statistically significant. In Panel C, we regress innovation on the firm’s management 

earnings forecasts, instrumented using number of shareholders (LnSHR) (see Table 4 for 

the corresponding first-stage estimates). The coefficients of LnMF are significantly 

negative across models, and differences between the two subsamples are also statistically 

significant. 

Overall, these results show a stronger impact of voluntary disclosure on innovation 

for firms in high competition industries. This is consistent with a view that firms sacrifice 

more in innovation due to voluntary disclosure when they face more competitive threats 

from rival firms. 

5.2. Industry information diffusion 

Voluntary disclosures that provide information to industry rivals can vary depending 

on industry-level information uncertainty. A priori, industries in noisier information 

environments should see slower information diffusion and a less pronounced information 

effect (Hou, 2007). We measure industry-level information diffusion using average 

analyst dispersion, defined as the average of the standard deviation of analysts’ annual 

earnings forecast divided by the absolute value of the mean forecast for all firms in an 

industry.23 The analyst dispersion variable is widely used to capture uncertainty in a 

firm’s information environment (e.g., Zhang, 2006; Hou, 2007). The higher the analyst 

dispersion, the noisier the information environment. Therefore, there should be more of a 

                                                      
23 In an untabulated analysis, following Hou (2007), we calculate industry-level information diffusion 

using industry average size, analyst coverage, institutional ownership, and turnover. These alternative 

definitions do not change our conclusion.  
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significant benefit to rivals in industries with higher information diffusion. To test this 

conjecture, we estimate Equation (1) separately for subsamples of firms operating in high 

and low industry information diffusion. High (Low) industry information diffusion is 

defined as an industry whose average analyst dispersion lies in the bottom (top) half of its 

empirical distribution. 

Table 12 presents the results for the subsample analysis. In Panel A, Models (1) and 

(2) report the results of OLS estimation for the association between voluntary disclosure 

and PATt+1 for low and high industry information diffusion. The coefficient of voluntary 

disclosure is more negative for high industry information diffusion (0.012) than for low 

industry information diffusion (0.003). The difference in voluntary disclosure 

coefficients between high and low industry information diffusion is statistically 

significant. The results are similar when other innovation variables are used as dependent 

variables. 

[Insert Table 12 here] 

The results of DiD and IV-2SLS estimations are presented in Panels B and C, 

respectively. Those results confirm our findings in the OLS estimation. Overall, the 

evidence indicates that greater industry information diffusion drives disclosure firms to 

generate less innovation.  

5.3. Information content of voluntary disclosure 

To further understand how the informativeness of earnings forecasts affects 

corporate innovation, we evaluate two alternative voluntary disclosure proxies that are 

meant to capture the informativeness of the disclosure: forecast horizon (HORIZON) and 

forecast precision (PRECISION). An earnings forecast that, all things equal, is more 

timely and more specific is potentially more informative (Ball, Jayaraman, Shivakumar, 

2012), and thus implies greater information spillover to rivals. HORIZON is computed as 

the difference in days between the end of the fiscal period forecasted and the forecast 

date, where higher values of HORIZON indicate more timely and hence more informative 

disclosure. PRECISION takes the value of four, three, two, and one for point, range, 

open-ended, and qualitative estimates, respectively. A higher value of PRECISION 

indicates that a more specific forecast is more informative. These two proxies are 
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averaged across all forecasts a firm made in a given year to obtain firm-year measures. 

Analyses of forecast horizon and precision are restricted to firms that issue 

management forecasts, a practice that again may suffer from self-selection bias. To 

address this issue, we use the Heckman two-stage approach. In the first stage, we 

estimate a probit regression: 

        Pr(MFDi,t) = 0 + 'Xi,t +1LnSHRi,t + j + t + i,t,              (8) 

where MFDi,t is an indicator variable that takes a value of one for firm i making an 

earnings forecast during year t and 0 otherwise, LnSHR is the measure of ownership 

dispersion defined as before, X is a set of control variables defined in Equation (1),  and 

 capture industry and year fixed effects, and  is an error term. In the second stage, we 

estimate innovation measures in year t + 1 as an OLS regression:24 

         PATi,t+1 (CITi,t+1) = 0 + 1LnHORIZONi,t + 2PRECISIONi,t           

+ 'Xi,t + j + t + 3MILLSi,t + i,t,       (9) 

where MILLS is the inverse Mills ratio and all other variables are defined as before. As 

firms do not randomly choose whether to issue earnings forecasts, we estimate an inverse 

Mills ratio from the first-stage probit regression and use it as an additional control in the 

second-stage regression. 

[Insert Table 13 here] 

Table 13 presents the results. The second-stage regression shows that the 

coefficients on LnHORIZON and PRECISION are negative and statistically significant at 

the 1% level. These results suggest that firms issuing more timely forecasts and more 

precise forecasts suffer more of a reduction in innovation. These findings support the 

conclusion that voluntary disclosure impedes innovation. At the same time, the inverse 

Mills ratio is positive and significant in all regressions, implying that selection bias might 

play a substantial role for the sample of forecasters. 

 

6. ROBUSTNESS 

We conduct a variety of robustness tests. We repeat the analysis of the main findings 

                                                      
24 The results are the same if we define the innovation measure in year t + 2 and t + 3 as the dependent 

variable. 
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using alternative model specifications, alternative measures of innovation, and alternative 

regression methods and samples.  

6.1. Sample selection bias 

Since management earnings forecast is voluntary, our tests are subject to selection 

bias. We follow Heckman’s (1979) two-stage approach to control for this potential 

self-selection bias. In the first stage, we estimate a probit regression as in Equation (8). In 

the second stage, we estimate an OLS regression: 

      PATi,t+n (CITi,t+n) = 0 + 1LnMFi,t + 'Xi,t + j + t + 2MILLSi,t + i,t.    (10) 

All variables are defined as before. Results remain unchanged; the slope of LnMF is 

negative and statistically significant at the 5% level or better. The results are reported in 

Table 4 of the Internet Appendix. 

6.2. Alternative measures of innovation 

To further capture the underlying quality and fundamental nature of innovation 

output, we define three alternative innovation proxies: the private value of patents 

(Kogan, Papanikolaou, Seru, and Stoffman, 2017), and patent generality and patent 

originality (Trajtenberg, Henderson, and Jaffe, 1997; Hall, Jaffe, and Trajtenberg, 2001; 

Chemmanur, Loutskina, and Tian, 2014).  

The private value of patents is calculated by weighting each patent by the 

stock-market reaction for a three-day announcement window, (t, t + 2), around the patent 

issue day.25 A patent’s generality score is measured as one minus the Herfindahl index of 

the three-digit technology class distribution of all the patents that cite it, where the 

Herfindahl measures are corrected by method used in Hall, Jaffe, and Trajtenberg (2001) 

and Jaffe and Trajtenberg (2002). A high value means that the patent is cited by 

subsequent patents across a wide range of technology fields. Similarly, a patent’s 

originality score is calculated as one minus the Herfindahl index of the three-digit 

technology class distribution of all the patents it cites. A high value in this case means 

that the patent cites previous patents across a wide range of technology fields. We then 

average the individual patents’ generality and originality scores at the firm-year level.  

                                                      
25 We thank Kogan, Papanikolaou, Seru, and Stoffman (2017) for making these data available. 
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For robustness, we estimate regressions using the dependent variable of the three 

alternative innovation measures. The results show that (1) compared with nondisclosure 

firms, patents generated by disclosure firms have lower private value and generality and 

originality scores; (2) our findings remain valid when we use DiD, IV-2SLS, and PSM to 

address the potential endogeneity issue; and (3) voluntary disclosure firms in industries 

with greater competition and with higher information diffusion sacrifice more patent 

private value, generality, and originality. Overall, our results are robust to these 

alternative measures of innovation. These results are available upon request. 

6.3. Alternative regression methods and samples 

Alternative methods and samples do not have a major effect on our results. These 

include (1) Tobit, Poisson, and negative binomial regressions to address the issue that 

patent and citation counts are non-negative and highly censored at zero; (2) 

Fama-MacBeth (1973) regression with Newey-West (1987) correction for autocorrelation; 

(3) inclusion of year × industry fixed effects to control for industry shocks; (4) exclusion 

of firms with no innovation; and (5) exclusion of firms with no management earnings 

forecasts. These results are available upon request. 

 

7. CONCLUSION 

In this paper we study the effect of information disclosure on corporate innovation 

activity by examining the role of firms’ voluntary disclosure. We measure innovation by 

the number of patents and the forward citations of patents received by the firm. We use 

the number of management forecasts to gauge to what extent a firm voluntarily discloses 

business information. Among U.S. listed firms, those disclosing more management 

forecasts on their profitability generate fewer patents and receive fewer patent citations in 

following three years. We use a quasi-natural experiment, the Sarbanes-Oxley Act (SOX), 

which generates a plausibly exogenous shock to voluntary disclosure during our sample 

period. We find that accelerated filers generate fewer patents and receive fewer patent 

citations than nonaccelerated filers, particularly after the SOX effective date. Analyses 

based on two-stage regression and propensity score matched samples confirm this 

argument. Thus, we conclude that disclosure indeed impedes innovation activity.   
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We examine the possible channels affecting why firms with more disclosures engage 

in less innovation activity. We find a higher transient institutional ownership of disclosure 

firms than other firms, especially after SOX. R&D outgoing spillovers are also higher for 

disclosure firms than other firms, especially after SOX. Examination of rivals’ innovation 

activity indicates that competitors of a firm with more disclosure could generate more 

and better-quantity patents.   

The results of three conditional tests, product market competition, industry 

information diffusion, and informativeness of voluntary disclosure, indicate that 

voluntary disclosure is associated with fewer patents and fewer patent citations in the 

following three years, especially for firms in more competitive markets, for firms in 

industries with higher information diffusion, and for firms with more informative 

disclosures. These conditional tests support the idea that firms sometimes avoid 

innovation even though traditional research views innovation as a driving force for firm 

growth opportunities. 

Our findings have several policy implications. The SOX Act has been proposed to 

benefit shareholder wealth and reduce corporate earnings manipulation. Our finding 

instead suggests a more negative result: The legislation may reduce innovation activity, if 

firms are disclosing more after its passage. Moreover, corporate disclosure is presumed to 

be good for investors. Yet our main finding suggests that voluntary disclosure impedes 

corporate innovation. Voluntary disclosure could represent a double-edged sword for 

firms and investors.    
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APPENDIX A 

TABLE A1 Control variable definitions. 

Variable Definition 

CAPEX_ASSETS Capital expenditure (Compustat item #128) divided by book value of total assets 

GSALES Logarithm of sales divided by prior-year sales 

HHI Herfindahl index of Fama-French 48 industry classification 

ILLIQ Arithmetic mean of twelve monthly numbers of the Amihud (2002) illiquidity 

measures for the firm 

INSTOWN Arithmetic mean of four quarterly institutional holdings reported in Thomson-Reuters 

Institutional Holdings (13F) Database 

KZ KZ index calculated as 1.002 × Cash Flow ((#18 + #14)/#8) plus 0.283 × Q ((#6 + 

#199 × #25  #60  #74)/#6) plus 3.139 × Leverage ((#9 + #34)/(#9 + #34 + #216)) 

minus 39.368 × Dividends((#21 + #19)/#8) minus 1.315 × Cash Holdings (#1/#8), 

where #8 is lagged 

LEVERAGE Book value of debt (#9 + #34) divided by book value of total assets  

LnAGE Natural logarithm of firm’s age, approximated by number of years listed in 

Compustat 

LnASSETS Natural logarithm of book value of total assets (#6) 

LnCOV Natural logarithm of one plus the number of analysts following the firm extracted 

from the Institutional Brokers’ Estimate System summary file 

PPE_ASSETS Property, plant, and equipment (#8) divided by book value of total assets 

Q Market value of equity (#199 × #25) plus book value of assets minus book value of 

equity (#60) minus balance sheet deferred taxes (#74, set to 0 if missing), divided by 

book value of assets 

RD_ASSETS R&D expenditures (#46, set to 0 if missing) divided by book value of total assets 

RET Buy-and-hold stock return over fiscal year 

RETVOL Standard deviation of stock returns over fiscal year 

ROA Operating income before depreciation (#13) divided by book value of total assets 
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TABLE 1 Descriptive statistics. 
This table presents 25th percentile, means, medians, 75th percentile, and standard deviations for all 

variables used in this study. Innovation variables are measured from 1995 to 2008. Management earnings 

forecast and control variables are measured from 1994 through 2007. Control variables are defined in the 

Appendix A and winsorized at the 1st and 99th percentiles. 

Variable N P25  Mean Median P75   STD 

Patents 38,799  0.000  6.470  0.000  0.000  60.211  

Nonself Citations/Patents 38,799 0.000  3.490  0.000  0.000  24.775  

MF 38,799 0.000  3.405  0.000  4.000  6.611  

ASSETS 38,799 54.676  2,019.224  200.695  812.731  13,690.231  

RD_ASSETS 38,799 0.000  0.055  0.004  0.068  0.104  

ROA 38,799 0.044  0.072  0.115  0.174  0.203  

AGE 38,799 8.000  18.155  13.000  26.000  13.420  

PPE_ASSETS 38,799 0.093  0.264  0.199  0.373  0.220  

LEVERAGE 38,799 0.018  0.214  0.175  0.339  0.209  

CAPEX_ASSETS 38,799 0.020  0.060  0.039  0.074  0.063  

Q 38,799 1.107  2.077  1.517  2.338  1.674  

KZ 38,799 -4.849  -6.138  -0.767  0.983  19.812  

GSALES 38,799 -0.010  0.186  0.095  0.247  0.485  

RET 38,799 -0.292  0.139  0.018  0.366  0.714  

RETVOL 38,799 0.361  0.603  0.521  0.754  0.331  

HHI 38,799 0.096  0.218  0.172  0.281  0.168  

INSTOWN 38,799 0.179  0.450  0.438  0.696  0.298  

ILLIQ 38,799 0.040  0.127  0.088  0.164  0.135  

COV 38,799 1.000  5.163  2.833  7.167  6.376  
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TABLE 2 OLS estimation. 
This table presents the results of regressions of corporate innovation on management earnings forecasts. 

The dependent variable is PAT in the odd-numbered columns and CIT in the even-numbered columns. PAT 

(CIT) is the natural logarithm of one plus number of patents filed (number of nonself citations per patent). 

LnMF is the log of one plus number of earnings forecasts issued. Control variables are defined in the 

Appendix A and winsorized at the 1st and 99th percentiles. All regressions include firm and year fixed 

effects. Intercepts are not reported. Heteroskedasticity-robust t-statistics with standard errors clustered by 

firm are reported in parentheses. *, **, *** represent significance at the 10 percent, 5 percent, and 1 percent 

levels, respectively (two-tailed). 

  PATt+1 CITt+1 PATt+2 CITt+2 PATt+3 CITt+3 

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

LnMF -0.022*** -0.020*** -0.021*** -0.027*** -0.014*** -0.034*** 

  (-6.41) (-3.47) (-5.77) (-4.53) (-3.73) (-5.61) 

LnASSETS 0.075*** 0.075*** 0.081*** 0.069*** 0.079*** 0.065*** 

  (12.02) (7.26) (12.37) (6.37) (11.36) (5.81) 

RD_ASSETS 0.184*** 0.342*** 0.128** 0.374*** 0.216*** 0.434*** 

  (2.62) (4.02) (2.41) (4.30) (3.92) (4.89) 

ROA 0.115*** 0.001 0.087*** 0.051 0.052** 0.071* 

  (5.39) (0.04) (3.96) (1.42) (2.31) (1.94) 

LnAGE 0.123*** 0.253*** 0.105*** 0.228*** 0.082*** 0.200*** 

  (8.06) (10.11) (6.57) (8.70) (4.80) (7.28) 

PPE_ASSETS 0.035 0.206*** 0.057 0.135** 0.097** 0.149** 

  (0.99) (3.57) (1.57) (2.27) (2.56) (2.45) 

LEVERAGE -0.006 -0.162*** -0.017 -0.134*** -0.036* -0.143*** 

  (-0.31) (-5.13) (-0.84) (-4.07) (-1.74) (-4.24) 

CAPEX_ASSETS -0.169*** -0.022 -0.153*** 0.064 -0.132** -0.050 

  (-3.03) (-0.24) (-2.69) (0.69) (-2.28) (-0.54) 

Q 0.005** 0.001 0.004** 0.001 0.005*** 0.002 

  (2.27) (0.29) (2.15) (0.31) (2.60) (0.54) 

KZ 0.001 0.001 0.001 0.001 0.001 0.001 

  (1.63) (0.82) (1.14) (0.53) (1.39) (0.92) 

GSALES -0.009** -0.011* -0.009*** -0.017*** -0.008** -0.009 

  (-2.47) (-1.94) (-2.63) (-2.93) (-2.16) (-1.53) 

RET 0.001 0.003 0.005 0.013** 0.007** 0.014** 

  (0.44) (0.63) (1.39) (2.38) (2.17) (2.51) 

RETVOL 0.025** 0.022 0.025** 0.006 0.026** 0.003 

  (2.19) (1.18) (2.13) (0.33) (2.16) (0.15) 

HHI 0.281*** 0.049 0.284*** 0.036 0.322*** 0.100 

  (4.31) (0.46) (4.21) (0.33) (4.58) (0.88) 

HHI2 -0.292*** -0.076 -0.330*** -0.022 -0.404*** -0.202 

  (-4.03) (-0.64) (-4.34) (-0.18) (-5.02) (-1.56) 

INSTOWN 0.048** 0.074** 0.054** 0.025 0.034 0.036 

  (2.35) (2.22) (2.54) (0.72) (1.49) (1.00) 

ILLIQ 0.037** 0.064** 0.038** 0.062** 0.034** 0.075*** 

  (2.18) (2.33) (2.03) (2.48) (2.22) (2.66) 

LnCOV 0.014** 0.016* 0.024*** 0.019* 0.025*** 0.019* 

  (2.47) (1.67) (3.96) (1.94) (4.05) (1.92) 

Number of obs. 38,799 38,799 36,247 36,247 33,623 33,623 

Adjusted R2 0.895 0.717 0.900 0.713 0.903 0.706 
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TABLE 3 Generalized difference-in-differences estimation. 
Panel A presents the results of regressions of corporate innovation on the enactment of SOX Section 404 in 

2004. PAT (CIT) is the natural logarithm of one plus number of patents filed (number of nonself citations 

per patent). Filer is a dummy variable that equals one if a firm is classified as an accelerated filer. Post is a 

dummy variable indicating that a firm has a fiscal year ending on or after November 15, 2004. Control 

variables are defined in the Appendix A and winsorized at the 1st and 99th percentiles. All regressions 

include firm and year fixed effects. Intercepts are not reported. Heteroskedasticity-robust t-statistics with 

standard errors clustered by firm are reported in parentheses. Panel B measures the impact of SOX Section 

404 requirements on the number of management earnings forecasts using a generalized 

difference-in-differences test. We report average levels of the number of management earnings forecasts in 

fiscal years before the enactment of SOX Section 404 in 2004 (“Pre”) and in following years (“Post”). We 

also report within-firm changes (labeled “Post  Pre”) and between-firm differences (labeled “Treatment  

Control”). The change in the between-firm differences is the generalized difference-in-differences. 

Treatment (control) firm is a firm classified as an accelerated (nonaccelerated) filer. Panel C presents the 

results of regressions of the effects of SOX Section 404 on the association between management earnings 

forecasts and corporate innovation. ∆ denotes the difference in the average values of the variable between 

20022003 and 20052006. *, **, *** represent significance at the 10 percent, 5 percent, and 1 percent 

levels, respectively (two-tailed). 
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TABLE 3 (continued) 

Panel A: Generalized Difference-in-Differences Regression Analysis 

  PATt+1 CITt+1 PATt+2 CITt+2 PATt+3 CITt+3 

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

Post ×  Filer -0.039*** -0.094*** -0.044*** -0.089*** -0.038*** -0.114*** 
 (-3.01) (-4.66) (-3.39) (-4.69) (-2.82) (-5.42) 

LnASSETS 0.024* 0.039** 0.05*** 0.06*** 0.036** 0.073*** 
  (1.91) (2.00) (3.93) (3.27) (2.36) (3.50) 

RD_ASSETS 0.14* 0.253* 0.279*** 0.354*** 0.118 0.025 
  (1.65) (1.90) (3.26) (2.84) (1.22) (0.19) 

ROA 0.022 0.048 0.057 0.075 0.042 0.005 
  (0.58) (0.83) (1.53) (1.37) (0.97) (0.08) 

LnAGE 0.094** 0.413*** 0.059 0.421*** 0.012 0.343*** 

  (2.09) (5.88) (1.31) (6.40) (0.21) (4.38) 
PPE_ASSETS 0.049 0.195* 0.215*** 0.211** 0.248*** 0.271** 

  (0.74) (1.86) (3.18) (2.14) (3.15) (2.52) 
LEVERAGE -0.048 -0.132*** 0.030 -0.036 0.034 -0.007 

  (-1.48) (-2.60) (0.93) (-0.77) (0.91) (-0.13) 

CAPEX_ASSETS 0.108 0.202 0.199* 0.210 0.146 0.029 
  (0.99) (1.19) (1.81) (1.31) (1.16) (0.17) 

Q 0.006 0.003 0.001 0.005 0.001 0.001 
  (1.41) (0.48) (0.03) (0.84) (0.17) (0.05) 

KZ -0.001 -0.001 -0.001 -0.001 -0.001 -0.001 
  (-0.90) (-0.52) (-0.15) (-0.28) (-0.40) (-0.95) 

GSALES 0.004 -0.001 -0.007 -0.01 0.011 0.006 

  (0.65) (-0.06) (-0.97) (-0.98) (1.41) (0.56) 
RET 0.001 0.003 0.001 -0.007 0.006 0.006 

  (0.13) (0.35) (0.10) (-0.94) (1.06) (0.76) 
RETVOL 0.029 0.039 0.036* 0.049 0.034 0.102*** 

  (1.43) (1.25) (1.78) (1.64) (1.54) (3.33) 

HHI -0.285** -0.026 -0.333** 0.015 -0.258 -0.239 
  (-2.09) (-0.12) (-2.44) (0.07) (-1.56) (-1.06) 

HHI2 0.251* 0.007 0.256* 0.018 0.177 0.227 
  (1.85) (0.03) (1.87) (0.09) (1.07) (1.00) 

INSTOWN 0.040 0.164*** 0.064* 0.184*** 0.024 0.139** 

  (1.13) (2.95) (1.79) (3.54) (0.57) (2.43) 
ILLIQ 0.012 0.082 0.022 0.063 0.066* 0.044 

  (0.37) (1.62) (0.69) (1.33) (1.84) (0.89) 
LnCOV -0.010 -0.005 -0.034*** -0.001 -0.004 -0.001 

  (-0.98) (-0.28) (-3.19) (-0.01) (-0.33) (-0.01) 
Number of obs. 13,648  13,648  13,648  13,648  11,031  11,031  

Adjusted R2 0.894  0.717  0.899  0.713  0.903  0.706  
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TABLE 3 (continued) 

Panel B: Effect of SOX 404 on Management Earnings Forecast 

 Pre-SOX Post-SOX Post − Pre 

Treatment Firms 6.639  11.654  5.014*** 

Control Firms 2.000  2.436  0.436** 

Treatment  Control     4.578*** 

Panel C: Effect of SOX on Association between Voluntary Disclosure and Innovation 

 ∆PATt+1 ∆CITt+1 ∆PATt+2 ∆CITt+2 ∆PATt+3 ∆CITt+3 

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

Filer × ∆LnMF -0.030** -0.081*** -0.051*** -0.076*** -0.031** -0.093*** 

 (-2.07) (-3.67) (-3.01) (-3.69) (-2.05) (-4.02) 

Filer -0.007 -0.021 -0.038** -0.031 -0.011 -0.065*** 

 (-0.49) (-1.35) (-2.56) (-1.65) (-1.25) (-3.52) 

Control variables Yes Yes Yes Yes Yes Yes 

Number of obs. 2,377 2,377 2,377 2,377 2,377 2,377 

Adjusted R2 0.020 0.026 0.049 0.036 0.020 0.041 
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TABLE 4 Instrumental variable estimation. 
This table reports two-stage least squares (2SLS) regressions of the innovation outcome variables on management earnings forecast, with number of 

shareholders of the firm (LnSHR) as the instrumental variable. The first-stage regression generates the fitted (instrumented) value of LnMF for use in the 

second-stage regressions. PAT (CIT) is the natural logarithm of one plus the number of patents filed (the number of non-self citations per patent). LnMF 

is the log of one plus the number of earnings forecasts issued. LnSHR is the log of the number of shareholders of the firm adjusted by the log of the 

mean number of shareholders in the firm’s size decile. Control variables are defined in the Appendix A and winsorized at the 1st and 99th percentiles. 

All regressions include firm and year fixed effects. Cragg-Donald F-statistic is from the joint test of excluded instrument. Intercepts are not reported. 

Heteroskedasticity-robust t-statistics with standard errors clustered by firm are reported in parentheses. *, **, *** represent significance at the 10 

percent, 5 percent, and 1 percent levels, respectively (two-tailed). 

  First-Stage Second-Stage  First-Stage Second-Stage  First-Stage Second-Stage 

 LnMFt PATt+1 CITt+1  LnMFt PATt+2 CITt+2  LnMFt PATt+3 CITt+3 

  (1) (2) (3)  (4) (5) (6)  (7) (8) (9) 

LnMF  -0.371*** -1.039***    -0.357** -0.706**   -0.442** -0.787** 

   (-2.80) (-4.36)    (-2.33) (-2.54)   (-2.48) (-2.49) 

LnASSETS 0.053*** 0.094*** 0.107***   0.059*** 0.081*** 0.090***  0.066*** 0.068*** 0.072*** 

  (11.93) (9.94) (6.29)   (13.26) (7.10) (4.35)  (14.72) (4.90) (2.91) 

RD_ASSETS -0.047 0.121** 0.166*   -0.069 0.078 0.249**  -0.052 0.126** 0.387*** 

  (-0.85) (2.17) (1.65)   (-1.22) (1.35) (2.37)  (-0.92) (2.08) (3.61) 

ROA 0.129*** 0.044 0.148***   0.116*** 0.069** 0.135**  0.117*** 0.152*** 0.153*** 

  (4.52) (1.56) (2.91)   (4.05) (2.36) (2.55)  (4.04) (4.78) (2.71) 

LnAGE 0.081*** -0.031** -0.003   0.071*** -0.065*** -0.078***  0.062*** -0.095*** -0.141*** 

  (10.39) (-2.03) (-0.12)   (9.03) (-4.21) (-2.76)  (7.94) (-5.93) (-4.91) 

PPE_ASSETS -0.611*** -0.083 -0.357**   -0.554*** -0.047 -0.178  -0.483*** -0.021 0.001 

  (-21.95) (-0.93) (-2.23)   (-19.83) (-0.50) (-1.05)  (-17.35) (-0.23) (0.01) 

LEVERAGE -0.146*** -0.124*** -0.196***   -0.164*** -0.118*** -0.150**  -0.167*** -0.148*** -0.133** 

  (-6.46) (-4.48) (-3.93)   (-7.14) (-3.62) (-2.54)  (-7.26) (-4.03) (-2.03) 

CAPEX_ASSETS -0.177* -0.127** -0.235**   -0.223** -0.122* -0.101  -0.245*** -0.099 -0.083 

  (-1.95) (-2.03) (-2.09)   (-2.46) (-1.79) (-0.81)  (-2.71) (-1.32) (-0.62) 

Q 0.004 0.010*** -0.001   0.005* 0.015*** -0.003  0.006* 0.009*** -0.006 

  (1.27) (4.44) (-0.32)   (1.75) (6.12) (-0.61)  (1.81) (3.57) (-1.33) 

KZ 0.001*** 0.001*** 0.001***   0.001*** 0.001 0.001*  0.001*** 0.001** 0.001 

  (4.10) (2.76) (2.88)   (4.06) (1.22) (1.68)  (4.18) (2.07) (1.28) 

GSALES -0.078*** -0.036*** -0.111***   -0.076*** -0.040*** -0.086***  -0.075*** -0.046*** -0.052** 

  (-8.64) (-3.12) (-5.40)   (-8.44) (-3.19) (-3.72)  (-8.40) (-3.21) (-2.04) 
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TABLE 4 (continued) 

 

 

  First-Stage Second-Stage  First-Stage Second-Stage  First-Stage Second-Stage 

 LnMFt PATt+1 CITt+1  LnMFt PATt+2 CITt+2  LnMFt PATt+3 CITt+3 

  (1) (2) (3)  (4) (5) (6)  (7) (8) (9) 

RET -0.028*** -0.012** -0.027***   -0.020*** -0.007 -0.005  -0.019*** -0.002 0.008 

  (-4.45) (-2.44) (-3.09)   (-3.22) (-1.48) (-0.64)  (-3.10) (-0.35) (0.99) 

RETVOL 0.048*** 0.089*** 0.146***   0.081*** 0.093*** 0.106***  0.121*** 0.107*** 0.109** 

  (2.86) (7.19) (6.58)   (4.84) (5.69) (3.58)  (7.31) (4.40) (2.53) 

HHI 0.515*** 0.065 0.409**   0.490*** -0.060 0.307*  0.472*** -0.120 0.030 

  (7.09) (0.69) (2.40)   (6.63) (-0.60) (1.68)  (6.32) (-1.09) (0.15) 

HHI2 -0.392*** -0.063 -0.352**   -0.364*** 0.083 -0.236  -0.358*** 0.212** 0.038 

  (-4.33) (-0.70) (-2.20)   (-3.91) (0.88) (-1.38)  (-3.76) (2.06) (0.21) 

INSTOWN 0.912*** 0.228* 0.826***   0.847*** 0.274** 0.392  0.801*** 0.333** 0.133 

  (43.69) (1.84) (3.71)   (39.46) (2.06) (1.62)  (36.67) (2.28) (0.51) 

ILLIQ -0.067*** -0.067*** -0.017   -0.109*** -0.014 -0.052  -0.083*** -0.023 -0.013 

  (-2.90) (-4.38) (-0.62)   (-4.69) (-0.68) (-1.36)  (-3.64) (-1.18) (-0.36) 

LnCOV 0.152*** 0.092*** 0.190***   0.136*** 0.072*** 0.160***  0.119*** 0.070*** 0.127*** 

  (20.64) (4.42) (5.06)   (18.30) (3.35) (4.08)  (15.96) (3.21) (3.25) 

LnSHR 0.020***     0.018***    0.016***   

  (6.29)     (5.35)    (4.69)   

Number of obs. 38,799 38,799 38,799  36,247 36,247 36,247  33,623 33,623 33,623 

Cragg-Donald F-statistic 27.22***    24.55***    21.54***   

Adjusted R2 0.595  0.884  0.629    0.579  0.886  0.628    0.561  0.884  0.623  
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TABLE 5 Propensity score matching approach. 
This table presents mean differences in the innovation measures between voluntary disclosure firms and 

their propensity score matched (PSM) nondisclosure firms. We match each disclosure firm with a 

nondisclosure firm using one-to-one nearest-neighbor matching without replacement. The matching starts 

with a probit regression using the same set of control variables as in Equation (1), and the voluntary 

disclosure firm indicator variable as the dependent variable. Then, using the predicted 

probabilities—propensity scores—from the estimated probit regression, we match to each disclosure 

firm-year observation a nondisclosure firm-year observation that minimizes the absolute value of the 

difference between propensity scores. The “Mean Difference” column presents the difference in means 

between disclosure firms and nondisclosure firms. *, **, *** represent significance at the 10 percent, 5 

percent, and 1 percent levels, respectively (two-tailed). 

 

  Disclosure Firms PSM Nondisclosure Firms Mean Difference 

PATt+1 0.405 0.460 -0.056  *** 

CITt+1 0.447 0.509 -0.062  *** 

PATt+2 0.414 0.461 -0.047  *** 

CITt+2 0.442 0.483 -0.041  *** 

PATt+3 0.419 0.458 -0.039  ** 

CITt+3 0.425 0.453 -0.029  ** 
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TABLE 6 Possible channels: institutional investors. 
This table reports DiD tests on how exogenous changes in management earnings forecast due to the 

enactment of SOX Section 404 affect ownership of different types of institutional investors. Following the 

Bushee (1998, 2001) classification, TRA is the average institutional holdings (%) held by transient 

institutional investors; QIX is the average institutional holdings (%) held by quasi-indexers; and DED is the 

average institutional holdings (%) held by dedicated institutional investors. NONDED is the sum of TRA 

and QIX. Filer is a dummy variable that equals one if a firm is classified as an accelerated filer. Post is a 

dummy variable indicating that a firm has a fiscal year ending on or after November 15, 2004. Control 

variables are defined in the Appendix A and winsorized at the 1st and 99th percentiles. All regressions 

include firm and year fixed effects. Intercepts are not reported. Heteroskedasticity-robust t-statistics with 

standard errors clustered by firm are reported in parentheses. *, **, *** represent significance at the 10 

percent, 5 percent, and 1 percent levels, respectively (two-tailed). 

 

  TRA QIX NONDED DED 
 (1) (2) (3) (4) 

Post × Filer 0.020*** 0.025*** 0.044*** -0.009*** 
  (13.67) (9.38) (13.96) (-9.57) 

LnASSETS -0.008*** 0.037*** 0.029*** 0.001 

  (-5.69) (15.35) (9.99) (1.21) 
RD_ASSETS -0.005 0.075*** 0.070*** 0.001 

  (-0.57) (4.38) (3.41) (0.11) 
ROA 0.001 0.010 0.011 -0.001 

  (0.22) (1.28) (1.22) (-0.15) 
LnAGE 0.019*** 0.059*** 0.079*** 0.013*** 

  (3.75) (6.52) (7.26) (4.03) 

PPE_ASSETS -0.012* -0.022* -0.035** -0.014*** 
  (-1.65) (-1.66) (-2.17) (-2.94) 

LEVERAGE 0.001 -0.033*** -0.031*** -0.005** 
  (0.40) (-4.97) (-3.93) (-2.26) 

CAPEX_ASSETS -0.012 0.047** 0.028 0.014* 

  (-1.00) (2.09) (1.06) (1.72) 
Q -0.001 0.009*** 0.008*** 0.001 

  (-1.32) (10.82) (8.38) (0.92) 
KZ -0.001 -0.001 -0.001 0.001 

  (-0.12) (-0.81) (-0.67) (0.46) 

GSALES 0.002** 0.001 0.003* -0.001 
  (2.10) (1.00) (1.74) (-0.46) 

RET 0.007*** 0.001 0.009*** -0.001 
  (13.07) (1.28) (7.11) (-0.18) 

RETVOL -0.006*** -0.021*** -0.027*** 0.002 
  (-2.70) (-5.16) (-5.51) (1.21) 

HHI -0.003 -0.001 -0.003 0.025** 

  (-0.17) (-0.01) (-0.10) (2.56) 
HHI2 0.004 0.017 0.022 -0.027*** 

  (0.29) (0.62) (0.67) (-2.79) 
ILLIQ -0.004 -0.011* -0.016** -0.001 

  (-1.18) (-1.65) (-1.97) (-0.52) 

LnCOV -0.001 0.029*** 0.028*** 0.001 
  (-0.38) (15.30) (12.45) (0.70) 

Number of obs. 13,648  13,648  13,648  13,648  
Adjusted R2 0.886  0.957  0.959  0.823  
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TABLE 7 Possible channels: R&D outgoing spillovers. 
This table reports DiD tests on how exogenous changes in management earnings forecast due to the 

enactment of SOX Section 404 affect R&D outgoing spillovers, where the outgoing spillover is measured 

following Chen, Chen, Liang, and Wang (2013). Filer is a dummy variable that equals one if a firm is 

classified as an accelerated filer. Post is a dummy variable indicating that a firm has a fiscal year ending on 

or after November 15, 2004. Control variables are defined in the Appendix A and winsorized at the 1st and 

99th percentiles. All regressions include firm and year fixed effects. Intercepts are not reported. 

Heteroskedasticity-robust t-statistics with standard errors clustered by firm are reported in parentheses. *, 

**, *** represent significance at the 10 percent, 5 percent, and 1 percent levels, respectively (two-tailed). 

 

 

 Translog Model Cobb-Douglas Model 

 Half Exponential Truncated Half Exponential Truncated 

 

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

Post × Filer 0.092*** 0.080*** 0.034* 0.038** 0.046** 0.094*** 
  (4.41) (3.83) (1.68) (1.96) (2.24) (4.10) 
LnASSETS -0.048*** -0.042*** -0.020** -0.024** -0.035*** -0.062*** 

  (-4.74) (-4.14) (-2.06) (-2.44) (-3.55) (-5.65) 

RD_ASSETS -0.150* -0.180** 0.032 -0.321*** -0.302*** -0.302*** 
  (-1.79) (-2.14) (0.40) (-4.00) (-3.66) (-3.32) 

ROA 0.006 -0.002 -0.016 -0.011 -0.008 -0.013 
  (0.17) (-0.04) (-0.47) (-0.33) (-0.23) (-0.33) 

LnAGE -0.036 -0.050** 0.048** 0.019 0.030 0.014 
  (-1.46) (-2.02) (2.05) (0.80) (1.25) (0.52) 

PPE_ASSETS -0.064 -0.033 0.031 0.104* 0.081 -0.008 

  (-1.11) (-0.57) (0.57) (1.89) (1.43) (-0.13) 
LEVERAGE -0.023 -0.018 0.005 0.062** 0.082*** 0.035 

  (-0.73) (-0.58) (0.15) (2.06) (2.64) (1.03) 
CAPEX_ASSETS 0.180** 0.163* 0.090 0.027 0.013 0.174* 

  (1.99) (1.81) (1.05) (0.31) (0.15) (1.77) 

Q -0.004 -0.004 -0.005 -0.004 -0.008** -0.010*** 
  (-1.35) (-1.41) (-1.49) (-1.33) (-2.52) (-2.84) 

KZ 0.001 0.001** -0.001*** -0.001 -0.001 -0.001*** 
  (1.16) (1.98) (-2.76) (-0.13) (-0.76) (-2.81) 

GSALES -0.016*** -0.015*** -0.016*** -0.009* -0.008 -0.015** 
  (-2.83) (-2.71) (-3.04) (-1.66) (-1.42) (-2.56) 

RET -0.001 0.001 0.006 -0.005 -0.003 0.010* 

  (-0.05) (0.26) (1.24) (-1.03) (-0.61) (1.75) 
RETVOL 0.041** 0.039** -0.008 0.021 0.023 0.026 

  (2.15) (2.04) (-0.42) (1.16) (1.23) (1.26) 
HHI 0.453*** 0.432*** -0.271*** 0.090 0.125 -0.216* 

  (4.39) (4.18) (-2.75) (0.91) (1.24) (-1.92) 

HHI2 -0.602*** -0.591*** 0.241** -0.107 -0.136 0.190 
  (-5.27) (-5.17) (2.20) (-0.98) (-1.21) (1.53) 

INSTOWN -0.002 -0.003 0.035 0.025 0.035 0.027 
  (-0.08) (-0.08) (1.13) (0.79) (1.10) (0.75) 

ILLIQ -0.049* -0.035 0.023 -0.028 -0.023 -0.045 

  (-1.76) (-1.26) (0.86) (-1.03) (-0.84) (-1.49) 
LnCOV 0.036*** 0.036*** 0.011 0.012 0.017* 0.020** 

  (3.82) (3.89) (1.28) (1.39) (1.83) (1.97) 
Number of obs. 12,494  12,494  12,494  12,494  12,494  12,494  

Adjusted R2 0.882  0.885  0.887  0.893  0.883  0.845  
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TABLE 8 Possible channels: rivals’ innovation. 
This table reports DiD tests on how exogenous changes in management earnings forecast due to the 

enactment of SOX Section 404 affect rivals’ innovation. RPAT (RCIT) is the natural logarithm of one plus 

the average of number of patents filed (number of nonself citations per patent) of a firm’s competitors. 

Industries are classified using the Fama-French 48 industry system. Filer is a dummy variable that equals 

one if a firm is classified as an accelerated filer. Post is a dummy variable indicating that a firm has a fiscal 

year ending on or after November 15, 2004. Control variables are defined in the Appendix A and 

winsorized at the 1st and 99th percentiles. All regressions include firm and year fixed effects. Intercepts are 

not reported. Heteroskedasticity-robust t-statistics with standard errors clustered by firm are reported in 

parentheses. *, **, *** represent significance at the 10 percent, 5 percent, and 1 percent levels, respectively 

(two-tailed). 

  RPATt+1 RCITt+1 RPATt+2 RCITt+2 RPATt+3 RCITt+3 

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

Post × Filer 0.062*** 0.101*** 0.106*** 0.149*** 0.131*** 0.145*** 
  (4.43) (5.02) (5.66) (6.90) (5.93) (6.01) 
LnASSETS 0.062*** 0.056*** 0.105*** 0.09*** 0.05** 0.019 

  (4.54) (2.84) (5.74) (4.26) (2.28) (0.78) 
RD_ASSETS 0.187** 0.196 -0.234* -0.023 -0.359*** 0.009 

  (2.01) (1.47) (-1.89) (-0.16) (-2.59) (0.06) 
ROA 0.105*** 0.171*** 0.071 0.107* -0.064 -0.058 

  (2.58) (2.93) (1.30) (1.72) (-1.03) (-0.85) 

LnAGE 0.074 -0.553*** -0.123* -0.814*** -0.22*** -0.659*** 
  (1.51) (-7.88) (-1.88) (-10.89) (-2.68) (-7.39) 

PPE_ASSETS 0.054 0.087 0.109 0.009 0.272** 0.024 
  (0.73) (0.83) (1.11) (0.08) (2.42) (0.20) 

LEVERAGE -0.095*** -0.096* -0.132*** -0.114** -0.054 -0.077 

  (-2.67) (-1.90) (-2.79) (-2.10) (-0.99) (-1.31) 
CAPEX_ASSETS -0.073 0.101 0.001 0.111 -0.104 0.018 

  (-0.62) (0.59) (0.01) (0.61) (-0.57) (0.09) 
Q 0.004 0.007 0.025*** 0.024*** 0.022*** 0.007 

  (0.99) (1.15) (4.32) (3.69) (3.53) (1.04) 
KZ 0.001 0.001* 0.001*** 0.001*** 0.001 0.001 

  (0.14) (1.87) (2.83) (2.63) (0.31) (0.54) 

GSALES 0.007 0.013 0.004 0.005 -0.006 -0.003 
  (0.90) (1.26) (0.45) (0.48) (-0.55) (-0.24) 

RET 0.002 0.005 -0.002 -0.012 0.002 -0.015* 
  (0.42) (0.66) (-0.26) (-1.44) (0.29) (-1.78) 

RETVOL 0.016 0.127*** 0.031 0.145*** 0.03 0.105*** 

  (0.71) (4.04) (1.05) (4.31) (0.95) (3.01) 
HHI -0.144 -0.081 -0.033 -0.125 0.112 -0.064 

  (-0.97) (-0.38) (-0.17) (-0.55) (0.48) (-0.25) 
HHI2 0.126 0.102 -0.015 0.11 -0.237 0.057 

  (0.85) (0.48) (-0.08) (0.48) (-0.99) (0.22) 

INSTOWN -0.033 0.055 0.007 0.001 0.031 -0.02 
  (-0.84) (0.98) (0.13) (0.02) (0.52) (-0.31) 

ILLIQ -0.001 0.09* -0.072 0.023 0.074 0.159*** 
  (-0.01) (1.78) (-1.53) (0.43) (1.44) (2.87) 

LnCOV 0.002 0.015 -0.001 -0.007 0.005 -0.008 
  (0.15) (0.92) (-0.03) (-0.40) (0.30) (-0.39) 

Number of obs. 13,648  13,648  13,648  13,648  11,031  11,031  

Adjusted R2 0.928  0.753  0.880  0.767  0.899  0.803  
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TABLE 9 Possible channels: information asymmetry. 
This table reports DiD tests on how exogenous changes in management earnings forecast due to the 

enactment of SOX Section 404 affect the firm’s information asymmetry. IVOL is idiosyncratic volatility 

that is the standard deviation of the residuals from a market model regression estimated for the year. AFE is 

forecast error as the median of the ratio of the absolute difference between forecast earnings and actual 

earnings per share to the price per share for the year. Filer is a dummy variable that equals one if a firm is 

classified as an accelerated filer. Post is a dummy variable indicating that a firm has a fiscal year ending on 

or after November 15, 2004. Control variables are defined in the Appendix A and winsorized at the 1st and 

99th percentiles. All regressions include firm and year fixed effects. Intercepts are not reported. 

Heteroskedasticity-robust t-statistics with standard errors clustered by firm are reported in parentheses. *, 

**, *** represent significance at the 10 percent, 5 percent, and 1 percent levels, respectively (two-tailed). 

 

  IVOL AFE 

 (1) (2) 

Post × Filer -0.597*** -0.011*** 
  (-6.95) (-6.11) 

LnASSETS 0.228** 0.001 

  (2.54) (0.01) 
RD_ASSETS 0.452 -0.036*** 

  (0.75) (-3.62) 
ROA 1.502*** -0.042*** 

  (5.65) (-9.08) 
LnAGE -1.193*** -0.004 

  (-3.25) (-1.04) 

PPE_ASSETS -3.277*** 0.022*** 
  (-6.99) (3.03) 

LEVERAGE -0.508** 0.01*** 
  (-2.29) (3.05) 

CAPEX_ASSETS 4.783*** -0.024** 

  (6.38) (-2.12) 
Q 0.249*** -0.001 

  (8.87) (-1.08) 
KZ -0.003*** 0.001 

  (-3.35) (1.03) 
GSALES -0.027 0.001 

  (-0.57) (0.53) 

RET -0.008 -0.005*** 
  (-0.25) (-9.82) 

RETVOL 1.531*** 0.018*** 
  (11.03) (6.87) 

HHI 1.909** 0.002 

  (2.10) (0.18) 
HHI2 -1.747* -0.008 

  (-1.94) (-0.55) 
INSTOWN 1.474*** -0.007** 

  (5.89) (-1.99) 

ILLIQ -1.987*** 0.007** 
  (-9.08) (2.03) 

LnCOV 0.204*** -0.001 
  (2.82) (-0.68) 

Number of obs. 12,207  9,550  
Adjusted R2 0.774  0.671  
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TABLE 10 Effect of hypothesized channels on innovation. 
This table reports DiD tests on the effect of hypothesized channels on innovation using an exogenous 

change in management earnings forecast due to the enactment of SOX Section 404. The hypothesized 

channels are defined in Tables 6, 7, and 9. Filer is a dummy variable that equals one if a firm is classified 

as an accelerated filer. Post is a dummy variable indicating that a firm has a fiscal year ending on or after 

November 15, 2004. Control variables are defined in the Appendix A and winsorized at the 1st and 99th 

percentiles. All regressions include firm and year fixed effects. Intercepts are not reported. 

Heteroskedasticity-robust t-statistics with standard errors clustered by firm are reported in parentheses. *, 

**, *** represent significance at the 10 percent, 5 percent, and 1 percent levels, respectively (two-tailed). 

 

  PATt+1 CITt+1 PATt+1 CITt+1 PATt+1 CITt+1 

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

Post × Filer × DED 0.007 0.006   0.006 0.005 
 (0.91) (0.72)   (0.98) (0.59) 

Post × Filer × NONDED -0.024*** -0.057***   -0.031*** -0.07*** 

 (-2.62) (-4.23)   (-2.79) (-4.38) 
Post × Filer × Outgoing -0.020** -0.011**   -0.008** -0.008** 

 (-2.10) (-2.42)   (-2.02) (-2.35) 
Post × Filer × IVOL   0.006 0.023*** 0.009 0.011 

   (1.35) (3.70) (1.54) (1.29) 

Post × DED 0.009* 0.003   0.011* 0.004 
 (1.72) (0.43)   (1.71) (0.41) 

Post × NONDED -0.004 -0.014   -0.009 -0.024 
 (-0.40) (-0.92)   (-0.75) (-1.38) 

Post × Outgoing -0.002 -0.002   -0.002 -0.002 
 (-0.67) (-0.54)   (-0.60) (-0.46) 

Post × IVOL   0.013** 0.031*** 0.003 0.001 

   (2.57) (4.26) (0.42) (0.12) 
Control variables Yes Yes Yes Yes Yes Yes 

Number of obs. 12,494  12,494  12,207 12,207 12,182  12,182  
Adjusted R2 0.947 0.791 0.947 0.788 0.949 0.794 
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TABLE 11 Effect of market competition. 
This table presents the results from regressions of corporate innovation on management earnings forecast conditional on market competition. PAT (CIT) is the 

natural logarithm of one plus number of patents filed (number of nonself citations per patent). LnMF is the log of one plus number of earnings forecasts issued. 

Post is a dummy variable indicating that a firm has a fiscal year ending on or after November 15, 2004. Filer is a dummy variable that equals one if a firm is 

classified as an accelerated filer. High (Low) columns present the result for a firm operating in an industry whose Herfindahl-Hirschman index (HHI) lies in the 

bottom (top) half of its empirical distribution. Industries are classified using the Fama-French 48 industry system. Control variables are defined in the Appendix 

A and winsorized at the 1st and 99th percentiles. All regressions include firm and year fixed effects. Intercepts are not reported. Heteroskedasticity-robust 

t-statistics with standard errors clustered by firm are reported in parentheses. All differences in the coefficients of LnMF and Post ×  Filer between high and low 

competition industries are statistically significant at conventional levels according to F-tests. *, **, *** represent significance at the 10 percent, 5 percent, and 1 

percent levels, respectively (two-tailed). 

 

  PATt+1 CITt+1 PATt+2 CITt+2 PATt+3 CITt+3 

  Low High Low High Low High Low High Low High Low High 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

Panel A: OLS Estimation 

LnMF -0.002 -0.011** -0.015* -0.031*** -0.005 -0.021*** -0.025*** -0.046*** -0.020*** -0.032*** -0.031*** -0.054*** 

 (-0.39) (-2.28) (-1.90) (-3.64) (-1.28) (-4.10) (-3.17) (-5.53) (-4.06) (-6.05) (-4.23) (-6.68) 

Control variables Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Number of obs. 19,402  19,397  19,402  19,397  18,126  18,121  18,126  18,121  16,814  16,809  16,814  16,809  

Adjusted R2 0.911 0.913 0.677 0.694 0.905 0.906 0.656 0.669 0.894 0.890 0.643 0.645 

Panel B: Generalized Difference-in-Differences Estimation 

Post ×  Filer -0.037* -0.068** -0.071** -0.133*** -0.040** -0.071** -0.060** -0.098** -0.028 -0.080*** -0.114*** -0.213*** 

 (-1.85) (-2.36) (-2.10) (-3.20) (-2.05) (-2.48) (-2.05) (-2.45) (-1.39) (-2.66) (-3.89) (-6.04) 

Control variables Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Number of obs. 6,823 6,825 6,823 6,825 6,823 6,825 6,823 6,825 5,515 5,516 5,515 5,516 

Adjusted R2 0.918  0.902  0.729  0.758  0.919  0.902  0.717  0.719  0.915  0.893  0.645  0.690  

Panel C: Instrumental Variable Estimation 

LnMF -0.219*** -0.417*** -0.582*** -0.993*** -0.232*** -0.498*** -0.334** -0.798*** -0.375*** -0.814*** -0.314** -0.685*** 

 (-2.81) (-4.57) (-4.05) (-6.63) (-2.90) (-5.33) (-2.39) (-5.39) (-4.24) (-7.45) (-2.39) (-4.86) 

Control variables Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Number of obs. 19,412  19,387  19,412  19,387  18,135  18,112  18,135  18,112  16,822  16,801  16,822  16,801  

Adjusted R2 0.902 0.901 0.654 0.665 0.890 0.890 0.633 0.641 0.857 0.836 0.619 0.617 
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TABLE 12 Effect of industry information diffusion. 
This table presents the results from regressions of corporate innovation on management earnings forecast conditional on industry information diffusion. PAT 

(CIT) is the natural logarithm of one plus number of patents filed (number of nonself citations per patent). LnMF is the log of one plus number of earnings 

forecasts issued. Post is a dummy variable indicating that a firm has a fiscal year ending on or after November 15, 2004. Filer is a dummy variable that equals 

one if a firm is classified as an accelerated filer. High (Low) columns present the result for a firm operating in an industry whose average analyst dispersion lies 

in the bottom (top) half of its empirical distribution. Average analyst dispersion is defined as the average of the standard deviation of analysts’ annual earnings 

forecast divided by the absolute value of the mean forecast for all firms in an industry. Industries are classified using the Fama-French 48 industry system. 

Control variables are defined in the Appendix A and winsorized at the 1st and 99th percentiles. All regressions include firm and year fixed effects. Intercepts are 

not reported. Heteroskedasticity-robust t-statistics with standard errors clustered by firm are reported in parentheses. All differences in the coefficients of LnMF 

and Post ×  Filer between high and low industry information diffusion are statistically significant at conventional levels according to F-tests. *, **, *** represent 

significance at the 10 percent, 5 percent, and 1 percent levels, respectively (two-tailed).  

 

  

  PATt+1 CITt+1 PATt+2 CITt+2 PATt+3 CITt+3 

  Low High Low High Low High Low High Low High Low High 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

Panel A: OLS Estimation 

LnMF -0.003 -0.012*** -0.002 -0.038*** -0.005 -0.019*** -0.021** -0.037*** -0.018*** -0.031*** -0.030*** -0.047*** 

 (-0.66) (-2.80) (-0.20) (-5.24) (-0.96) (-4.35) (-2.22) (-5.14) (-3.42) (-7.00) (-3.26) (-6.65) 

Control variables Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Number of obs. 18,927  19,872  18,927  19,872  17,682  18,565  17,682  18,565  16,402  17,221  16,402  17,221  

Adjusted R2 0.901 0.921 0.675 0.706 0.896 0.917 0.660 0.689 0.882 0.908 0.639 0.669 

Panel B: Generalized Difference-in-Differences Estimation 

Post ×  Filer -0.052** -0.080*** -0.069** -0.156*** -0.035 -0.111*** -0.081** -0.127*** -0.018 -0.085** -0.131*** -0.200*** 

 (-2.24) (-2.72) (-2.15) (-3.29) (-1.47) (-3.77) (-2.48) (-2.93) (-0.63) (-2.43) (-3.37) (-4.03) 

Control variables Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Number of obs. 6,819 6,829 6,819 6,829 6,819 6,829 6,819 6,829 5,507 5,511 5,507 5,511 

Adjusted R2 0.927  0.900  0.802  0.739  0.925  0.901  0.751  0.716  0.929  0.910  0.741  0.731  

Panel C: Instrumental Variable Estimation 

LnMF -0.053 -0.153** -0.110 -0.486*** -0.072 -0.157** -0.053 -0.329*** -0.070 -0.170** -0.109 -0.330*** 

 (-0.87) (-2.26) (-1.07) (-3.90) (-1.16) (-2.32) (-0.52) (-2.68) (-1.10) (-2.41) (-1.08) (-2.81) 

Control variables Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Number of obs. 19,466  19,333  19,466  19,333  18,185  18,062  18,185  18,062  16,869  16,754  16,869  16,754  

Adjusted R2 0.921 0.901 0.709 0.676 0.917 0.897 0.691 0.661 0.907 0.881 0.670 0.640 
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TABLE 13 Information content of voluntary disclosure. 
This table presents estimates from a two-stage Heckman self-selection model. In the first stage, the probit regression is estimated: 

Pr(MFDi,t) = 0 + 'Xi,t +1LnSHRi,t + j + t + i,t, 

where MFDi,t is an indicator variable that takes the value of one for firm i making a forecast during year t and 0 otherwise. X is a set of control variables as 

defined in Equation (1). LnSHR is the log of the number of shareholders of the firm adjusted by the log of the mean number of shareholders in the firm’s size 

decile.  and  capture industry and year fixed effects.  is an error term. In the second stage, the OLS regression is estimated: 

PATi,t+n (CITi,t+n) = 0 + 1LnHORIZONi,t + 2PRECISIONi,t + 'Xi,t + j + t + 2MILLSi,t + i,t, 

where PATi,t+n (CITi,t+n) is the natural logarithm of one plus number of patents filed (number of nonself citations per patent) of firm i in year t + 1. FORECAST is 

either LnHORIZON or PRECISION. LnHORIZON is the natural logarithm of forecast horizon, which is the date of the end of the fiscal period being forecasted 

minus the date when the management forecast is issued. PRECISION is the forecast precision, which equals four for point estimates, three for range estimates, 

two for open-ended estimates, and one for qualitative estimates. MILLS is the inverse Mills ratio computed from the first-stage probit regression. Control 

variables are defined in the Appendix A and winsorized at the 1st and 99th percentiles. All regressions include industry and year fixed effects. Intercepts are not 

reported. Heteroskedasticity-robust t-statistics with standard errors clustered by firm are reported in parentheses. *, **, *** represent significance at the 10 

percent, 5 percent, and 1 percent levels, respectively (two-tailed). 

  First-Stage  Second-Stage 

Second-stage  MFDt  PATt+1 CITt+1 PATt+1 CITt+1 

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

LnHORIZON   -0.047*** -0.055***   

    (-4.38) (-5.62)   

PRECISION 

 
    -0.065*** -0.062*** 

     (-4.25) (-4.47) 

LnSHR 0.054***      

  (5.37)      

MILLS   0.115*** 0.115*** 0.135*** 0.138*** 

   (4.85) (5.33) (5.80) (6.53) 

Control variables Yes  Yes Yes Yes Yes 

Number of obs. 38,799  12,379 12,379 12,379 12,379 

Adjusted R2 0.446  0.222 0.128 0.221 0.127 

 


