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Frequent Financial Reporting and Managerial Myopia 
 

1. Introduction    

Corporate managers and practitioners often lament that frequent disclosure of financial 

reports (e.g., quarterly) causes investors and firms to become too focused on short term 

performance, resulting in myopic investment decisions.1 For example, citing concerns about 

losing focus on its long term goals, Google (around its IPO in 2004) refused to provide quarterly 

guidance to analysts. Similarly, Paul Polman, the Unilever CEO, famously stopped the practice 

of issuing quarterly reports since 2009 and notes the following on the benefits of doing so:2 

“Better decisions are being made. We don’t have discussions about whether to 
postpone the launch of a brand by a month or two or not to invest capital, even if 
investing is the right thing to do, because of quarterly commitments.” 
 
Regulators and lawmakers have also voiced similar concerns. Concerned about the 

myopia induced by quarterly reporting, the EU abolished quarterly reporting in 2013 and UK 

took a similar step in late 2014. Many have recommended that the US follow suit (Benot, 2015, 

Wall Street Journal). In support of these arguments, recent theoretical studies (Hermalin and 

Weisbach, 2012; Gigler et al., 2014; Edmans et al., 2015a) suggest that greater disclosure can 

indeed cause managers to make myopic investment choices.  

Yet, availability of timely public information is considered vital for efficient resource 

allocation in capital markets and prior research suggests that increased public disclosure can also 

beneficially affect corporate investments. For example, it may improve firms’ access to financing 

by reducing informational frictions between firms and capital providers, allowing the firm to 

invest in a larger set of positive NPV projects. Second, the increased transparency allows 

                                                 
1 In their influential survey, Graham et al. (2005) note many CFOs deploring the culture of meeting quarterly targets 
and saying that it inhibits them from thinking about long-term growth; also, 78% note that they would be willing to 
sacrifice value in order to meet quarterly earnings target. 
2 See the commentary entitled “Business, society, and the future of capitalism” in Polman (2014). 
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monitoring and disciplining corporate managers, reducing any over- or under-investment 

stemming from managerial agency problems. Therefore, whether reporting frequency affects a 

firm’s investment decisions favorably or adversely is ultimately an open empirical question that 

we explore in this study.    

Empirically identifying the effect of reporting frequency on investment decisions is a 

challenging task. In the US, there is currently no cross-sectional variation in reporting frequency 

because the SEC regulation requires all publicly listed firms to report on a quarterly basis. While 

there is variation in reporting frequencies across international jurisdictions, in the international 

setting it is difficult to separate the causal effect of reporting frequency from other features of 

countries’ institutional and regulatory environments. 

We consider a different setting that exploits the variation in US firms’ reporting 

frequencies over an earlier time period 1950-1970. The SEC required annual reporting of 

financial statements in 1934, changed the required frequency to semi-annual reporting in 1955, 

and eventually changed to quarterly reporting in 1970. What is also particularly helpful for our 

empirical identification is that many firms were forced to report at quarterly frequency even 

before the SEC mandate because of the more stringent reporting requirements imposed by some 

of the stock exchanges. For example, in 1929, NYSE asked all firms to amend their listing 

agreement to commit to quarterly reporting.3 Unlike the NYSE, however, AMEX and the 

regional exchanges were not supportive of quarterly reporting; these exchanges softened their 

stance only in 1962, requiring newly listed firms to report quarterly and pressuring already-listed 

firms do so, following which many AMEX firms adopted quarterly reporting frequency. The 

staggered timing of the change in reporting frequency gives us a natural group of control firms to 

                                                 
3 Butler et al. (2007) note that 90% of the active domestic firms on NYSE were complying with this requirement 
before the first SEC mandate in 1955.  
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implement a difference-in differences (DiD) design in which we compare the change in 

investments of treatment firms around a reporting frequency increase relative to the 

contemporaneous change in investments for the control firms with unchanged  reporting 

frequency. This design mitigates concerns about the effect of unobserved common shocks or 

cross-sectional differences across firms.  

Our DiD estimates suggest that firms significantly reduce investments in fixed assets 

following an increase in reporting frequency.4,5 The reduction is economically meaningful in that 

we observe a reduction of approximately 1.5% to 1.9% of total assets, which roughly 

corresponds to 15% to 21% of the standard deviation of investments in our sample. Moreover, 

the reduction in investments is persistent for at least 5 years, and is robust to use of several 

alternative matching procedures and sample selections.  

Under the assumption that treatment and control firms share parallel trends in 

investments, absent changes in reporting frequency, the DiD estimates represent the causal effect 

of increased reporting frequency (Angrist and Pischke, 2009). Our tests show that changes in 

investment levels of treatment and control firms prior to the reporting frequency increases are 

indeed indistinguishable. Nonetheless, an important concern, as in any DiD setting, is whether 

the parallel trends would have continued in the post-treatment period absent any changes in 

reporting frequency. Such a violation of parallel trends assumption could occur if, for example, 

reporting frequency changes systematically coincide with declines in growth opportunities. 

Under such a scenario, investments for treatment and control firms would diverge even without 

                                                 
4 Investment in fixed assets is suitable for examining our hypothesis because, as discussed in details in Section 4.3, 
prior research shows that managerial myopia indeed can manifest in the form of underinvestment in fixed assets. 
Reduction in fixed asset investment avoids depreciation expense and any attendant interest costs associated with 
necessary debt financing thereby improving earnings in the short run. In addition, reduced capital expenditures can 
increase free cash flows in the short run, which are often used by financial analysts to value firms. 
5 We also considered using R&D related investment measures, but R&D data is not available during our sample 
period. 
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the change in reporting frequency and the DiD estimate would be contaminated by the effect of 

concurrent changes in growth opportunities.  

We note that because the timing of the reporting frequency changes for our treatment 

firms is exogenously imposed by the SEC or the stock exchanges, it is unlikely to systematically 

coincide with changes in growth opportunities. In support of this argument, we find that 

inclusion of controls for time-varying firm characteristics causes little change in the estimated 

effect of the reporting frequency increase, suggesting that the reporting frequency shocks are 

close to random at firm level and are not systematically coinciding changes in firm 

characteristics. Moreover, the results are robust to inclusion of state-year or even industry-year 

interactive fixed effects, which flexibly absorb the effect of any time-varying shocks at the 

industry or state level that could coincide with reporting frequency increases. 

 The investment decline is consistent with two possible, although not mutually exclusive, 

effects of reporting frequency. First, it could reflect myopic underinvestment by managers 

because of amplified capital market pressures induced by frequent reporting (myopia channel). 

Alternatively, it could represent a correction of previous excess investments by managers due to 

the discipline imposed by frequent reporting (disciplining channel). We conduct two sets of tests 

to assess the relative effects of the two channels. 

First, we attempt to distinguish between the two channels by examining the operating 

performance around the reporting frequency increase. If the investment decline reflects a 

reduction in prior overinvestment, then firms should be able to produce prior levels of economic 

output using fewer resources, leading to greater future productivity. In contrast, because of 

forgone attractive investment opportunities, the myopia channel predicts lower growth and 

productivity. Consistent with the myopia channel, we find evidence of a decline in productivity 
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(measured using asset turnover and ROA) and lowering of sales growth subsequent to the 

reporting frequency increase.  

Second, we examine the effect of financial slack prior to reporting frequency increases. 

Because managers are likely to overinvest only when they have surplus cash (e.g., Jensen, 1986), 

the disciplining channel suggests that the decline in investments should manifest more when 

there is sufficient financial slack prior to reporting frequency increase. In contrast, the myopia 

channel predicts greater investment decline when there is less financial slack as managers of 

such firms face greater capital market pressure to boost short term stock price in anticipation of 

future equity issuances and enhanced capital market scrutiny (Stein 1989).6 Again, consistent 

with myopia channel, we find that the investment decline primarily manifests for firms with less 

financial slack.  

Collectively, the evidence suggests that a significant portion of the investment decline 

stemming from increased reporting frequency is due to managerial myopia. Our paper makes 

three contributions to extant literature and practice. First, we contribute to the growing stream of 

research that examines the role of capital market features, governance, and ownership on 

managerial myopia. For example, Edmans et al. (2015b) and Ladika and Sautner (2015) examine 

the role of equity incentives, Asker et al. (2015) and Bernstein (2015) examine the role of public 

ownership, He and Tian (2013) examine the role of financial analysts, Fang et al. (2014) examine 

the role of stock liquidity, Aghion et al. (2013) and Bushee (1998) examine the role of 

institutional investors, and Atanassov (2013) examines the roles of antitakeover laws. We 

suggest that frequent financial reporting is another institutional feature that can motivate myopic 

managerial behavior.  

                                                 
6 Other reasons that cause managers to care about short term performance considered in the literature include career 
concerns, stock based compensation, takeover threat, and presence of impatient investors. We are unable to measure 
these incentives because of lack of data during our sample period. 
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Second, we contribute to the work on economic consequences of increased mandated 

public information disclosure. Prior research suggests that increased transparency is beneficial 

through improved liquidity and reduced cost of capital (e.g., Balakrishnan et al., 2014; Leuz and 

Verrecchia, 2000). To the best of our knowledge, our is the first study to provide evidence that 

increased mandated disclosure can also have adverse real effects that are suggestive of myopic 

management behavior. Finally, our paper has implications for practice as the merits of quarterly 

reporting continue to be debated in the US and the rest of the world. The evidence in our paper 

supports the recent decision by both EU and UK to abandon the mandatory quarterly reporting 

requirement.  

2. Theoretical link between reporting frequency and corporate myopia 

 Building upon early theoretical work (e.g., Stein, 1988, 1989) on managerial myopia, 

several recent studies (e.g., Hermalin and Weisbach, 2012; Gigler et al., 2014; Edmans et al., 

2015a) highlight that increasing the reporting frequency can create incentives for managers to 

make myopic investment decisions that boost short term profits at the expense of longer run firm 

value.7 Stein (1989) shows that corporate myopia can manifest even in efficient capital markets 

with rational corporate managers and investors as long as two conditions are satisfied. First, 

corporate managers must exhibit some concern for short term stock prices when evaluating 

investments.8 Second, there are information asymmetries between corporate managers and 

investors about investment expenditures; i.e., compared to corporate managers, investors are not 

fully able to distinguish expenditures that will yield long-term benefits from those that will not. 

                                                 
7 For more examples of theoretical models of myopic behavior, also see Narayanan (1985), Miller and Rock (1985), 
Shleifer and Vishny (1990), Bebchuk and Stole (1993), Von Thadden (1995), and Holmstrom (1999). Also, see 
Froot, Perold, and Stein (1992) for an intuitive explanation of the conditions that give rise to managerial myopia in 
equilibrium. 
8 Theoretical studies argue that this could be because lower prices in short run may expose the managers to a hostile 
takeover, lead to lower stock based compensation or corporate managers may be concerned about job termination 
following poor stock price performance. 
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As a result, investors may mistakenly attribute lower earnings in the short run caused by 

expenditures that will yield benefits only in the long run to managerial misbehavior or poor 

business prospects, leading to lower stock prices in the short run. This makes corporate managers 

(who are sufficiently averse to undervaluation of their stock in the short run) reluctant to making 

investments in long-term oriented projects.  

 Gigler et al. (2014) extend Stein’s (1989) work to show that increasing the reporting 

frequency can exacerbate incentives for myopic investment behavior. This occurs because 

increasing the reporting frequency produces shorter term earnings measures that fail to reflect the 

value of managerial actions that generate value only in the long run. This, in turn, engenders 

premature evaluation of managers that makes it unviable for them to engage in long-term 

investments. Thus, a more frequent reporting regime, exacerbates the disincentives to invest in 

long term projects.  

Using a different theoretical approach, Hermalin and Weisbach (2012) and Edmans et al. 

(2015a) also show that increased transparency that facilitates close monitoring of the agent can 

amplify agent’s incentive to myopically deliver high performance in the short run. Better 

disclosure in these models increases the principal’s reliance on the disclosure to make inferences 

about agent’s ability or firm value. This, in turn, increases the marginal benefit the agent derives 

by influencing the signal to favorably influence perceptions about ability/firm value.  

 If increased frequency results in such myopic behavior why then do we observe managers 

voluntarily increasing the reporting frequency? Edmans et al. (2015a) examine this issue by 

evaluating the investment effects in a voluntary disclosure regime in which managers may 

choose to provide less disclosure to avert myopic pressures. They find that such a commitment, 
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however, is not credible and the equilibrium solution involves higher disclosure by managers and 

myopic under-investment in long run projects. 

   Although frequent reporting increases managerial tendency to make myopic investment 

choices, prior research suggests that it can also beneficially affect corporate investments in two 

ways. First, it could reduce informational frictions between corporate managers and external 

capital providers, reducing firms’ cost of capital and allowing them to invest in a larger set of 

positive NPV projects (the financing channel).9 Under this channel, we predict that frequent 

reporting would lead to an increase in investments. Second, it could discipline managerial 

investment decisions by increasing the informational efficiency of stock prices that are used for 

evaluating and compensating managers (see Bond et al. (2012) for a survey) and also by 

facilitating direct monitoring of managerial actions by board of directors and investors (the 

disciplining channel). Therefore, under this channel we expect increased reporting frequency to 

reduce any inefficient over- or under-investment stemming from managerial agency problems, 

but the direction of the effect is ambiguous. That is, a reporting frequency increase could cause 

an increase or decrease in investments depending on whether a firm faces an under- or over-

investment problem.  

3. Research setting and historical context 

We use the staggered variations in the financial reporting frequency over the years 1950-

1970 as our research setting. Prior to the Securities Acts of 1933 and 1934, financial reporting 

requirements were largely governed by stock exchanges. As early as 1900, NYSE listing 

agreements began to require annual reporting of balance sheet and earnings information, and by 

1910 annual reporting had become the norm (Shultz, 1936; NYSE, 1939). Agreements for 

                                                 
9 For theoretical work that shows that reducing information asymmetry reduces cost of capital, see Stiglitz and 
Weiss (1981), Myers and Majluf (1984), Diamond (1985), Merton (1987), Diamond and Verrecchia (1991), Easley 
and O’Hara (2004), and Lambert, Leuz and Verrecchia (2012).  
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semiannual reporting followed within the next ten years (e.g., the Cluett, Peabody Company in 

1914). Beginning in 1923, the NYSE required all newly listed companies to publish quarterly 

financial statements and pressured already listed companies to do the same. In 1926, the NYSE 

asked all firms to amend their listing agreements to commit to quarterly reporting (NYSE, 1939). 

These efforts were reasonably successful and by the mid-1950s, 90% of the active domestic 

companies on NYSE were reporting quarterly (Taylor, 1963). 

Unlike the NYSE, neither the AMEX nor the regional exchanges supported quarterly 

reporting because of the concern that some firms, finding the regulation too burdensome, might 

choose to delist and move to the over-the-counter market. In 1962, the AMEX and the other 

exchanges finally softened their stances, requiring newly listed corporations to report quarterly 

and encouraging already-listed companies do so, following which many AMEX firms adopted 

quarterly reporting frequency. 

The reporting requirements mandated by the SEC also lagged behind those of the NYSE. 

Using the powers granted by the Securities Acts, the SEC initially mandated annual reporting of 

financial statements in 1934 and semi-annual reporting in 1955. The SEC did not consider 

quarterly reporting until the end of the 1960s when the Wheat Commission proposed quarterly 

reporting. In September 1969, the SEC proposed that companies file quarterly reports on a new 

Form 10-Q, a proposal finally adopted in October 1970 and effective for quarters ending after 

December 31, 1970.10   

Our research setting offers two key advantages for testing the effect of changes in 

reporting frequency on firms’ investment behavior. First, the changes in reporting frequency 

occurs at different times allowing us to implement a DiD design. Specifically, the fact that 

several firms already report on a more frequent basis either voluntarily or due to the exchange 
                                                 
10 For a richer description of the historical context, we refer the reader to Taylor (1963) and Butler et al. (2007). 
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listing requirements gives us a natural set of control firms for our DiD design. Second, by 

focusing on a sample of treatment firms that were forced to change the reporting frequency 

(either because of the SEC mandate or exchange requirements), we can mitigate endogeneity 

concerns associated with firms’ voluntary choice of reporting frequency.  

4. Sample and Research design 

4.1 Data on reporting frequency and description of matching approach 

 To construct our sample, we draw from the data on reporting frequency from Butler et al. 

(2007), who manually collect data on the financial statement reporting frequency from Moody’s 

Industrial News Reports (published semiweekly).11 From this sample, we derive a final matched 

sample containing 937 treatment firms matched to an equal number of control firms. We begin 

by identifying “treatment” firm-years consisting of firm-years when a firm increased its reporting 

frequency either voluntarily or involuntarily during the treatment year, but not during the two 

year period prior to the treatment year. Most of our analysis, however, is based on firms that 

changed their reporting frequency involuntarily. We consider a firm to have involuntarily 

increased its reporting frequency if the increase occurred either because of the two SEC 

mandates in years 1955 and 1970 or because of the strong pressure by the AMEX to report on a 

quarterly basis around 1962. More specifically, a firm is considered to have involuntarily 

increased its reporting frequency if the firm (i) increased the frequency to semiannual reporting 

starting in 1955; or (ii) increased the frequency to quarterly reporting after 1967;12 or (iii) is 

                                                 
11 Butler et al. (2007) collect this data for all NYSE and AMEX firms appearing on the monthly CRSP tapes in any 
year from 1950 to 1973. They eliminate industries that the SEC typically excludes from certain disclosure 
requirements (i.e., utilities, financial service, insurance, real-estate firms, and railroads and other transportation 
companies), leaving a sample of 3,702 firms to collect data on reporting frequency. For more details on the data 
sources and composition of the original sample, see Butler et al. (2007).  
12 Although the SEC mandated quarterly reporting in 1970, we follow the approach suggested in Butler et al. (2007) 
and Fu et al. (2012) and include firms that switched in the three years before 1970 because SEC discussions and 
proposals preceded the issuance of final mandate (Butler et al., 2007). This approach allows us to identify 
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listed on the AMEX and increased its frequency to quarterly reporting starting one year before 

and up to two years after 1962, the year in which the AMEX started urging existing firms and 

requiring newly listed firms to switch to quarterly reporting (See section 3). Our sample of 

involuntary adopters consists of 545 “treatment” firm years out of a total of 937 treatment firm-

years. 

Table 1, Panel A provides the frequency distribution of treatment firms across different 

reporting frequency changes. Notice that the frequency increase to quarterly reporting during the 

1961-65 period is substantial, consistent with the pressure on AMEX listed firms to report on a 

quarterly basis. In a subsequent robustness analysis we explore alternative definitions of 

involuntary adopters and show that our findings are robust even if we exclude treatment firms 

that increase reporting frequency under pressure from the AMEX. 

For each treatment firm-year we identify a matched “control” firm that did not change the 

reporting frequency in the same year (i.e., during the treatment year) in which the treatment firm 

changed the reporting frequency. We also require that control firms did not change the reporting 

frequency two years before and two years after the treatment year. We use propensity score 

matching to identify the set of control firms. Specifically, we estimate a propensity score model 

for each year to identify a control firm for each treatment firm in that year. We employ nearest 

neighbor matching and drop observations with propensity scores outside the common support to 

ensure high match quality (Smith and Todd, 2005). 

Following the approach suggested in Asker et al. (2015), for our baseline specifications, 

we follow a parsimonious matching approach based on firm size and industry to maximize the 

                                                                                                                                                             
involuntary adopters that increased reporting frequency in anticipation of the final mandate. We show later (Table 5, 
Panel B) that our findings are not sensitive if we use a more stringent time frame of involuntary adopters. 
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number of treatment firms that get retained in our sample.13 As explained later, our specifications 

control for other economic differences in treatment and control firms through firm-fixed effects 

and a variety of time varying controls. In the Appendix, we explore the sensitivity of our findings 

to a variety of matching approaches and show that our findings are robust if we match on several 

additional firm characteristics beyond size and industry membership.  

We measure size using logarithm of total assets and industry membership using Fama-

French 10 industry classification. While matching on the relatively broad Fama-French 10 

industry classification minimizes sample attrition, one may be concerned that this raises the 

possibility that our results may be driven by industry differences across treatment and control 

firms. We note that all of our specifications include firm fixed effects that remove any time 

invariant industry differences across treatment and control firms. Moreover, we show later that 

our results are also robust to inclusion of even industry-year interactive effects, which fully 

remove the effect of any time-varying industry differences across firms (see Gormley and Matsa 

(2014), who recommend this approach for removing industry differences). Finally, we show that 

our findings are robust if we alter our baseline matching approach to be based on Fama-French 

48 industry classification (See Appendix).  

Figure 1 presents the size distribution of our full sample of 937 matched pairs of 

treatment and control firms. It can be seen that the distribution for treatment and control firms is 

very similar. A t-test of differences in mean level of total assets across treatment and control 

firms in the treatment year cannot reject the null hypothesis of equal means (t-statistic = -0.44, 

result not tabulated). Table 1, Panel B presents the industry distribution of treatment and control 

                                                 
13 Asker et al. (2015) point to the problems associated with overmatching when considering many variables in the 
propensity score matching (see also Heckman et al. (1999) for a discussion of this point). The issue is that while one 
can make matched firms arbitrarily similar on many dimensions, such a matching procedure can result in firms in 
the final sample that are ever less representative of their respective groups. Moreover, the reduced sample size 
decreases statistical power. 
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firms. A visual inspection reveals that the industry distribution of treatment and control firms is 

also similar. A chi-square test (not tabled) of the difference in proportions across industries 

between the treatment and control sample is not statistically significant. Thus, our matching 

procedure yields satisfactory match quality. 

4.2 Empirical specification and key identification challenge 

To examine the effect of reporting frequency on investments, we estimate the following 

DiD specification on the matched sample:  

𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝑖,𝑠,𝑡 = 𝛼𝑖 + 𝛾𝑠,𝑡 + 𝛽1 𝐴𝐴𝐼𝐼𝐴𝑖,𝑡 + 𝛽2𝐼𝐴𝐼𝐴𝐼𝑖 ∗ 𝐴𝐴𝐼𝐼𝐴𝑖,𝑡 + 𝜆𝑍𝑖,𝑡 + 𝜀𝑖,𝑠,𝑡            (1) 

where 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝑖,𝑠,𝑡 is the amount of net additional investments for firm i, headquartered in 

state s, during the year t; 𝐼𝐴𝐼𝐴𝐼𝑖 is an indicator variable for treatment firms; 𝐴𝐴𝐼𝐼𝐴𝑖,𝑡 is an 

indicator variable that equals 1 for periods after the treatment year and 0 for periods prior to the 

treatment year. For each matched treatment and control firm, we include data for up to five years 

before and after the treatment year, i.e., t = (-5,+5).14 We exclude the treatment year (t=0) from 

our analyses. 𝑍𝑖,𝑡 represents a vector of time-varying control variables and 𝛼𝑖 represents firm 

fixed effects. Finally, the equation also includes headquarter state and year interacted fixed 

effects, 𝛾𝑠,𝑡, to flexibly absorb the confounding effect of any contemporaneous changes in local 

business conditions (or growth opportunities) or any secular trends in investments coinciding 

with reporting frequency increases.15  

Our main coefficient of interest in equation (1) is 𝛽2, the coefficient on the interaction 

term 𝐼𝐴𝐼𝐴𝐼𝑖 ∗ 𝐴𝐴𝐼𝐼𝐴𝑖,𝑡, which measures the change in investments for treatment firms around 

                                                 
14 Our results are robust if we expand the window to include up to 6, 7, or 8 years of data before and after the 
reporting frequency increase. 
15 Note that state-year interactive fixed effects are more general and subsume simple year effects, which therefore 
have not been separately included in the equation. Similarly, the main effect of TREAT is omitted from the 
specification because its effect is subsumed by firm fixed effects. 
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reporting frequency increases (first difference) relative to contemporaneous changes in 

investments of control firms (second difference). Under the assumption that treatment and 

control firms share parallel trends in investments absent changes in reporting frequency, 𝛽2 

captures the causal effect of reporting frequency on investments (Angrist and Pischke, 2009). In 

our analysis, we verify this assumption for the pre-treatment period. Even if the parallel trends 

assumption is not violated in the pre-treatment period, an important question, as with any DiD 

analysis, is whether the parallel trends would have continued in the post-treatment period if there 

were no change in reporting frequency. Such a violation of parallel trends assumption could 

occur if, for example, reporting frequency increases systematically coincide with changes in 

growth opportunities. In this case, investments for treatment and control firms would diverge 

even without the change in reporting frequency and the DiD estimate would be contaminated by 

the effect of concurrent changes in growth opportunities.  

There are two powerful features of our research setting that help address this concern. 

First, because our analysis focuses on cases where the timing of the reporting frequency increase 

was exogenously imposed on firms either by the SEC or the stock exchanges, it is unlikely that 

the timing systematically coincides with changes in firm level growth opportunities or other firm 

characteristics. Second, the presence of multiple shocks to reporting frequency regimes staggered 

over time further mitigates this concern. For any unobserved shock to explain our finding, it 

would need to systematically coincide with three different shocks to reporting frequency (two 

caused by the SEC and one by the AMEX) that are separated by many years during our sample 

period. Nonetheless to ensure the robustness of our findings, our specification includes several 

variables to control for growth shocks and other changes in firm characteristics; we also explore 
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the sensitivity of our findings to using alternative methods to control for growth opportunities 

(refer section 5.2). 

4.3 Measurement of investments 

 We use two measures of investments that capture firms’ growth in fixed assets. Firms can 

grow fixed assets by building new capacity through capital expenditures, by obtaining a long 

term lease, or by purchasing existing assets of other firms through mergers and acquisitions. Our 

first measure, CAPEX, is defined as the amount of capital expenditures scaled by beginning of 

year total assets. Our second measure is defined as the change in net fixed assets scaled by 

beginning of year total assets (CHPPE). Unlike capital expenditures, CHPPE captures growth in 

investments not only through direct capital expenditures but also through fixed assets purchased 

through merges and acquisitions and those acquired through long term leases recorded under the 

capital lease accounting treatment. In addition, this measure incorporates a firm’s divestments in 

the form of a sale or disposal of fixed assets.16   

A natural question is whether investment in fixed assets a suitable measure to examine 

myopic management behavior? Reduction in fixed asset investment can boost short term 

earnings by avoiding depreciation expense and any attendant interest costs associated with 

necessary debt financing. In addition, reduced capital expenditures can increase free cash flows 

in the short run, which are often used by financial analysts to value firms. Both survey based and 

archival research suggests that managerial myopia can manifest in the form of underinvestment 

in fixed assets. In their influential survey, Graham, Harvey, and Rajgopal (2005) report corporate 

executives admitting to cutting on equipment maintenance and capital investment levels to meet 

short term earnings target. Asker et al. (2015), Edmans et al. (2015b), and Ladika and Sautner 

                                                 
16 Our results are robust if we use change in gross fixed assets instead of net fixed assets as the dependent variable. 
A conceptual limitation of using gross fixed assets is that it overstates the amount of assets by not taking 
depreciation into account. 
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(2015) find large sample archival evidence that managerial myopia can indeed manifest in the 

form of reduced capital expenditures.  

We also considered other commonly used investment measures in prior work such as 

research and development expenditures (R&D) and advertising expenses or output based 

measures of investment in R&D (usually measured using patent output). However, data on these 

measures are not available during our sample period.17  

4.4 Control variables 

Our choice of control variables is motivated by recent studies that model firm-level 

investments such as Campello and Graham (2013) and Asker et al. (2015). First, we control for 

investment opportunities (INVESTOPP). Campello and Graham (2013) recommend using 

predicted values from regressions of Tobin’s Q on variables that contain information about 

firms’ marginal product of capital (see also Asker et al., 2015). Specifically, for every Fama-

French 48 industry, we estimate regressions of Tobin’s Q (calculated as market value of assets 

divided by book value of assets) on sales growth, return on assets, book leverage, net income, 

and year fixed effects. INVESTOPP is computed for each firm-year as the predicted value from 

these regressions.18  

Next, we control for firm size measured as the natural logarithm of total assets 

(LOG(ASSETS)) and profitability measured as operating income before depreciation and 

amortization scaled by total assets (EBITDA). We also control for beginning of year cash scaled 

by assets (CASH) and beginning of year long term debt scaled by assets (LEVERAGE) because 

                                                 
17 Moreover, during our sample period firms had a choice between accounting for R&D expenditures either by 
capitalizing these expenditures as an asset on the balance sheet or by recording them immediately as an expense on 
the income statement. Thus, even if we were to obtain R&D data, cross-sectional differences in the accounting 
treatment for R&D and lack of clear disclosures about the extent of R&D spending by firms could obscure our 
inferences. 
18 Our inferences are robust if instead of predicted values, we directly use Q itself as a measure of growth 
opportunities. 
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firms with more cash and lower leverage can more easily exploit improvements in investment 

opportunities. Finally, firm fixed effects in the specifications control for the effect of any time-

invariant firm characteristics and state-year interactive fixed effects absorb the confounding 

effects of any changes in local business conditions or any secular trends in investments 

coinciding with reporting frequency increases. All control variables are measured using 

information from Compustat and CRSP databases.  

Table 2 presents descriptive statistics for both the full sample (Panel A) and the sample of 

involuntary adopters that were forced to increase the reporting frequency either due to an SEC 

mandate or by their stock exchange (Panel B). The full sample comprises 10,115 (12,217) firm-

year observations representing 937 matched pairs of treatment and control firms for which 

CAPEX (CHPPE) and other financial information are available to estimate equation (1). The 

mean (median) value of total assets for the sample firms is about $88 million ($25 million). The 

mean (median) firm experiences an increase of 4.7% (2.1%) in net fixed assets and reports 

capital expenditures as a percentage of assets of 8.6% (6.2%). The higher proportion of capital 

expenditures relative to the increase in fixed assets suggests significant disposals of fixed assets 

during this time period. The sample of involuntary adopters is relatively smaller with 5,791 

observations for the CAPEX sample (6,902 for the CHPPE sample) representing 545 matched 

pairs of treatment and control observations. However, the distribution of firm characteristics is 

similar to that presented for the full sample. 

5. Results 

5.1 Main findings 

Table 3 provides evidence on the effect of reporting frequency increases on investments. 

We first provide estimates for the full sample of firms, i.e., firms that either voluntarily or 
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involuntarily adopted a frequency increase (see columns 1-4). We report estimation results using 

both CAPEX and CHPPE as dependent variables. We first report the results of estimating 

equation (1) without the control variables in columns (1) and (3). It can be seen that the 

coefficient on the interaction term TREAT*AFTER is negative and statistically significant at 

better than 1% level, suggesting that, relative to control firms, treatment firms decrease their 

investment levels following a reporting frequency increase. Coefficient estimates suggest that 

treatment firms experience a decline of 1.2% in CAPEX (1.3% in CHPPE) following an increase 

in reporting frequency. Estimates in Columns (2) and (4) show that inclusion of control variables 

makes little difference to these results and the DiD estimate continues to be statistically 

significant (at less than 1% level) and exhibits similar magnitudes (decline of 1.2% in CAPEX 

and 1.4% in CHPPE) to those reported in columns (1) and (3).  

Table 3, Columns (5) – (8) present the main results for the sample of involuntary 

adopters. DiD estimates from specifications without control variables (Columns (5) and (7)) 

show that following a reporting frequency increase, treatment firms exhibit an average decline of 

1.9% in capital expenditures (significant at 1% level) and of 1.5% in net investment in fixed 

assets (significant at 5% level). The decline in investments is also economically significant and 

corresponds to 21% (15%) of the standard deviation in CAPEX (CHPPE) in our sample. 

 Estimates in Columns (6) and (8) show that the inclusion of control variables does not 

meaningfully alter either the statistical significance or the magnitudes of the investment decline 

(decline of 1.8% in CAPEX and 1.5% in CHPPE). Little change in magnitudes caused by 

inclusion of control variables supports our earlier conjecture that reporting frequency shocks are 

close to random at firm level in the sample of involuntary adopters and are not systematically 
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coinciding with changes in firm characteristics (see Roberts and Whited (2012), who suggest this 

test to assess the randomness of treatment assignment).  

For brevity, in the rest of the analyses in the paper, we limit our attention to the sample of 

involuntary adopters of reporting frequency increase, which allows for better identification of the 

causal effect of the reporting frequency increase.19 As explained earlier in section 4.2, because 

the timing of the reporting frequency increase for treatment firms in this sample is exogenously 

imposed either by regulators or the stock exchanges, the treatment shock is unlikely to 

systematically coincide with any unobserved changes in growth opportunities or other firm 

characteristics. 

In Table 4, we explore the timing of the changes in investments surrounding reporting 

frequency increases to test the parallel trend assumption underlying our DiD estimation and to 

also examine the persistence of the investment declines. The parallel trend assumption states that 

conditional on covariates in the regression, treatment and control firms exhibit parallel 

movements in their investments in the absence of the treatment shock, Several studies (e.g., 

Angrist and Pischke, 2009; Lechner, 2011) recommend testing the parallel trends assumption by 

using pre-treatment time period dummies to examine whether treatment and control firms exhibit 

any differential changes in investments prior to the treatment.20 To accomplish this, we augment 

equation (1) with an indicator variable BEFORE(-1) and an interaction term TREAT*BEFORE(-

1), where BEFORE(-1) is coded as one for the one year period prior to the reporting frequency 

increase and zero otherwise. Estimates in columns (1) and (2) with CAPEX and CHPPE as 

dependent variables show that the coefficient estimates on the interaction term, 

TREAT*BEFORE(-1), are statistically and economically indistinguishable from zero. This 

                                                 
19 Our inferences are unchanged if we conduct all of our subsequent analyses on the full sample. 
20 See, also, Autor (2003) for use of such techniques in assessing the validity of the DiD design. 
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suggests that changes in investments for treatment and control firms are not statistically different 

one year prior to the reporting frequency increase. The coefficients on the main variable of 

interest, TREAT*AFTER, continue to be negative and with comparable magnitudes as before. In 

columns (3) and (4), we present similar specifications using an indicator variable that is lagged 

by one additional year (BEFORE(-2)). Inferences are similar: coefficient on TREAT*BEFORE(-

2) is insignificant and coefficient on TREAT*AFTER continues to be negative and significant. 

These findings suggest that treatment and control firms appear to follow parallel trends in 

investments for the years prior to the reporting frequency increase, and these trends diverge only 

after the reporting frequency increase. 

Next, we present evidence on the persistence of the investment decline for the treatment 

firms. To evaluate the persistence, we create two indicator variables: AFTER(+1,+2) and 

AFTER(+3,+5). AFTER(+1+,2) equals one for the first two years subsequent to the reporting 

frequency increase and zero otherwise; AFTER(+3,+5) equals one for year 3 and beyond 

following the reporting frequency increase and zero otherwise. We estimate equation (1) after 

replacing the variables AFTER and TREAT*AFTER with the above two indicator variables and 

their corresponding interaction terms with TREAT. Estimates of the modified specification are 

presented in columns (5) and (6) of Table 4 for CAPEX and CHPPE. In both columns, the 

coefficients on both interaction terms, TREAT*AFTER(+1,+2) and TREAT*AFTER(+3,+5), are 

negative and statistically significant. Moreover, the coefficients on both interaction terms are of 

comparable magnitudes regardless of the dependent variable. Together, these findings indicate 

that the decline in investment following a reporting frequency increase is not short-lived, but 

persists over time.  

5.2 Robustness tests 
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 In this section, we conduct several robustness tests to assess the sensitivity of our 

findings to some key research design choices (Table 5) and to some additional ways of 

controlling for changes in firms’ growth opportunities (Table 6). In Table 5 Panel A, we show 

that our findings are not sensitive to the choice of matching procedure. First, we show that our 

results are robust if we alter our baseline matching approach by using the finer Fama-French 48 

industry membership instead of the Fama-French 10 industry classification. As can be seen in 

columns (1) and (2), the estimated investment decline continues to be both statistically and 

economically significant (decline of 1.3% in CAPEX and 1.7% in CHPPE). Next, we alter our 

baseline matching approach by augmenting the list of matching variables to also include 

EBITDA, Leverage, Cash, growth opportunities, and pre-treatment levels of CAPEX and 

CHPPE.21 Again, our results are robust: the estimated decline in capex is 1.8% (p < 0.01) and in 

CHPPE is 1.5% (p < 0.05). In addition to these two approaches, in the Appendix we describe 

several other matching approaches that we explored and report results for all the specifications 

considered in the study. Results from these additional tests indicate that our findings are robust.  

 In Panel B of Table 5, we explore two alternative definitions of classifying the treatment 

firms of involuntary adopters. In the first alternative, we restrict the treatment sample to firms 

that increased the reporting frequency only because of the two SEC mandates in 1955 and 1970. 

That is, we exclude treatment firms that increased their reporting frequency around 1962 because 

of changed listing requirements and increased pressure from the AMEX to report on a quarterly 

basis. In the second (arguably even more stringent) alternative, we consider only firms that 

changed their reporting frequency in the years after the SEC mandate. That is, we exclude early 

adopters that changed reporting frequency during the three years prior to 1970 in anticipation of 

                                                 
21 Covariate balance presented in the Appendix shows that there are no statistically significant differences between 
treatment and control firms in the matched sample across all matching variables including in the pre-treatment levels 
of investments. 
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the SEC mandate requiring quarterly financial reporting. Results indicate that our inferences are 

unaltered. Despite the reduction in sample size, the DiD estimates of the investment decline 

continue to be statistically significant and economically quite large with estimates varying from 

1.7% to 2.4%. 

In the next set of analyses, we explore two alternative approaches to control for any 

concurrent changes in growth opportunities coinciding with reporting frequency increases. First, 

we replace state-year interactive fixed effects by industry-year interactive fixed effects to 

examine whether any industry level growth shocks coinciding with reporting frequency increases 

could explain our findings.22 Estimates in Table 6, Panel A show that the decline in investments 

remains statistically and economically significant even after including industry-year interactive 

fixed effects. Decline in CAPEX (CHPPE) is 1.8% (1.5%) when we use the Fama-French 10 

industry classification. Results are robust to using a finer industry classification at the Fama-

French 48 industry classification level (see columns 2 and 4).23 Second, we examine whether 

changes in firms’ lifecycles can explain our results. If firms increase reporting frequency when 

they reach maturity stage and experience declining growth opportunities, then lifecycle 

differences could drive our research findings. Although controls for investment opportunities 

should ideally capture changes in growth opportunities that occur with lifecycle changes, we 

augment the empirical specifications with two proxies that capture life cycle effects: (i) firm age 

(AGE) and (ii) retained earnings scaled by total assets (RE). DeAngelo et al. (2006) note that 

firms with low RE tend to be growth firms whereas firms with high RE tend to be mature. To 

                                                 
22 We do not include state-year interactive and industry-year interactive simultaneously because McKinnish (2008) 
and Gormley and Matsa (2014) note that estimates from models with too many fixed effects (leaving little remaining 
variation to estimate the effect of interest) are notoriously susceptible to attenuation bias. In an untabulated analysis, 
however, we find that our inferences are robust if we include both state-year and industry-year fixed effects in the 
same specification. 
23 Note that the number of observations is slightly higher when we replace state-year with industry-year interactive 
fixed effects because data on the headquarter state is not available for some firms during this time period. 
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allow for any potential non-linearities in the relation between lifecycle and investments, we also 

include quadratic terms of AGE and RE. Again, our results are robust. Results presented in Table 

6, Panel B show that controlling for lifecycle effects has little impact on the statistical and 

economic significance of the decline in investments.  

6. What causes the decline in investments? 

 The analyses thus far offer compelling evidence that, on average, firms experience a 

decline in investments following an increase in reporting frequency. The decline in investments 

is inconsistent with the financing channel because under this channel we expect an increase in 

investments due to a reduction in cost of capital and improved access to external financing. The 

decline is therefore attributable to either or both of the disciplining and myopia channels. Under 

the disciplining channel, reduced investment reflects a correction of prior overinvestment 

because periodic performance reporting allows investors and the board of directors to discipline 

the manager’s investment decisions. The myopia channel, on the other hand, suggests that the 

reduced investment reflects myopic underinvestment due to increased capital market pressures to 

achieve short term performance objectives. Reduction in investment avoids depreciation expense 

and any attendant interest costs associated with necessary debt financing thereby improving 

earnings in the short run. In addition, reduced capital expenditures can increase free cash flows 

in the short run, which are often used by financial analysts to value firms. In a survey, Graham, 

Harvey, and Rajgopal (2005) find that corporate executives admit to cutting equipment 

maintenance and capital investments to boost short term performance. Asker et al. (2015), 

Edmans et al. (2015b), and Ladika and Sautner (2015) find large sample archival evidence that 

managerial myopia can indeed manifest in the form of reduced capital expenditures. In the 
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sections that follow, we conduct two sets of tests to assess the relative importance of the 

disciplining and myopia channels.  

6.1 Future productivity and growth  

 We first examine the implications of the decline in investments for future productivity 

and growth. The disciplining channel predicts improved productivity following reporting 

frequency increases. That is, if the investment decline following a reporting frequency increase 

represents correction of prior overinvestment, then firms should be able to generate prior levels 

of economic output by deploying fewer resources. This should unambiguously result in 

productivity improvements. The prediction for growth is however ambiguous. Mechanically, 

reduction in investments would result in lower growth. However, if prior overinvestment resulted 

in pecuniary managerial consumption that did not impact revenues in prior years, we would 

expect no change in growth.  

Under the myopia channel, because of forgone attractive investment opportunities, we 

expect reduced productivity and growth over the life of the firm. This prediction is, however, 

difficult to test because we do not observe the lifelong productivity and growth of going concern 

firms and we need to rely on data over relatively shorter time-frames, which may be insufficient 

to detect the long term adverse consequences of myopic investment choices. Furthermore, as 

discussed earlier, the reduction in investment is likely to lead to a mechanical increase in 

profitability in the short term. Therefore, possibility exists that we may not be able to detect any 

adverse effects on productivity and growth in our empirical specifications even if corporate 

managers are behaving myopically.  

  We use two measures that capture economic output produced per unit of resources 

consumed: (i) asset turnover measured as sales scaled by lagged assets (ASSETTURN), and (ii) 
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return on assets measured as net income scaled by lagged assets (ROA). Both of these measures 

capture the aggregate efficiency of deployment of total assets. We measure firm growth using 

annual sales growth (SALESGROWTH).  

 We estimate the following DiD specification to examine the effect of reporting 

frequency on operating performance: 

𝑃𝐼𝐴𝐴𝑃𝐴𝐼𝐴𝐼𝑃𝐼𝑖,𝑠,𝑡 = 𝛼𝑖 + 𝛾𝑠,𝑡 + 𝛽1 𝐴𝐴𝐼𝐼𝐴(+1, +2)𝑖,𝑡 + 𝛽2 𝐴𝐴𝐼𝐼𝐴(+3, +5)𝑖,𝑡 + 

𝛽3𝐼𝐴𝐼𝐴𝐼𝑖 ∗ 𝐴𝐴𝐼𝐼𝐴(+1, +2)𝑖,𝑡 + 𝛽4𝐼𝐴𝐼𝐴𝐼𝑖 ∗ 𝐴𝐴𝐼𝐼𝐴(+3, +5)𝑖,𝑡 + 𝜀𝑖,𝑠,𝑡            (2) 

where PERFORMANCE represents either ASSETTURN, ROA, or SALESGROWTH and other 

variables are as defined earlier. The key coefficients of interest are 𝛽3and 𝛽4, which capture the 

DiD estimate of the effect of reporting frequency increase on a firm’s productivity and growth in 

the first two years and the subsequent three years, respectively. We examine the two time periods 

separately because the effects may be gradual.  

Table 7 presents the results of estimating equation (2). Columns (1) and (2) present the 

results for productivity measures and column (3) presents the results for sales growth. Estimates 

in column (1) show that firms experience a significant deterioration in asset turnover following 

reporting frequency increases. Specifically, the coefficient on TREAT*AFTER(+1,+2) is 

negative (coefficient = -0.079), but it is not significant at conventional levels. However, the 

decline in asset turnover over the subsequent three years (TREAT*AFTER(+3,+5) ) is 

economically large (coefficient = -0.118) and statistically significant at the 10% level. Estimates 

in column (2) show that there is little change in ROA during the first two years (coefficient = -

0.004), but it decreases by an economically large magnitude of 1.4% during the subsequent three 

years (statistically significant at the 5% level). With reduced investments, ceteris paribus, we 

would expect ROA to mechanically increase because of denominator effects. Thus, our finding of 
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no increase in ROA during the first couple of years followed by considerable decreases in years 3 

through 5 makes for a stronger case against productivity improvement. In column (3) we find 

that sales growth starts deteriorating in the first two years by 4.9% (statistically significant at the 

10% level) and the deterioration becomes significantly larger (5.8%) in the next three years 

(statistically significant at the 5% level). Collectively, we view the evidence from both 

productivity and growth results as more consistent with myopia channel being the dominant 

force behind the reduction in investments following reporting frequency increases.  

6.2 Financial slack tests 

 In our final analysis, we further differentiate between the disciplining and myopia 

channels by exploiting the contrasting predictions offered by the two channels regarding the role 

of financial slack. The disciplining channel predicts that the decline in investments should be 

more pronounced for firms with greater financial slack. Managers are more likely to overinvest 

when there is sufficient financial slack available to engage in overinvestment (e.g., Jensen, 

1986). Therefore, if the decline in investment reflects a correction in prior overinvestment, we 

expect it to manifest for firms that had more financial slack prior to the reporting frequency 

increase. 

 The myopia channel predicts the opposite. Models of myopia show that myopia is more 

likely to manifest when there is greater capital market pressure and managers care more about 

short term stock price. Stein (1989) notes that lack of financial slack can be a source of capital 

market pressure. Managers of firms with less slack have greater incentives to improve short term 

earnings at the expense of longer run value in anticipation of future equity issuances and 

enhanced capital market scrutiny. Financial slack insulates managers from such capital market 
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pressures. Thus, the myopia channel predicts that the decline in investments is less pronounced 

when the firm has greater financial slack in the pre-treatment periods.  

To determine which of these two predictions are borne in the data, we divide the sample 

into high slack and low slack samples using three different proxies for financial slack, all of 

which are measured in the year prior to the reporting frequency increase. Our first proxy for 

financial slack is an index of financing constraints developed in Kaplan and Zingales (1997). 

Firms with higher values of the Kaplan-Zingales index are more likely to experience difficulties 

financing their ongoing operations. Therefore, we classify firms with below median values of 

Kaplan-Zingales index for the year prior to the treatment year as high slack firms.24 For our 

second proxy, we focus on the firm’s ability to pay dividends as it captures availability of free 

cash flows. We classify firms that paid a common dividend for the year prior to the treatment 

year as high slack firms. Finally, we follow the approach specified in Hadlock and Pierce (2010) 

who show that firms’ financial constraints can be measured using an index based solely on firm 

size and age. Hadlock and Pierce determine the appropriate weights for combining size and age 

into a single financing constraints index using data over the period 1995 to 2004. To avoid using 

weights determined from a completely different period than our sample, we use a more flexible 

approach in which we partition the firms into different groups based on size and age 

independently. Specifically, we estimate separate regressions in which we classify firms with 

above median size and age to be less financially constrained.  

 We estimate a modified version of equation (1) in which we allow the coefficients on all 

covariates to vary across the two sub-subsamples of high and low slack firms. Table 8 presents 

                                                 
24  Kaplan-Zingales (1997) is calculated as ‒1.002×(net income + depreciation and amortization expense)/lagged 
PP&E + 0.2826389×(Total assets‒book value of common equity‒deferred tax _balance sheet + market cap of 
common equity)/total assets + 3.139193× Total debt/total assets – 39.3678×total dividend/lagged PP&E ‒ 
1.314759× cash and equivalent/lagged PP&E. 
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results for the three different approaches to capture financial slack and for both investment 

variables, CAPEX and CHPPE. For all the three approaches, we find that the investment decline 

following reporting frequency increases is much larger for low slack firms. When we use 

Kaplan-Zingales index and dividend payment dummy to measure financial slack, we find that the 

investment decline manifests solely for low slack firms and it is statistically and economically 

insignificant for high slack firms. Under the Hadlock and Pierce approach in which we explore 

the effect of both age and size, we find that the economic magnitudes of the investment decline 

are larger for smaller and younger firms, but the effects are statistically different across the two 

groups only in the age partition. Collectively, the above evidence further suggests that increased 

managerial myopia is likely to be the dominant source of the investment decline.  

7. Conclusions 

 This paper examines the real investment effects of increasing the financial reporting 

frequency using a quasi-natural experiment based on the transition of US firms from annual 

reporting to semi-annual reporting and then to quarterly reporting during the period 1950-1970. 

We find a statistically and economically significant decline in investments after firms increase 

their reporting frequency. Moreover, the adoption of greater reporting frequency is associated 

with a subsequent decline in operating efficiency and sales growth. Thus, at least part of the 

investment decline reflects the effect of enhanced managerial myopia following increases in 

reporting frequency.  

 Our paper has implications for practice because several regions including Europe, 

Singapore and Australia have debated the merits of mandating quarterly reporting. While prior 

research offers support in favor of increasing the reporting frequency by documenting 

information and cost of capital benefits, our paper offers a more cautionary view. We provide 
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evidence that increasing the frequency has important “real” investment effects that are suggestive 

of myopic managerial behavior. Our evidence, therefore, supports the recent decision by the EU 

and the UK to abandon requiring quarterly reporting for listed companies with an apparent intent 

to preventing short-termism and promoting long term investments. 
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Figure 1: Size distribution of treatment and control firms 
 

This graph presents the size distribution of 937 treatment (cases with reporting frequency increase) and control 
observations (cases with unchanged reporting frequency) before the post-treatment period. Size is measured as the 
natural logarithm of the book value of total assets. The kernel densities have been obtained using the epanechnikov 
kernel function with a bandwidth of 0.4.  
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Table 1: Time series and industry distribution 
 

Panel A provides the frequency distribution of treatment observations (cases with reporting frequency increase) 
across years 1951-1974. Panel B presents the industry distribution for treatment observations and control 
observations (cases with unchanged reporting frequency) using the Fama-French 10 industry classification.  
 
Panel A: Time series distribution of treatment firms 

Years 
Frequency Increase to 

Total Semi-annual Three times Quarterly 
     
1951-55 27 11 34 72 
1956-60 27 11 32 70 
1961-65 72 58 228 358 
1966-70 34 46 213 293 
1971-74 5 12 127 144 
     
All frequency changes 165 138 634 937 
Involuntary changes 148 0 397 545 
  
 
Panel B: Industry distribution 
Industry Treatment firms Control firms 
   
Durable goods 47 53 
Energy 41 30 
HiTech 78 81 
Health 13 18 
Manufacturing 324 323 
Nondurable goods 168 167 
Shops 150 159 
Telecommunications 8 5 
Other 108 101 
   
Total 937 937 
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Table 2: Descriptive statistics 
 
This table presents the descriptive statistics of the key variables for the treatment and control firms for both the full 
sample and the restricted sample of involuntary adopters of higher reporting frequency. For both samples, we 
consider data for up to 5 years before and 5 years after the treatment year. The full sample contains a maximum of 
10,115 (12,217) observations for the CAPEX (CHPPE) regressions whereas the involuntary adopter sample contains 
a maximum of 5,791 (6,902) observations. CAPEX is the capital expenditure scaled by beginning of year assets. 
CHPPE is the change in net fixed assets scaled by beginning of year assets. ASSETS is the book value of total assets. 
INVESTOPP represents a measure of investment opportunities; Following Campello and Graham (2013), 
INVESTOPP is measured as predicted values from regressions of Tobin’s Q on sales growth, return on assets, book 
leverage, net income, and year fixed effects estimated at Fama-French 48 industry level. EBITDA is operating 
income before depreciation and amortization scaled by total assets. LEVERAGE is the book value of long term debt 
scaled by total assets. CASH is cash balance scaled by total assets.  
 
Panel A: Full Sample 

 Mean Std dev 25th  
percentile 

50th  
percentile 

75th  
Percentile 

      
CAPEX 0.086 0.084 0.035 0.062 0.107 
CHPPE 0.047 0.098 -0.000 0.021 0.064 
ASSETS ($ millions) 87.997 200.765 11.337 25.500 65.700 
EBITDA 0.179 0.121 0.104 0.164 0.237 
INVESTOPP 1.486 0.534 1.139 1.451 1.779 
LEVERAGE 0.158 0.135 0.037 0.142 0.242 
CASH 0.106 0.093 0.040 0.075 0.143 

 
Panel B: Sample of Involuntary Adopters 

 Mean Std dev 25th  
percentile 

50th  
percentile 

75th  
Percentile 

      
CAPEX 0.089 0.089 0.034 0.062 0.110 
CHPPE 0.048 0.103 -0.001 0.020 0.064 
ASSETS ($ millions) 82.441 207.428 9.700 22.192 56.765 
EBITDA 0.175 0.125 0.100 0.161 0.234 
INVESTOPP 1.458 0.565 1.094 1.410 1.772 
LEVERAGE 0.167 0.140 0.042 0.153 0.258 
CASH 0.099 0.091 0.036 0.067 0.131 
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Table 3: Reporting frequency and investments 
 

This table presents evidence on the effect of increased reporting frequency on investments. Measures of investments include: (i) capital expenditure scaled by 
beginning of year assets (CAPEX), and (ii) change in net fixed assets scaled by beginning of year assets (CHPPE). TREAT is an indicator for treatment firms, 
which are firms that experience an increase in reporting frequency. AFTER is an indicator for firm-year observations after the treatment year. Coefficient 
estimates for TREAT are suppressed because of firm fixed effects. State represents the state in which a firm’s headquarters is situated. For variable definitions of 
control variables refer Table 2. t-statistics, reported in parentheses, are calculated based on standard errors obtained by clustering at the firm level. Statistical 
significance (two-sided) at the 10%, 5%, and 1% level is denoted by *, **, and ***, respectively. 
 

 Full Sample Involuntary Adopters 

 
CAPEX CAPEX CHPPE CHPPE CAPEX CAPEX CHPPE CHPPE 

 (1) (2) (3) (4) (5) (6) (7) (8) 
AFTER 0.002 0.002 0.003 0.002 0.007* 0.006* 0.008* 0.007* 

 (0.847) (0.861) (0.968) (0.731) (1.796) (1.757) (1.791) (1.735) 

TREAT*AFTER -0.012*** -0.012*** -0.013*** -0.014*** -0.019*** -0.018*** -0.015** -0.015** 

 
(-2.731) (-3.242) (-2.814) (-3.339) (-2.612) (-3.076) (-1.966) (-2.343) 

EBITDA  0.186***  -0.112  0.160**  -0.095 

  (2.941)  (-1.570)  (2.022)  (-1.094) 

INVESTOPP  0.027  0.159***  0.039  0.151*** 

  (1.256)  (6.093)  (1.495)  (4.767) 

LEVERAGE  -0.113***  -0.121***  -0.110***  -0.138*** 

  (-5.391)  (-5.714)  (-4.456)  (-5.418) 

CASH  0.018  0.111***  0.021  0.108*** 

  (0.834)  (5.184)  (0.806)  (3.783) 

LOG(ASSETS)  0.026***  0.043***  0.024***  0.049*** 

  (5.097)  (7.059)  (4.051)  (6.549) 

  
       

Firm and 
State*Year fixed effects 

        
YES YES YES YES YES YES YES YES 

Observations 10,115 10,115 12,217 12,217 5,791 5,791 6,902 6,902 

R-squared 0.530 0.606 0.338 0.482 0.568 0.644 0.377 0.518 
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Table 4: Timing of changes in investments 

 
This table presents evidence on the timing of changes in investments around increases in financial reporting 
frequency. Measures of investments include: (i) capital expenditure scaled by beginning of year assets (CAPEX), 
and (ii) change in net fixed assets scaled by beginning of year assets TREAT is an indicator for treatment firms, 
which are firms that experience an increase in reporting frequency. BEFORE(-1) (BEFORE(-2)) is an indicator 
variable that equals one for firm-year observations one year (two years) before the treatment year and zero 
otherwise. AFTER(+1,+2) is an indicator variables that equals one for observations during the two-year period after 
the treatment year and zero otherwise. AFTER(+3,+5) equals one for all observations for year 3 and beyond after 
the treatment year and zero otherwise. Coefficient estimates for TREAT are suppressed because of firm fixed effects. 
Coefficient estimates on the main effects of the two BEFORE dummies, AFTER(+1,+2), and AFTER(+3,+5) have 
been omitted for brevity. State represents the state in which a firm’s headquarters is situated. t-statistics, reported in 
parentheses, are calculated based on standard errors obtained by clustering at the firm level. Statistical significance 
(two-sided) at the 10%, 5%, and 1% level is denoted by *, **, and ***, respectively. 
 

 Parallel trends test Persistence test 
 CAPEX CHPPE CAPEX CHPPE CAPEX CHPPE 
 (1) (2) (3) (4) (5) (6) 
       

TREAT*BEFORE(-2)   0.001 -0.006   

 
  (0.216) (-0.734)   

TREAT*BEFORE(-1) 0.006 0.002     

 
(0.899) (0.322)     

TREAT*AFTER -0.016** -0.014** -0.018*** -0.017**   

 
(-2.551) (-2.097) (-2.839) (-2.446)   

TREAT*AFTER(+1,+2)     -0.016*** -0.014** 

 
    (-2.582) (-2.141) 

TREAT*AFTER(+3,+5)     -0.019*** -0.016** 

 
    (-3.072) (-2.177) 

 
      

Firm and 
State*Year fixed effects 

      
YES YES YES YES YES YES 

Controls  YES YES YES YES YES YES 

Observations 5,791 6,902 5,791 6,902 5,791 6,902 

R-squared 0.644 0.518 0.644 0.518 0.644 0.518 
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Table 5: Sensitivity to matching procedure and alternative treatment samples 
 
This table presents evidence on the sensitivity of the findings in Table 3 to alternative matching procedures (Panel 
A) and treatment samples (Panel B). For Panel A, we examine the sensitivity of our prior results to two variations to 
our baseline matching approach based on size and Fama-French 10 industry classification. First, we alter our 
baseline matching approach to use of the finer Fama-French 48 industry classification. Second, we alter our baseline 
matching approach by including additional variables in the propensity score model in addition to size and Fama-
French 10 industry classification. Additional variables included in the propensity score model are EBITDA, 
Leverage, Cash, growth opportunities and pre-treatment investment levels (CAPEX and CHPPE). For variable 
definitions refer Table 2. For Panel B, we use two alternative treatment samples. First, we consider a treatment 
sample of firms that altered the reporting frequency surrounding the SEC mandate including three years prior to the 
SEC mandate to allow for early adopters. Second, we consider a more restrictive treatment sample consisting of 
firms that altered reporting frequency in the years following the SEC mandate. Coefficient estimates for TREAT are 
suppressed because of firm fixed effects. Coefficient estimates for AFTER and all control variables (defined in the 
caption of Table 2) have been omitted for brevity. State represents the state in which a firm’s headquarters is 
situated. t-statistics, reported in parentheses, are calculated based on standard errors obtained by clustering at the 
firm level. Statistical significance (two-sided) at the 10%, 5%, and 1% level is denoted by *, **, and ***, 
respectively. 
 

Panel A: Sensitivity to matching procedure 
 

 

Fama-French 48 industry 
and 
Size 

 

Fama-French 10 industry, 
Size, EBITDA, Leverage, 

Cash, Growth opportunities, 
Investments 

CAPEX CHPPE CAPEX CHPPE 

 
(1) (2) (3) (4) 

TREAT*AFTER -0.013** -0.017** -0.018*** -0.015** 

 
(-2.182) (-2.497) (-2.708) (-2.055) 

Controls YES YES YES YES 
Firm and 
State*Year fixed effects 

    
YES YES YES YES 

Observations 5,469 6,490 5,104 5,495 

R-squared 0.642 0.525 0.624 0.522 
 

Panel B: Sensitivity to alternative treatment samples 
 

 

Sample of involuntary adopters 
excluding AMEX firms that 

were forced by the exchange to 
follow quarterly reporting 

Sample of involuntary adopters 
comprising exclusively of firms 

that changed reporting 
frequency after the SEC 

mandates 
CAPEX CHPPE CAPEX CHPPE 

 
(1) (2) (3) (4) 

TREAT*AFTER -0.018*** -0.017** -0.024** -0.022* 

 
(-2.832) (-2.415) (-2.293) (-1.942) 

Controls YES YES YES YES 
Firm and 
State*Year fixed effects 

    
YES YES YES YES 

Observations 4,887 5,447 2,723 3,026 

R-squared 0.642 0.531 0.649 0.550 
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Table 6: Controlling for industry shocks and life-cycle effects 

 
Panel A presents robustness to inclusion of industry-year interactive fixed effects to control for any 
contemporaneous industry level shocks. The interactive fixed effects are measured using the Fama-French 10 and 48 
industry classification. Panel B presents robustness to inclusion of controls for lifecycle effects. We use two 
different proxies to control for lifecycle effects: (i) firm age (AGE) and (ii) Retained earnings scaled by total assets 
(RE). Coefficient estimates for AFTER and all other control variables (all defined in Table 2) have been omitted for 
brevity. Coefficient estimates for TREAT are suppressed because of firm fixed effects. AGE is scaled by 100 for 
expositional convenience. State represents the state in which a firm’s headquarters is situated. t-statistics, reported in 
parentheses, are calculated based on standard errors obtained by clustering at the firm level. Statistical significance 
(two-sided) at the 10%, 5%, and 1% level is denoted by *, **, and ***, respectively. 
  
Panel A: Controlling for time varying industry shocks 

 
CAPEX CHPPE 

FF10 classification FF48 classification FF10 classification FF48 classification 

 
(1) (2) (3) (4) 

TREAT*AFTER -0.018*** -0.014*** -0.015*** -0.010* 

 
(-3.644) (-2.761) (-2.608) (-1.876) 

   
  

Controls YES YES YES YES 

Firm and 
Industry*Year fixed effects 

    
YES YES YES YES 

Observations 6,625 6,625 8,103 8,103 

R-squared 0.588 0.661 0.440 0.528 
 

Panel B: Controlling for lifecycle effects 

 
CAPEX CHPPE 

Firm Age Retained Earnings Firm Age Retained Earnings 

 
(1) (2) (3) (4) 

TREAT*AFTER -0.017*** -0.018*** -0.014** -0.019*** 

 
(-3.008) (-2.754) (-2.170) (-2.651) 

AGE -0.033  1.539  

 
(-0.018)  (0.647)  

AGE2 0.540***  0.850***  

 
(2.729)  (4.266)  

RE  -0.044**  -0.063** 

  (-2.322)  (-2.505) 

RE2  -0.113***  -0.172*** 

 
 (-3.279)  (-4.616) 

Other controls YES YES YES YES 

Firm and 
State*Year fixed effects 

    
YES YES YES YES 

Observations 5,791 4,916 6,902 5,351 

R-squared 0.645 0.664 0.520 0.561 
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Table 7: Reporting frequency and future performance 
 
This table presents evidence on the effect of reporting frequency increase on future productivity and growth. 
Measures of productivity include: (i) asset turnover computed as sales scaled by lagged assets (ASSETTURN), (ii) 
net income scaled by lagged assets (ROA), and (iii) growth measured as percentage change in sales 
(SALESGROWTH). TREAT is an indicator for treatment firms, which are firms that experience an increase in 
reporting frequency. AFTER(+1,+2) is an indicator variables that equals one for observations during the two-year 
period after the treatment year and zero otherwise. AFTER(+3,+5) equals one for all observations for year 3 and 
beyond after the treatment year and zero otherwise. Coefficient estimates for TREAT are suppressed because of firm 
fixed effects. Coefficient estimates for all AFTER dummies have been omitted for brevity. State represents the state 
in which a firm’s headquarters is situated. t-statistics, reported in parentheses, are calculated based on standard 
errors obtained by clustering at the firm level. Statistical significance (two-sided) at the 10%, 5%, and 1% level is 
denoted by *, **, and ***, respectively.  
 

  ASSETTURN ROA SALESGROWTH 

 
(1) (2) (3) 

TREAT*AFTER(+1,+2) -0.079 -0.004 -0.049* 

 
(-1.282) (-0.708) (-1.871) 

TREAT*AFTER(+3,+5) -0.118* -0.014** -0.058** 

 
(-1.754) (-2.039) (-2.180) 

    

Firm and 
State*Year fixed effects 

   
YES YES YES 

Observations 6,873 6,863 6,873 

R-squared 0.856 0.508 0.394 
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Table 8: Effect of Financial slack 
 

This table presents evidence on how the decline in investments following reporting frequency increases depends on availability of financial slack prior to the 
increase in reporting frequency. We use three different approaches to identify firms with High (Low) financial slack: (i) firms with below (above) median value 
of financing constraints index from Kaplan and Zingales (1997; KZ index), (ii) firms that pay (do not pay) common dividends, and (iii) firms with above (below) 
median value of size and age. Coefficient estimates are obtained from a modified version of equation (1) that allows coefficients on all covariates to vary across 
different levels of financial slack. TREAT is an indicator for treatment firms, which are firms that experience an increase in reporting frequency. AFTER is an 
indicator for firm-year observations after the treatment year. Measures of investments include: (i) change in net fixed assets scaled by beginning of year assets 
(CHPPE) and (ii) capital expenditure scaled by beginning of year assets (CAPEX). Coefficient estimates for AFTER and all control variables (defined in the 
caption of Table 2) have been omitted for brevity. Coefficient on TREAT is suppressed because of firm fixed effects. State represents the state in which a firm’s 
headquarters is situated. t-statistics, reported in parentheses, are calculated based on standard errors obtained by clustering at the firm level. Statistical 
significance (two-sided) at the 10%, 5%, and 1% level is denoted by *, **, and ***, respectively.  
 

Slack measured using 
CAPEX CHPPE 

KZ Index Dividend 
Payment 

Hadlock-Pierce Approach 
KZ Index Dividend 

Payment 
Hadlock-Pierce Approach 

Size Age Size Age 

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

         

TREAT*AFTER (High Slack) 
-0.001 -0.002 -0.017** -0.009 -0.004 -0.002 -0.014* -0.005 

(-0.169) (-0.394) (-2.258) (-1.184) (-0.483) (-0.345) (-1.699) (-0.557) 

TREAT*AFTER (Low Slack) 
-0.034*** -0.046*** -0.022** -0.039*** -0.030*** -0.035*** -0.018* -0.030** 

(-3.995) (-4.032) (-2.168) (-2.949) (-3.227) (-2.958) (-1.771) (-2.480) 
        

Test of differences in TREAT*AFTER:        

High slack – Low slack 0.033*** 0.043*** 0.005 0.030** 0.026** 0.032** 0.004 0.025* 

 (2.998) (3.254) (0.393) (1.975) (2.234) (2.424) (0.321) (1.751) 
Controls YES YES YES YES YES YES YES YES 

Firm and 
State*Year fixed effects 

        
YES YES YES YES YES YES YES YES 

Observations 5,372 5,787 5,791 5,791 6,273 6,897 6,902 6,902 

R-squared 0.648 0.649 0.644 0.645 0.528 0.522 0.518 0.520 
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Appendix 

Robustness to alternative matching approaches 

In this Appendix, we report the robustness of our findings on the effect of reporting 

frequency increases on investments (i.e., Tables 3, 4, 5 and 6) to several alternative matching 

approaches to obtain treatment and control firms. First, we show that our findings are robust to 

using a finer industry classification for matching purposes. Specifically, under this approach we 

obtain our treatment and control firms using propensity score matching based on Fama-French 

48 industry classification and firm size measured using total assets. Table A1 presents the results 

from this analysis. Our inferences are quite robust. 

Second, we show that our findings are robust to matching on several other firm 

characteristics in addition to industry membership and size. Specifically, in addition to Fama-

French 10 industry classification and total assets, we augment the list of matching variables to 

also include Investment opportunities (INVESTOPP), EBITDA, leverage ratio (LEVERAGE), 

cash scaled by assets (CASH), and pre-treatment levels of both investment measures (CAPEX 

and CHPPE). Table A2, Panel A, presents the comparison of treatment and control firms along 

the matching variables. It can be seen that there are no statistically significant differences 

between treatment and control firms across any of the matching variables, including investment 

levels prior to the treatment shock. Table A2, Panel B presents the results of the regression 

analysis using this alternative matching procedure and again, the results are robust. 

Finally, in untabulated analyses, we also explore the sensitivity of our main results to 

several other variations in our matching approach including: (i) matching control firms within 

the same industry as treatment firms instead of propensity score matching on industries, (ii) 

allowing treatment firms to match up to 3 control firms instead of one-to-one matching, (iii) 
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requiring control firms to have propensity scores within a caliper of 0.05 or 0.01 of treatment 

firms instead of just using simple nearest neighbor matching with the restriction of common 

support, (iv) using probit instead of logit models for estimating propensity scores, (v) relaxing 

the requirement of common support, allowing us to identify a matched control firm for all of our 

treatment cases, and (vi) retaining all treatment and control cases in the sample by not imposing 

any matching requirements. We find that our inferences continue to remain unchanged. 



45 
 

Table A1: Robustness to matching using finer industry classification 
This table presents evidence on the robustness of our findings on the effect of increased reporting frequency on investments to propensity score matching using 
Fama-French 48 industry classification and total assets. All variable definitions and specifications are similar to the ones used in Tables 3, 4 and 6 of the paper. 
All specifications include time-varying firm level controls, firm fixed effects, and state-year interactive fixed effects, except in columns (13) and (14) in which 
we replace state-year interactive fixed effects by industry-year interactive fixed effects. All regressions are estimated on the restricted sample of involuntary 
adopters except for columns (9) – (12) where under definition 1, we consider a treatment sample of firms that altered the reporting frequency surrounding the 
SEC mandate including three years prior to the SEC mandate to allow for early adopters. For definition 2, we consider a more stringent treatment sample 
consisting of firms that altered reporting frequency in the years following the SEC mandate. t-statistics, reported in parentheses, are calculated based on standard 
errors obtained by clustering at the firm level. Statistical significance (two-sided) at the 10%, 5%, and 1% level is denoted by *, **, and ***, respectively. 
 

 Main Results Timing of effects Alternative definitions of involuntary adopters 
 Definition 1 Definition 2 
 CAPEX CHPPE CAPEX CHPPE CAPEX CHPPE CAPEX CHPPE CAPEX CHPPE CAPEX CHPPE 
 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

             

Treat*Before(-1) 
  

0.007 
(0.838) 

 

-0.000 
(-0.029) 

 

    

    
             
Treat*Before(-2)     0.003 0.000       
     (0.441) (0.008)       
Treat*After -0.013** -0.017** -0.011* -0.016** -0.013** -0.017**   -0.012* -0.017** -0.015 -0.027** 
 (-2.182) (-2.497) (-1.645) (-2.155) (-1.962) (-2.345)   (-1.728) (-2.205) (-1.262) (-2.056) 
Treat*After(+1,+2)       -0.014** -0.017**     
       (-2.146) (-2.397)     
Treat*After(+3,+5)       -0.013* -0.017**     
       (-1.944) (-2.255)     
             
Observations 5,469 6,490 5,469 6,490 5,469 6,490 5,469 6,490 4,630 5,157 2,546 2,849 
R-squared 0.642 0.525 0.642 0.526 0.642 0.525 0.642 0.525 0.635 0.522 0.651 0.562 

 
 Industry-Year interactive  Controlling for Life cycle effects 
 fixed effects Age Retained Earnings 
 CAPEX CHPPE CAPEX CHPPE CAPEX CHPPE 
 (13) (14) (15) (16) (17) (18) 

       
Treat*After -0.016*** -0.017*** -0.013** -0.016** -0.011 -0.018** 
 (-2.923) (-3.109) (-2.107) (-2.387) (-1.525) (-2.434) 
       
Observations 6,452 7,818 5,469 6,490 4,660 5,067 
R-squared 0.635 0.502 0.643 0.527 0.659 0.569 
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Table A2:  Robustness to matching on additional firm characteristics 
This table presents evidence on the robustness of our findings on the effect of increased reporting frequency on 
investments to matching on several other firm characteristics in addition to just industry and size. Specifically, in 
addition to Fama-French 10 industry classification and total assets, we augment the list of matching variables to also 
include Investment opportunities (INVESTOPP), EBITDA, leverage ratio (LEVERAGE), cash scaled by assets 
(CASH), and pre-treatment levels of both investment measures (CAPEX and CHPPE). All variable definitions and 
specifications are similar to the ones used in Tables 3, 4, 5 and 6 of the paper. Panel A presents the covariate balance 
between treatment and control firms on the matching variables. Panel B presents results from the regression 
specifications. All specifications include time-varying firm level controls, firm fixed effects, and state-year 
interactive fixed effects, except in columns (13) and (14) in which we replace state-year interactive fixed effects by 
industry-year interactive fixed effects. All regressions are estimated on the restricted sample of involuntary adopters 
except for columns (9) – (12) where under definition 1, we consider a treatment sample of firms that altered the 
reporting frequency surrounding the SEC mandate including three years prior to the SEC mandate to allow for early 
adopters. For definition 2, we consider a more stringent treatment sample consisting of firms that altered reporting 
frequency in the years following the SEC mandate. t-statistics, reported in parentheses, are calculated based on 
standard errors obtained by clustering at the firm level. Statistical significance (two-sided) at the 10%, 5%, and 1% 
level is denoted by *, **, and ***, respectively. 
 
Panel A: Covariate balance on matching variables 

 
Treatment 

Mean 
Control 
Mean 

t-stat of 
difference 

ASSETS ($ millions) 103.547 113.419 0.658 
EBITDA 1.554 1.555 0.053 
INVESTOPP 0.203 0.200 -0.506 
LEVERAGE 0.149 0.145 -0.533 
CASH 0.111 0.105 -1.182 
CAPEX 0.096 0.098 0.396 
CHPPE 0.063 0.064 0.113 
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Table A2 (continued) 
 
Panel B: DiD estimates of the effect of reporting frequency increase on investments 
 

 Main Results Timing of effects Alternative definitions of involuntary adopters 
 Definition 1 Definition 2 
 CAPEX CHPPE CAPEX CHPPE CAPEX CHPPE CAPEX CHPPE CAPEX CHPPE CAPEX CHPPE 
 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

Treat*Before(-1) 
  

0.003 
(0.396) 

 

0.003 
(0.363) 

 

    

    
Treat*Before(-2)     0.000 -0.004       
     (0.056) (-0.419)       
Treat*After -0.018*** -0.015** -0.017** -0.015* -0.018*** -0.016**   -0.018** -0.015* -0.028** -0.034*** 
 (-2.708) (-2.055) (-2.307) (-1.719) (-2.636) (-2.100)   (-2.510) (-1.907) (-2.289) (-2.828) 
Treat*After(+1,+2)       -0.015** -0.010     
       (-2.159) (-1.162)     
Treat*After(+3,+5)       -0.020*** -0.020**     
       (-2.805) (-2.515)     
             
Observations 5,104 5,495 5,104 5,495 5,104 5,495 5,104 5,495 4,604 4,946 2,511 2,639 
R-squared 0.624 0.522 0.624 0.522 0.624 0.522 0.624 0.522 0.625 0.521 0.649 0.558 
 

 Industry-Year interactive  Controlling for Life cycle effects 
 fixed effects Age Retained Earnings 
 CAPEX CHPPE CAPEX CHPPE CAPEX CHPPE 
 (13) (14) (15) (16) (17) (18) 

       
Treat*After -0.017*** -0.015** -0.017*** -0.014* -0.020*** -0.018** 
 (-2.898) (-2.256) (-2.613) (-1.897) (-2.698) (-2.248) 
       
Observations 5,725 6,198 5,104 5,495 4,463 4,691 
R-squared 0.646 0.525 0.625 0.524 0.638 0.552 
 
 


