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I. INTRODUCTION 

In the past four decades, we have witnessed continuous interest in research on public research 

and development (R&D). Many authors have suggested that public R&D spending affects 

productivity and performance improvement.1 In fact, R&D investment by the public sector can 

have either a positive or a negative influence on the R&D investment of private sector firms.2 

Policymakers also have begun to pay attention to the disclosure of public R&D. In 2015, the 

FASB issued Proposed Accounting Standards Update (ASU) No. 2015-340, Government 

Assistance (Topic 832), which calls for firms to disclose information on government financial 

assistance, such as government grants and low-interest loans. According to a National Science 

Foundation report, 90% of public R&D is related to government-funded R&D.3 Yet we know 

little about the information content and the potential impact of public R&D on financial markets. 

To fill this gap, we study how government-funded R&D improves or impedes the accuracy of 

financial analyst earnings forecasts. 

Accounting and finance research broadly investigates the relationships among intangibility, 

information asymmetry, and analyst forecast accuracy. Lev and Sougiannis (1996), Aboody and 

Lev (2000), and Akhigbe, Martin, and Newman (2010) find that investment in R&D is positively 

related to the degree of information asymmetry. That is, new technologies and innovations are 

unique to innovative firms, thereby making accurate valuation difficult. Amir, Lev, and 

Sougiannis (2003), Gu and Wang (2005), and Donelson and Resutek (2012) find that firm 

intangibility, including R&D, lowers earnings forecast accuracy. Glaeser (2018) shows that firms 

                                                      
1 See, for example, Levy and Terleckyj (1983), Nadiri and Mamuneas (1994), Mamuneas and Nadiri (1996), Beise 

and Stahl (1999), Spencer, Murtha, and Lenway (2005), Jacob and Lefgren (2011), Hottenrott and Lopes-Bento 

(2014), and Azoulay, Zivin, Li, and Sampat (2018). 
2 See, for example, Cohen, Nelson, and Walsh (2002), Fritsch and Franke (2004), Toole (2007), Cohen, Coval, and 

Malloy (2011), Kotha, George, and Srikanth (2013), Wang (2015), Lanahan and Feldman (2018), and Kong (2020).  
3 See: https://ncsesdata.nsf.gov/sgrd/2017/html/sgrd2017_dst_05.html. 
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pursuing trade secrecy practices (also known as unpatented innovations) become less transparent, 

which should increase earnings forecast errors. We extend this line of research by focusing 

specifically on an unexplored intangibility, i.e., government-funded R&D. Our study helps 

investors gain added insight into the effect of public R&D information on analyst forecast 

accuracy. 

We propose two competing hypotheses on the effect of government-funded R&D on 

analyst forecast accuracy. The first is the information uncertainty hypothesis, which argues that 

analyst forecasts are less accurate for firms with more government-funded R&D. We have noted 

that R&D investment is generally intangible and positively related to information asymmetry and 

forecast error. This suggests that accurate forecasts are more difficult when the valuation of a 

firm is subject to intangibility. Because that is true for public R&D just like private sector R&D, 

it is natural to conjecture that government-funded R&D investment is also related to greater 

earnings forecast error.  

The second hypothesis is the certification hypothesis, which states more accurate analyst 

forecasts for firms with more government-funded R&D. Firms receiving subsidies or research 

grants from governments are publicly available information and may be perceived as more 

credible and having more successful risky R&D projects. The certification effect of government 

R&D contracts may help firms sell products using newer technology and attract potential 

investors to provide external financing (Hou and Png, 2019). Governments also gain advanced 

information about the quality of firms from the proposals, contracts, and other evidence they 

submit. Accordingly, firms that can collaborate with government enhance their reputation 

because government grants or contracts convey a certification effect to the firms (Lerner, 2012). 

We manually collect data on government-funded R&D from the 10-K fillings of U.S. firms 
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between 1993 and 2015. Government-funded R&D is disclosed as a component of revenues 

and/or R&D cost reductions in firms’ financial reports. We compute a firm’s government-funded 

R&D ratio in terms of the amount of government-funded R&D divided by its book assets. 

Forecast accuracy is measured based on analysts’ absolute errors in forecasting annual earnings. 

We find that forecast errors decline as government-funded R&D increases, suggesting that the 

evidence is more consistent with the certification hypothesis. This conclusion continues to hold 

even after controlling for variables related to disclosure quality and after a number of robustness 

checks. 

To address potential concerns of endogeneity, we employ a novel quasi-natural experiment 

of changes in congressional committee chairmanships as suggested by Cohen, Coval, and Malloy 

(2011). They argue that as a congressional member becomes an influential committee chair, he or 

she may act to increase federal funds (for both real investment and R&D investment) flowing 

into his or her state. Meanwhile, the congressional committee chairmanship is determined almost 

entirely by seniority. Accordingly, the shock to the change in congressional committee 

chairmanship is almost exogenous to the focal state’s economy, including analyst forecast errors. 

Therefore, this identification strategy can verify the causal effect of government-funded R&D on 

analyst forecast errors.  

We use a difference-in-differences approach to examine how analyst forecast errors of 

treatment firms, relative to control firms, respond to government-funded R&D resulting from the 

exogenous shock of a change in a congressional committee chairmanship. The treatment group 

includes firms headquartered in the state whose congressional member first becomes an 

influential congressional committee chairman. The control group includes a sample of matched 

firms, constructed using the propensity matching procedure to control for pre-event firm size, 



 

 4 

Tobin’s q, forecast error, earnings volatility, leverage, and state and industry fixed effects. We 

find that firms in the treatment group experience lower forecast errors, as we expect. Our 

conclusion remains unchanged even after we address issues related to lobbying activities and 

headquarters location choices. A two-stage regression analysis using the instrumental variable of 

state-level government spending confirms our main finding. 

To further support the certification hypothesis, we examine the channels that drive our 

main results. We first argue that government-funded R&D should have a more pronounced effect 

on forecast errors for firms with established long-term relationships with the government. Firms 

that are able to maintain long-term relationships with the government inspire greater trust. We 

use two binary variableswhether the firm is an established grantee and whether the firm has 

political connectionsto identify the long-term relationship between the firm and the 

government. We then split firms into two subgroups with and without long-term relationships 

with the government. We find that the effect of government-funded R&D on forecast errors is 

more pronounced for firms with established long-term relationships with the government. 

Second, government research grants and contracts have a certification effect for firms in an 

information asymmetric environment. Therefore, it is possible that the certification effect would 

be more relevant for firms subject to greater information asymmetry and uncertainty. We use 

analyst forecast dispersion, earnings volatility, and bid-ask spread as the measures of information 

asymmetry and uncertainty (Lang and Lundholm, 1996; Zhang, 2006; Balakrishnan, Blouin, and 

Guay, 2019). We then split firms into two subgroups: high and low analyst forecast dispersion, 

earnings volatility, and bid-ask spread. These conditional tests show a stronger effect of 

government-funded R&D on forecast errors for firms with greater information asymmetry and 

uncertainty. 
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We also test whether firms with more government-funded R&D miss or beat analysts’ 

earnings forecasts. Bhojraj, Hribar, Picconi, and McInnis (2009) and Osma and Young (2009) 

suggest that firms sometimes myopically cut R&D to boost earnings and to beat analyst earnings 

forecasts. Because government-funded R&D increases firm earnings, it is possible that firms 

may beat earnings forecasts more often if analysts ignore the information content of government 

R&D grants or contracts. Results of a logit regression on a dummy variable representing missing 

or beating earnings forecasts indicate that firms with more government-funded R&D tend to beat 

earnings forecasts. 

Finally, we gauge innovation efficiency to confirm the presumption of the certification 

hypothesis that government research grants may predict high success rates for risky R&D 

projects (Brander and Spencer, 1985; Wallsten, 2000; Almus and Czarnitzki, 2003). Given the 

unavailability of detailed data on R&D projects, we use innovation efficiency to proxy for the 

success of R&D projects, which is calculated as the number of patents divided by R&D 

expenditures, a method in the spirit of Hirshleifer, Hsu, and Li (2013). We find that firms with 

more government-funded R&D generally exhibit better innovation efficiency, confirming the 

presumption of the certification hypothesis. We also revisit other innovative outputs (e.g., 

number of patents and patent citations) associated with government-funded R&D using U.S. 

microeconomic-level data. We find that firms with more government-funded R&D are generally 

associated with more patent outputs and better innovation quality.  

Our paper contributes to the literature in four ways. First, although we are aware of the role 

of public R&D in the economic and management literature, we know very little about the role of 

public R&D in the financial markets. Our examination of the effect of government-funded R&D 

on analyst forecast errors enriches our knowledge about its financial effects. Second, we show a 
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potential bright side of government subsidy policies and confirm the creditability of government 

subsidies, adding to findings in other studies.4 We further show that the creditability embedded 

in public R&D subsidies and contracts not only improves receiving firms’ performance but also 

reduces analyst forecast errors. Therefore, government R&D policies can be beneficial in terms 

of both real and financial effects. Third, our study helps us understand the role and source of 

information asymmetry of firms (or corporate transparency) as related to analyst forecast 

accuracy in the recent accounting literature. 5  We suggest that the creditability effect of 

government R&D grants and contracts may influence the level of information asymmetry of 

receiving firms and accordingly affect analyst forecast accuracy. Fourth, analysis of more recent 

U.S. micro-level data of firms that directly discloses public R&D information allows us to show 

that government-funded R&D improves patent-based measures, implying that public R&D 

stimulates private innovation activities. This finding provides new evidence on the long-term 

debate in the innovation literature on whether public R&D stimulates or crowds out private 

innovation activities. 

The paper is organized as follows. Section II presents the literature review and hypothesis 

development. Section III discusses the data and research design. Section IV provides empirical 

results of the effect of government-funded R&D on forecast errors. Section V conducts 

additional tests, and Section VI concludes.  

 

                                                      
4 See, for example, Brander and Spencer (1985), Lerner (2002), Almus and Czarnitzki (2003), Meuleman and 

Maeseneire (2012), Eberhart and Eesley (2018), and Goldman (2020). 
5 See, for example, Amiram, Owens, and Rozenbaum (2016), Amiram, Kalay, Kalay, and Ozel (2018), Glaeser 

(2018), Balakrishnan, Blouin, and Guay (2019), and Cheynel and Levine (2020). 
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II. RELATED RESEARCH AND HYPOTHESIS DEVELOPMENT 

Studies of Public R&D 

An important economic question has been whether government R&D stimulates or crowds 

out private R&D investment. Levy and Terleckyj (1983) find that public R&D and private R&D 

are substitutable, but they also show that public R&D improves the productivity of firms. Nadiri 

and Mamuneas (1994) find that public R&D not only enhances productivity but also improves 

the cost of production and labor productivity of manufacturing firms. Mamuneas and Nadiri 

(1996) provide evidence that publicly financed R&D induces cost savings but crowds out 

privately financed R&D investment. 

Studies since then continue to conclude that there is no doubt that public R&D enhances 

the productivity of firms. Quite a few recent studies, however, suggest that public R&D 

stimulates private firm R&D. Spencer, Murtha, and Lenway (2005) use flat-panel display as an 

example; they argue that Japanese companies that accepted government R&D subsidies because 

they did not have the funds to carry out high-volume production perform well in R&D 

equipment investment. Toole (2007) uses data from the National Institutes of Health (NIH), and 

examines pharmaceutical R&D investment of firms and public R&D research subsidy. He finds 

that public basic and clinical research complements pharmaceutical R&D investment, and 

thereby stimulates private industry investment. Jacob and Lefgren (2011) and Azoulay, Zivin, Li, 

and Sampat (2018) also study NIH funding and support the complementary effect of public R&D 

grants and programs. In an examination of small and medium enterprises, Hottenrott and 

Lopes-Bento (2014) find that public subsidies trigger firm R&D spending. Lanahan and Feldman 

(2018) also draw a similar conclusion when they examine a Small Business Innovation Research 

State Match program.  
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Other studies have investigated a variety of issues linked to public R&D, including 

employment (Wallsten, 2000; Czarnitzki and Lopes-Bento, 2013; Einiö, 2014); university patent 

licensing and commercialization (Jensen and Thursby, 2001); cross-country comparisons of 

university research (Spencer, 2001); social rates of returns and spillover effect (Takalo, 

Tanayama, and Toivanen, 2013); movement of scientists (Ganguli, 2017); and the certification 

effect of government grants (Lerner, 2002; Meuleman and Maeseneire, 2012; Eberhart and 

Eesley, 2018). 

Hypothesis Development 

We propose two hypotheses to explain the effect of government-funded R&D on analyst 

forecast accuracy. Because R&D investment is generally intangible and tied to information 

asymmetry, it differs from property, plant, and equipment (PPE), which have mark-to-market 

values (Lev and Sougiannis, 1996; Aboody and Lev, 2000). R&D is hard to evaluate accurately, 

and outsiders usually do not know its intrinsic value. Amir, Lev, and Sougiannis (2003), Gu and 

Wang (2005), and Donelson and Resutek (2012) document that forecast errors increase with 

levels of R&D investment. Even when a firm’s R&D is funded by government, the value of the 

public R&D is still highly intangible. The embedded intangibility and uncertainty of R&D makes 

it hard to value the output of public R&D investment. We thus conjecture that 

government-funded R&D investment is associated with greater earnings forecast error. The 

information uncertainty hypothesis is formally stated as follows:  

H1: The information uncertainty hypothesis predicts that government-funded R&D is 

negatively associated with the accuracy of analyst earnings forecasts. 

Firms receiving government subsidies or contracts are likely regarded as more credible 
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than others, and many of government subsidies are public information.6 Government has a 

reputation to maintain, so firms receiving subsidies or contracts from a government could have 

more credible revenue or subsidies that are related to government’s help (Brander and Spencer, 

1985; Goldman, 2020). Hou and Png (2019) suggest that the certification effect embedded in 

government R&D contracts can help firms sell their products using an embedded technology and 

attract potential external investors. Also, because government officials usually behave 

conservatively, higher-quality firms are likely favored in the granting of government R&D 

contracts, which means that these firms are more creditable than other firms (Almus and 

Czarnitzki, 2003). These arguments seem supported by the high success rate of risky R&D 

projects among firms receiving government research grants (e.g., Wallsten, 2000). 7  A 

government gains an information advantage about a firm’s quality when it evaluates its detailed 

proposals and related documents. For instance, specialists at the NIH have insights into which 

biotechnologies may be most promising. Thus they are able to screen applications with their rich 

resources, which reduces information asymmetry between firms and the government (Lerner, 

2002; Meuleman and Maeseneire, 2012; Eberhart and Eesley, 2018). As analysts tend to invest 

resources in future earnings predictions by analyzing publicly available information (Bradshaw, 

Ertimur, and O’Brien, 2017), firms that are able to collaborate with government would be 

perceived by analysts to be more reputable because government grants or contracts have a 

certification effect for firms (Lerner, 2012). The second hypothesis, the certification hypothesis, 

is stated as follows:  

                                                      
6 For example, firms may disclosure government R&D subsidies in 10-K report. The government-funded R&D 

information is publicly available particularly when R&D subsidies are multiple-year projects. Also, the U.S. 

government publicizes R&D grantees and related information. For instance, people can search NIH grants on the 

website: https://projectreporter.nih.gov/reporter.cfm, and National Science Foundation grants on the website: 

https://www.research.gov/research-portal/appmanager/base/desktop?_nfpb=true&_eventName=viewQuickSearchFo

rmEvent_so_rsr. 
7 We will also show evidence in support of this viewpoint by finding a positive relation between innovation 

efficiency and government-funded R&D in a later section. 
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H2: The certification hypothesis suggests that government-funded R&D is positively 

associated with the accuracy of analyst earnings forecasts. 

 

III. DATA AND RESEARCH DESIGN 

Data and Descriptive Statistics 

Financial and stock market information for our sample firms comes from Compustat and 

the Center for Research in Security Prices (CRSP). We exclude financial and utility firms as they 

are likely to have different disclosure practices. We collect data of firms’ government research 

grants or contracts from Form 10-K of the SEC’s Electronic Data Gathering, Analysis and 

Retrieval (EDGAR) database from 1993 through 2015. We first require that our sample firms 

report their R&D expenses. Next, we manually collect the data using keywords such as R&D, 

federal, government, institution, agency, research, technology, clinical, aerospace, defense, 

sponsor, subsidies, grant, fund, award, contract, and the abbreviations DoD, DOE, IDA, NIAID, 

and NIH.8 We use computer language to extract paragraphs using those keywords from the 

10-Ks.9 We then manually collect data on government-funded R&D for each firm. As long as a 

firm has ever received government research grants or contracts in any one year of our sample 

period, we replace any missing value of government-funded R&D by zero in other years when 

we cannot find that information. We find government research grants or contracts in 4,231 

firm-years over 19932015. 

Figure 1 graphs the disclosure locations for firms with research grants or contracts from 

governments. Descriptive information on research grants or contracts appears mainly in annual 

                                                      
8 These stand for the Department of Defense, Department of Energy, Industrial Development Authority of Ireland, 

National Institute of Allergy and Infectious Diseases, and National Institutes of Health, respectively. 
9 We use NLTK in Python to perform keyword searches using regular expression routines, including wildcards and 

stop words. 
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report business overviews or discussions of risk factors. The actual amounts are recognized as 

separate items in income statements or disclosed as revenues or R&D deductions in 

Management’s Discussion and Analysis (MD&A) or footnotes.10 Because R&D funded by 

governments varies depending on terms and conditions, neither the FASB nor the IASB requires 

firms to disclose or recognize such funding in the same way.11 As examples, Universal Display 

Corporation and Aduro Biotech, Inc., recognize and disclose their R&D funded by government 

as revenue (Table A1 in the Appendix). Amtech Systems, Inc., and Medicines Co. recognize and 

disclose their R&D funded by government as R&D reduction (Table A2 in the Appendix). Firms 

can also receive research grants or sign R&D contracts. As Table A3 of the Appendix shows, 

R&D contracts amount to more than six times the average amount of R&D grants. 

Insert Figure 1 around here 

Because we examine analyst forecast accuracy, we exclude firms without analyst following 

and forecast data. This restriction reduces our sample size to 2,477 firm-year observations (for 

316 unique firms) with government-funded R&D information. More than half of the firms are in 

high-tech and bio-tech related industries, including the two-digit SIC industries of chemicals and 

allied products (28); industrial, commercial machinery and computer equipment (35); electronic 

and electrical equipment (36); measuring, analyzing, and controlling instruments (38); and 

business services including computer programming and data processing (73) (see details in 

                                                      
10 Government-funded R&D can be recognized as revenue or other income (using gross numbers) or as R&D 

deductions (using net numbers). This gross versus net presentation is in ASC606 (since 2017, prior to IAS18 or 

IFRS15), which primarily states that the companies should not include described amounts collected on behalf of 

others in revenue. Government assistance recognition follows guidance in paragraphs 24 and 29 of IAS 20 (since 

2009), while the U.S. proposed ASU 2015-340, Government Assistance (Topic 832), does not provide such guidance 

(Deloitte, 2017). 
11 Neither the FASB nor the IASB has finalized updating the rule regarding “Accounting for Government 

Assistance.” The FASB issued ASU Topic 832 proposal draft in 2015 and last updated on March 6, 2019, but still 

not finalized it yet. For details, see: https://www.fasb.org/jsp/FASB/FASBContent_C/ProjectUpdateExpandPage& 

cid=1176170398073. The IASB postponed updating IAS 20, the government grants project, but the IFRS 

Interpretations Committee recently discussed accounting for repayable cash receipts from a government to finance a 

company’s R&D projects in May 2016 (https://www.ifrs.org/-/media/feature/supporting-implementation/agenda- 

decisions/ias-20-may-2016.pdf). 
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Figure 2). Panel A of Table 1 presents descriptive statistics for sample firms with 

government-funded R&D over 19932015. On average, these firms obtained $125.5 million 

from the U.S. government to support their R&D activities during our sample period. The average 

R&D-to-assets ratio is 16.46% funded by government and 12.42% by the firm itself. Panel B 

shows the correlation coefficients between variables. 

Insert Figure 2 and Table 1 around here 

Research Design 

We use Equation (1) to examine the effect of government-funded R&D on analyst forecast 

accuracy based on analyst forecast error:  

t,it,i ratioR&D-fundedGovernmenterrorForecast 10    

                  .FEYearFEFirmvariableControl t,it,i,jj          (1) 

The dependent variable is one-year-ahead analyst forecast error, Forecast error. Following Behn, 

Choi, and Kang (2008) and Dhaliwal, Radhakrishnan, Tsang, and Yang (2012), we measure 

analysts’ forecast error for firm i (Forecast errori,t) as the absolute consensus forecast error made 

by financial analysts: 

   
tN

k t
k
t

k
t

t

t,i ,icePr/EF
N

errorForecast 1 1

1
 (2) 

where Nt is number of earnings forecasts made during year t; k
tF  is the k-th consensus earnings 

forecasts on one-year ahead earnings-per-share (EPS) in year t, k
tE  is actual realized earnings 

corresponding to the k-th consensus earnings forecasts on one-year ahead EPS in year t, and 

Pricet1 is the stock price at the end of fiscal year t  1. 

Our main variable of interest is the Government-funded R&D ratio, which is the R&D 

funded by government scaled by total assets. The amount of R&D funded by governments comes 
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from firm i’s 10-K report. The control variables are factors that can influence analysts’ forecast 

accuracy, as suggested by Behn et al. (2008) and Dhaliwal et al. (2012), which include Log(Size), 

R&D-to-assets ratio, Analyst coverage, Forecast dispersion, Earnings volatility, Cash-to-assets 

ratio, Negative earnings dummy, and disclosure quality related measures. Log(Size) is the 

logarithm of the market value of common equity. R&D-to-assets ratio is R&D expenditures 

divided by book assets. Analyst coverage is number of analysts following the firm. Forecast 

dispersion is the standard deviation of forecasted EPS, scaled by share price in the end of fiscal 

year t  1. Earnings volatility is the standard deviation of past five-year return-on-assets 

(earnings before interest and taxes divided by book assets). Cash-to-assets ratio is the 

cash-to-book assets ratio. Negative earnings dummy equals one if a firm’s earnings is negative, 

and zero otherwise.  

Disclosure quality related measures include Accruals, Big-4 dummy, Log(1 + Auditing fee), 

and Log(1 + # of words about government-funded R&D in 10-K). Accruals is EBIT minus cash 

flow from operating activities, scaled by book assets. Big-4 dummy equals one if a firm is 

covered by any of the Big-4 auditors, and zero otherwise. Log(1 + Auditing fee) is the logarithm 

of one plus the total auditing fee. Log(1 + # of words about government-funded R&D in 10-K) is 

the logarithm of one plus number of words about the statement related to government-funded 

R&D in the 10-K report. Firm and year fixed effects are included to control for firm-specific, 

time-invariant characteristics and time trends in analyst forecast accuracy. The t-stat or p-value is 

computed based on the firm-level clustered standard error to correct for regression residuals that 

are correlated across firms. 

Identification Strategy 

To address potential endogeneity concerns, we employ a quasi-natural experiment of 
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changes in congressional committee chairmanships, as suggested by Cohen, Coval, and Malloy 

(2011). The relevance restriction of this exogenous shock is straightforward; that is, a state’s 

congressperson can positively affect the spending of the state.12 As a member of Congress 

becomes an influential committee chair, that may result in an increase in federal funds (for both 

real investment and R&D investment) flowing into his or her state.13 The exclusion restriction is 

also satisfied. Congressional committee chairmanships are determined almost entirely by 

seniority, which causes the shock to the change in congressional committee chairmanship to be 

exogenous to firms’ performance and decisions. Beyond seniority, circumstances of resignation, 

defeat of incumbent, or changes in party power affect appointments of committee chairs. These 

factors and events are unrelated to firm performance and decisions, including analyst forecast 

errors. Therefore, this identification strategy can verify the causal effect of government-funded 

R&D on analyst forecast errors.  

We use a difference-in-differences approach to examine how analyst forecast errors of 

treatment firms, compared with control firms, respond to government-funded R&D that results 

from the exogenous shock of the change in a congressional committee chairmanship. The 

treatment group includes firms headquartered in the state whose congressional member initially 

becomes an influential congressional committee chairman. Cohen, Coval, and Malloy (2011) and 

Stewart (2012) identify the 10 most influential congressional committees in each chamber. In the 

Senate, the committees are Finance, Veterans Affairs, Appropriations, Rules, Armed Services, 

                                                      
12 Atlas, Gilligan, Hendershott, and Zupan (1995) and Hoover and Pecorino (2005) both find a positive relation 

between state-level expenditures and per capita representation in Congress (i.e., representation in the Senate and the 

House of Representatives adjusted by state size). Aghion, Boustan, Hoxby, and Vandenbussche (2009) show that the 

representation on appropriations committees influences education expenditures of a state. Cohen, Coval, and Malloy 

(2011) find that the earmarks, federal transfers, and government contracts of a state increase when a congressperson 

of the state becomes the chair of a powerful committee. 
13  We regress the government-funded R&D ratio on whether a firm is headquartered in the state whose 

congressperson initially becomes the chair of an influential committee. The coefficient is positive and significant at 

the 5% level.  
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Foreign Relations, Intelligence, Judiciary, Budget, and Commerce. In the House, they are Ways 

and Means, Appropriations, Energy and Commerce, Rules, International Relations, Armed 

Services, Intelligence, Judiciary, Homeland Security, and Transportation and Infrastructure.14 

We match each treatment firm by a control firm using the propensity matching procedure to 

control for pre-event firm size, Tobin’s q, forecast error, earnings volatility, leverage, and state 

and industry fixed effects.15 By including four years of data around the exogenous shock in the 

difference-in-differences analysis, we expect lower forecast errors for firms in the treatment 

group.  

Even though we describe changes in congressional committee chairmanship as exogenous, 

one might challenge the exclusion restriction for several reasons. First, firms may lobby a 

congressional committee for R&D research grants and government contracts. To address this 

concern, we examine whether a firm does lobby a congressperson, and then exclude any such 

case from the sample. This alleviates the lobbying concern and strengthens the exclusion 

restriction. Second, firms may choose headquarters locations so as to enjoy more benefits from 

R&D subsidies. We implement the difference-in-differences analysis by performing a Heckman 

two-stage model that uses the firm founder’s university as the instrumental variable for the 

location choice (Chen, Chen, Liang, and Wang, 2020). Third, the congressperson who initially 

becomes the influential committee’s chair may also affect the government’s capital expenditures, 

crowding out firms’ capital expenditures (Cohen, Coval, and Malloy, 2011). A possibility that a 

change in firms’ capital expenditures affects forecast errors might drive our results. To address 

                                                      
14 We also focus on the top-one influential congressional committee and the change of the committee chairmanship 

as an exogenous shock. However, the sample size becomes too small to carry out any difference-in-differences 

analysis. We also define the influential congressional committees by top-three or top-five influential committees, 

and we find similar results. Thanks to Professor Charles Stewart for sharing the chairs of congressional committees 

on the website: http://web.mit.edu/17.251/www/data_page.html. 
15 The results are similar when we select three, five, or ten matched firms in the control group. We also perform 

nearest neighborhood matching, and the results are consistent. 
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this concern, we incorporate capital expenditures in the difference-in-differences model as 

robustness checks.  

We also carry out a two-stage regression analysis using state-level government spending as 

the instrumental variable.16 The idea is that, as federal and state governments increase their 

spending, spending on health care and defense can be accomplished through government grants 

and contracts to firms. State-level government spending, which is a macro-level factor, should be 

less relevant to a specific firm’s forecast errors in the absence of R&D research grants and 

contracts. This test provides an alternative way to identify the causal effect of 

government-funded R&D on analyst forecast errors. 

 

IV. EFFECT OF GOVERNMENT-FUNDED R&D ON FORECAST ERRORS 

Relationship between Government-Funded R&D and Forecast Error 

Table 2 presents our main results on the effect of government-funded R&D on analyst 

forecast errors. Model 1 does not include control variables related to disclosure quality. We find 

that the coefficient of Government-funded R&D ratio is 0.0014, which is significant at the 1% 

level, showing evidence in support of the certification hypothesis. Given that the average of 

forecast errors is 0.0298, a one-standard-deviation increase in government-funded R&D ratio 

leads to a 7.1% reduction in average forecast error. Model 2 controls for disclosure quality 

related variables. The reason is that whether a firm discloses government research grants and 

contracts also depends on the disclosure quality. After controlling for disclosure quality related 

variables, we continue to find a negative relation between government-funded R&D and forecast 

errors. 

                                                      
16 The state-level government spending data come from https://www.usgovernmentspending.com/. 
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Insert Table 2 around here 

We perform several robustness checks (not tabulated here). First, we include additional 

control variables, such as the number of patents that a firm files with the United States Patent and 

Trademark Office, patent generality, and patent originality (Hall, Jaffe, and Trajtenberg, 2001). 

We also replace the year fixed effect by year and two-digit SIC joint fixed effects to control for 

potential time-varying latent variables. Our results remain consistent. Second, we calculate 

GAAP-based forecast errors as suggested by Bradshaw and Sloan (2002). They argue that GAAP 

and Street earnings differ; there is a strong bias toward the reporting of a Street earnings number 

that exceeds the GAAP earnings number. When we adopt GAAP-based forecast errors as an 

alternative measure, we continue to find a negative relation between forecast errors and 

government-funded R&D. Third, we examine R&D contracts and R&D grants (both scaled by 

book assets) separately as alternative measures of government-funded R&D. We find that the 

coefficients of both measures are negative and significant in the forecast error regression. Fourth, 

we scale government-funded R&D by sales or firm size of the firm and find that the results 

continue to hold. Fifth, we use analyst forecasts of quarterly EPS, and the results remain 

unchanged. Sixth, we consider both one-year and two-year forecast errors on EPS, and obtain 

similar results.17  

Other Alternative Explanations 

In addition to the proposed competing hypotheses: information uncertainty hypothesis and 

certification hypothesis, we further discuss three alternative explanations: (i) sample 

self-selection bias, (ii) a crowding-out effect between public R&D and private R&D, and (iii) 

managerial voluntary disclosure.   

                                                      
17 We do not examine three-year, four-year, or long-term forecasts because sample size drops significantly because 

of data availability. 
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First, we deal with the disclosure self-selection problem because information about 

publicly funded R&D is disclosed voluntarily in 10-K report. In fact, sample self-selection leads 

to omitted variable problems (omitting the inverse Mill’s ratio) that bias the estimation. We 

employ a Heckman two-stage model to address the self-selection problem, and find that our 

results are consistent.18  

Second, we examine an alternative explanation through substitution between public R&D 

and a firm’s R&D. It is plausible that government-funded R&D crowds out a firm’s R&D 

investment, which can lower the degree of information asymmetry and forecast errors. To 

examine this possibility, we focus on a subsample that excludes firms with a negative correlation 

coefficient between their government-funded R&D and their firm R&D. We do so because the 

negative correlation coefficient implies a crowding-out effect. After excluding firms that exhibit 

a crowding-out effect, we continue to find that the coefficient of Government-funded R&D ratio 

is 0.0016, which is significant at the 1% level, alleviating the conjecture that the crowding-out 

effect drives our results. 

Third, one may argue that the government serves a monitoring role, encourages more 

voluntary disclosure about R&D investments, and accordingly lowers the information 

asymmetry of firms that receive R&D grants and contracts. To rule out this possible explanation, 

we remove the firm-years that voluntarily release management forecasts on earnings, which 

account for about 38% of the sample. The untabulated result (available upon request) shows that 

the coefficient of Government-funded R&D ratio is 0.0014, which is significant at the 1% level. 

                                                      
18 We control for a number of variables in the first stage of the Heckman model, including the logarithm of size, 

book-to-market ratio, R&D intensity, cash flow volatility, cash-to-assets ratio, accruals, the percentage of firms 

disclosing government-funded R&D in a two-digit SIC industry, and firm and year fixed effects (Chen et al., 2020). 

Because the Heckman model requires at least an exogenous variable in the first stage, we follow Matsumura, 

Prakash, and Vera-Muñoz (2014) and use the percentage of firms disclosing government-funded R&D as the 

exogenous variable. 
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Therefore, our finding is unlikely driven by managerial voluntary disclosure. 

Difference-in-Differences Analysis 

So far we have shown a negative relation between government-funded R&D and forecast 

errors. Endogeneity concerns, however, may challenge our argument. Latent variables such as 

manager ability may affect forecast errors. Alternatively, simultaneity matters, because firms 

receiving more analyst attention can be seen as more attractive candidates for governments to 

collaborate with in R&D contracts. Therefore, we use the exogenous shock of changes in 

congressional committee chairmanship to tease out the causal effect.  

Table 3 presents the results of difference-in-differences analysis for forecast errors using an 

exogenous shock to changes in congressional committee chairmanships. The treatment group 

(Treat) includes firms headquartered in the state whose congressional member initially becomes 

the influential congressional committee chair (i.e., the event year t). The control group (Control) 

is selected by the propensity score matching method controlling for pre-event (i.e., year t  1) 

firm size, Tobin’s q, forecast error, earnings volatility, leverage, and state and two-digit SIC 

industry fixed effects. Each treatment firm is matched with one corresponding control firm.  

Panel A of Table 3 reports the averages of 15 firm characteristics for treatment and control 

groups in year t  1. Among them, only four variables show significant differences between the 

treatment and control groups. Therefore, the control group is appropriately matched. We also 

regress Government-funded R&D ratio on Treat, Post, and Treat  Post with other control 

variables. The regression includes firm-year observations in years t  2, t  1, t, and t + 1. Treat 

is a treatment dummy that equals one for the treatment group, and zero for the control group. 

Post is a dummy variable that equals one for event year t and one year after the event year (i.e., 

year t + 1), and zero for those two years before the event year (i.e., years t  2 and t  1). The 
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interaction term, Treat  Post, captures the effect of the difference in differences on 

Government-funded R&D ratio. The untabulated result shows that the coefficient on Treat  Post 

is 0.138, which is significant at the 5% level. This result confirms the argument of Cohen, Coval, 

and Malloy (2011) that changes in chairmanships of influential congressional committees affect 

public spending, and also verifies the relevance of this quasi-natural experiment. 

Insert Table 3 around here 

Panel B of Table 3 reports the results of the regression of forecast errors. In Model 1, the 

coefficient on Treat  Post is 0.0104 (t-stat = 2.09), which is significant at the 5% level. The 

result is similar when we further control for disclosure quality variables in Model 2 (coeff. = 

0.0105; t-stat = 2.26). That is, firms headquartered in the state whose congressperson initially 

becomes an influential committee chair experience lower forecast errors than firms 

headquartered in other states. In short, our conclusion remains unchanged after we address the 

endogeneity issue by using the quasi-natural experiment of changes in the chairmanship of 

influential congressional committees. 

We also examine the parallel trend assumption in two ways. The first is in Panel A of Table 

3, where we present forecast errors in years t  1 and t  2 (Lagged forecast errors) for treatment 

and control groups. Pre-event forecast errors are not significantly different between treatment 

and control groups in both years t  1 and t  2, indicating that the forecast errors of the two 

groups are statistically parallel before the event year. The second is in Panel C, where we regress 

forecast errors on Treat  Year 1 dummy and Treat  Year 2 dummy and other control variables. 

Treat  Year 1 dummy (Treat  Year 2 dummy) equals one if the forecast error data come from 

year t  1 (year t  2). We find that the coefficients on Treat  Year 1 dummy and Treat  Year 

2 dummy are both statistically insignificant in Model 1 without extra controls and Model 2 with 
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extra controls. 

Lobbying Activities and Location Choices  

We next examine whether our results are affected by firm lobbying activities and location 

choices. We manually check to see whether a firm lobbied the chair of an influential committee 

around the year when the congressperson initially became the committee chair; if so, we exclude 

the firm from the analysis.19 About 9% of our sample in the difference-in-differences analysis 

are excluded due to the lobbying activities. Panel A of Table 4 reports the result of the 

difference-in-differences analysis for the sample with no lobbying activities. The coefficient on 

Treat  Post is 0.0110 (t-stat = 2.12) without extra controls and 0.0111 (t-stat = 2.29) with 

extra controls. Both coefficients are significant at the 5% level. That is, our results persist after 

controlling for the lobbying effect.  

Insert Table 4 around here 

We have noted that firms may choose a headquarters location so that they can enjoy greater 

benefits from R&D subsidies. We implement this difference-in-differences analysis by 

performing a Heckman model with multinomial choices. We follow Chen et al. (2020) in 

adopting the firm founder’s university as the instrumental variable to predict firm location choice. 

We then estimate the control functions from the Heckman model, which is a multiple logit model 

of location choices among different states. In the multiple logit regression analysis, the 

dependent variables are binary variables for choices of locating headquarters in a specific state. 

The independent variables in the first-stage regression include the founder’s university, public 

R&D, labor income growth rate, GDP growth rate, unemployment rate, and firm characteristics 

(firm size, book-to-market, operating profitability, asset growth, prior returns, R&D intensity, 

                                                      
19 We search for lobbying activities of firms in OpenSecrets.org at https://www.opensecrets.org/. 
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patent citations, citations per R&D dollar, KZ index, idiosyncratic volatility, and illiquidity), 

together with the industry fixed effect. We use the founder’s university as the instrumental 

variable in the first-stage regression because founders may prefer to start a company in the state 

where they attended college (Di Giuli and Kostovetsky, 2014; Chen et al., 2020).20 Panel B of 

Table 4 reports the results. We use the control function obtained from the first-stage regression to 

correct for firms’ location choices of headquarters. After incorporating the control functions into 

the difference-in-differences regression, our results are similar. Specifically, the coefficients on 

Treat  Post are 0.0101 (t-stat = 1.89) without extra controls and 0.0101 (t-stat = 2.20) with 

extra controls. Both coefficients are significant at either the 10% or 5% level.21 

One might also argue that the congressperson who initially becomes an influential 

committee chair affects the capital expenditures of the government itself, and that firm capital 

expenditures are accordingly crowded out (Cohen, Coval, and Malloy, 2011). In that case, firms 

that change their capital expenditures may also cause forecast errors to change. To address this 

possibility, we include capital expenditures in the difference-in-differences regression model. We 

argue that any indirect effect on forecast errors through firm capital expenditures should be 

reflected in the regression coefficient of capital expenditures. We find that our conclusion 

continues to hold after controlling for the capital expenditures effect. To save space, results are 

                                                      
20 We define the instrumental variable of the firm founder’s university as a dummy variable that equals one if the 

founder or co-founders of the firm have been enrolled in a university (for bachelors, masters, or PhD degrees) in that 

state. Public R&D ratio is the amount of public R&D spending scaled by state GDP. The book-to-market ratio is the 

ratio of book value of common equity to market value of common equity. Operating profitability is revenue minus 

cost of goods sold, interest expense, and selling, general, and administrative expenses, scaled by book equity. Asset 

growth is past one-year asset growth rate. Prior return is past one-year return (skipping the most recent month). 

Patent citations is the sum of truncation-adjusted forward citations received by patents granted to a firm. Citations 

per R&D dollar is patent citations divided by R&D expenditures. KZ index is the Kaplan and Zingales (1997) index. 

Idiosyncratic volatility is the average of the squared residuals of the Capital Asset Pricing Model using the previous 

36 monthly returns. Illiquidity is the measure of stock illiquidity suggested by Pástor and Stambaugh (2003). 
21 Another location concern is that firms may change their headquarters. We use the Augmented 10-X Header Data 

at https://sraf.nd.edu/data/augmented-10-x-header-data/, and examine cases of changing headquarters. We find that 

about 10% of sample firms change their headquarters, although the Augmented 10-X Header Data does not cover all 

of our sample firms. We exclude firms that change headquarters from our test, and the results remain consistent.  
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not tabulated here, but are available upon request. In short, our conclusion survives after all these 

validation tests regarding lobbying activities, headquarters choices, and government capital 

expenditures. These tests also strengthen the validation of the exclusive restriction of our 

identification strategy. 

Two-Stage Regression Analysis 

Beyond the difference-in-differences analysis, we use the two-stage regression to address 

the endogeneity concern. We employ the instrumental variable of state-level government 

spending, and present the regression results in Table 5. Model 1 shows the result of the first-stage 

regression, where we regress Government-funded R&D ratio on Log(1 + State-level government 

spending) and other control variables, including Log(Size), R&D-to-assets ratio, Earnings 

volatility, Negative earnings dummy, Cash-to-assets ratio, and Accruals.22  

Insert Table 5 around here 

We find that the coefficient on Log(1 + State-level government spending) is 1.6368 (t-stat = 

4.73), which is significant at the 1% level. Two tests are performed: the weak IV test and the 

over-identification test (i.e., Hansen J test). We find that the chi-square statistic of the weak IV 

test is 22.3326, which is higher than the standard threshold of 10. Results of the 

over-identification test are insignificant, meaning that we statistically fulfill the exclusion 

restriction for our IV. Models 2 and 3 present the results of the second-stage regressions, where 

we regress Forecast errors on Fitted government-funded R&D ratio with the other control 

variables introduced in Table 2. We continue to find consistent results, where the coefficients on 

Fitted government-funded R&D ratio are negative and significant (coeff. = 0.0029 with tstat = 

2.14 in Model 2; coeff. = 0.0030 with tstat = 2.06 in Model 3), confirming the certification 

                                                      
22 The results are similar if we include all control variables in the second-stage regression in the first-stage 

regression. 
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hypothesis. 

Channel Tests 

We next examine the channels through which the effect of government-funded R&D on 

forecast errors occurs. The first is a long-term relationship with a government. An occasional 

research grant from government is less likely for a firm to receive a certifying benefit from the 

government. Firms that can maintain long-term relationships with government are more likely to 

engender more trust. To examine this possibility, we consider two measures that characterize 

long-term relationships with government: established grantees and political connections. In 

Models 14 of Table 6, we split the sample into two subsamples: established grantees (i.e., firms 

that have received government R&D in the past three years) versus new government R&D 

grantees (i.e., other firms). In Models 58, we again split the sample into two subgroups: with 

versus without political connections, using data from the BoardEx database. We define firms 

with political connections as firms with at least one director who has political connection.  

Insert Table 6 around here 

The results in Table 6 show that the coefficients on Government-funded R&D ratio are 

significant and negative only for firms with established grantees and those with political 

connections. Specifically, the coefficients are 0.0019 (tstat = 10.85) in Model 3 and 0.0019 

(tstat = 11.04) in Model 4 for the subsample of established grantees. The coefficients are 

0.0016 (tstat = 8.21) in Model 5 and 0.0016 (tstat = 8.12) in Model 6 for the subsample 

with political connections. We also test the difference in coefficients between the two subsamples. 

Untabulated results show that differences are significant according to Wald tests. The results 

imply that firms’ long-term relationships with government amplify the negative relation between 

government-funded R&D and analyst forecast errors. 
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Meanwhile, the certification hypothesis argues that government grants or contracts offer a 

certificating benefit to firms in an information asymmetric or uncertain environment. Thus, the 

certification effect driven by government grants or contracts can be more salient when 

information is more asymmetric and conditions are more uncertain. We consider three measures 

to describe information asymmetry and uncertainty: analyst forecast dispersion, earnings 

volatility, and bid-ask spread. Dispersion in analysts’ earnings forecasts summarizes opinion 

divergence among market participants, assuming that analysts have different pieces of private 

information about a firm (Lang and Lundholm, 1996; Zhang, 2006). Earnings volatility captures 

information uncertainty (Zhang, 2006). The bid-ask spread captures the degree of information 

asymmetry about firms in the capital market (Lam and Wei, 2011; Balakrishnan, Blouin, and 

Guay, 2019). Analyst forecast dispersion is the standard deviation of forecasted EPS, scaled by 

share price at the end of fiscal year t  1. Earnings volatility is the standard deviation of past 

five-year return-on-assets (ROA). Bid-ask spread is calculated as price/price2
2

askbid
  at 

the end of calendar year t  1, where the bid and the ask are bid and ask quotes from the CRSP 

database. 

We partition the sample into high and low subsamples by the sample median of analyst 

forecast dispersion, earnings volatility, or bid-ask spread. Models 14 in Table 7 show the 

regression results of forecast errors on government-funded R&D using the subsamples of analyst 

forecast dispersion; Models 58 report the results using the subsamples of earnings volatility; 

and Models 912 present the results using the subsamples of bid-ask spread. We find that the 

coefficients on Government-funded R&D ratio are significant and negative only in the subgroup 

with a high degree of information asymmetry. In particular, the coefficients are 0.0016 (t-stat = 
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4.63) in Model 1 and 0.0016 (t-stat = 5.33) in Model 2 for the subsample of high forecast 

dispersion. The coefficients are 0.0015 (t-stat =5.11) in Model 5 and 0.0014 (t-stat = 5.35) 

in Model 6 for the subsample with high earnings volatility. And the coefficients are 0.0032 

(t-stat = 10.27) in Model 9 and 0.0031 (t-stat = 10.13) in Model 10 for the subsample with 

high bid-ask spread. We also test the differences in coefficients between high and low 

subsamples. Untabulated results show that differences are significant according to Wald tests. 

The results suggest that information asymmetry or uncertainty amplifies the negative association 

between government-funded R&D and analyst forecast errors. 

Insert Table 7 around here 

 

V. ADDITIONAL TESTS 

Missing or Beating Analysts’ Earnings Forecasts 

Because government-funded R&D may increase the earnings of a firm, firms may beat 

earnings forecasts more often. To examine this conjecture, we perform a logit regression analysis. 

We construct a dummy variable that equals one if the firm beats analyst earnings forecasts (i.e., 

actual EPS is higher than forecasted EPS), and zero otherwise. We use the same control variables 

as in Table 2. Table 8 shows the regression results. The coefficient on Government-funded R&D 

ratio is 0.0059 (t-stat = 36.50) in Model 1 without extra controls and 0.0060 (t-stat = 27.68) in 

Model 2 with extra controls. Both coefficients are highly significant at the 1% level. The results 

suggest that firms with government-funded R&D are more likely to beat analyst earnings 

forecasts. This could be because analysts are too conservative and therefore do not fully 

incorporate the impact of government-funded R&D into their earnings forecasts. 

Insert Table 8 around here 
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Government Funded R&D and Innovation Performance 

The premise of our certification hypothesis is that a government has an information 

advantage and in-house experts who can identify high-quality R&D firms for R&D grant or 

contract awards. If this is the case, firms receiving government R&D grants or contracts should 

have a high degree of innovation efficiency and performance. We use eight innovation 

performance measures as the dependent variable. Following Hirshleifer, Hsu, and Li (2013), 

Innovation efficiency is the logarithm of one plus the number of patents divided by R&D 

expenditures. Number of patents is the logarithm of one plus the number of patents that a firm 

has applied for. Patent citations is the logarithm of one plus the number of truncation-adjusted 

citations that an awarded patent receives. Patent generality is the average of patent-level 

generality, where Patent-level generality is the sum of squared ratios of forward citations divided 

by the number of total forward citations in the same International Patent Classification (IPC) 

code. Patent originality is measured using a similar formula but replacing forward citations by 

backward references. Cumulative number of patents is the logarithm of one plus the aggregate 

number of patents a firm was awarded in the past three years. Cumulative patent citations is the 

logarithm of one plus the aggregate patent citations a firm has received in the past three years. 

Cumulative relative patent citations is the logarithm of one plus cumulative patent citations 

divided by the median of citations per patent in the same IPC classification. These are popular 

measures of innovation activities in the innovation literature (e.g., Hall, Jaffe, and Trajtenberg, 

2001, 2005; Lerner, Sorensen, and Strömberg, 2011; Aghion, van Reenen, and Zingales, 2013; 

Bena and Li, 2014; Hsu, Tian, and Xu, 2014; Lin and Wang, 2016).  

Table 9 reports the regression results of innovation performance in eight separate panels. In 

most cases, innovation performance measures show a positive relation between 
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government-funded R&D and innovation performance, except for Patent generality. These 

results are consistent with past evidence. Also note that Innovation efficiency is positively related 

to government-funded R&D, which implies that government-funded R&D enhances the 

successful rate of a firm’s risky R&D projects. 

Insert Table 9 around here 

Value Relevance and Firm Performance 

We noted earlier that ASU No. 2015-340, Government Assistance (Topic 832), calls for 

firms to disclose information on financial assistance from governments, such as government 

grants and low-interest loans. The implication is that the FASB sees government-funded R&D as 

value relevant. We therefore examine how government-funded R&D influences value relevance. 

Specifically, we examine the impact of disclosing information about public R&D and the impact 

of public R&D on stock returns. We follow Lev and Sougiannis (1996) on defining value 

relevance as the holding-period returns from nine months before to three months after the fiscal 

year t end. We then regress the value relevance on government-funded R&D ratio. Untabulated 

results show that government-funded R&D embedded in revenue or cost reduction information 

helps improve equity value. Our results in part support Chen et al. (2020), who suggest a positive 

relation between stock returns and state-level public R&D spending.23  

Furthermore, we revisit the effect of public-funded R&D on firm performance. While prior 

                                                      
23 In a further test, we examine the effect of government-funded R&D on the cost of equity capital, which also 

reflects the degree of information uncertainty (Lara, Osma, and Penalva, 2011). It is plausible that reduced forecast 

errors due to government-funded R&D could help a firm reduce the cost of equity capital. To explore this possibility, 

we calculate the implied cost of equity capital using the residual income model of Feltham and Ohlson (1995). We 

use a composite measure of the cost of equity capital that is the average of four individual cost of capital estimates in 

Claus and Thomas (2001), Gebhardt, Lee, and Swaminathan (2001), Gode and Mohanram (2003), and Easton 

(2004). This average approach has been used extensively in recent papers (e.g., Cao, Myers, Myers, and Omer, 2015; 

Goh, Lee, Lim, and Shevlin, 2016). We then regress the average cost of capital on government-funded R&D ratio. 

The results show that the coefficient on Government-funded R&D ratio is around 0.7, which is significant at the 

5% level. The results are generally consistent with the certification hypothesis. 
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studies have mainly used non-U.S. or industry-specific data to investigate this issue (e.g., Jacob 

and Lefgren, 2011; Azoulay, Zivin, Li, and Sampat, 2018), we re-examine this effect of public 

R&D by U.S. listed firms that have at least once disclosed information regarding government 

research grants or R&D contracts. We measure firm performance by return-on-assets (ROA) and 

Tobin’s q. Our untabulated results confirm findings in the literature that firms with more 

government-funded R&D improve their firm performance using firm-level data. 

 

VI. CONCLUSION 

Our examination of the relationship between government-funded R&D and analyst forecast 

accuracy reveals that firms with more government-funded R&D are associated with lower 

analyst forecast errors, even after we control for disclosure quality measures. This result is 

consistent with the certification hypothesis, which posits that research grants and contracts from 

government could convey a certification effect to firms, and that certification embedded in 

government-funded R&D reduces forecast errors.  

We take advantage of a quasi-natural experiment of changes in influential congressional 

committee chairmanships to address potential endogeneity concerns. We find that firms in the 

state whose congressperson initially assumes the chair of an influential committee have lower 

forecast errors than firms in other states. We also perform two-stage regression analysis using the 

instrumental variable of state-level government spending, and find that our results continue to 

hold.  

We conduct channel tests in an attempt to support the certification hypothesis. We find as 

expected that government-funded R&D on forecast errors has a more pronounced effect when 

firms are established government R&D grantees or politically connected. The same is true for 
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firms with greater information uncertainty and asymmetry (i.e., greater analyst forecast 

dispersion, higher earnings volatility, or higher bid-ask spread). In an additional test, we further 

uncover evidence that firms with more government-funded R&D tend to beat analyst earnings 

forecasts. Finally, we find that government-funded R&D is positively related to better innovation 

performance. 
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Appendix 

 

Table A1 Examples of firms that treat government-funded R&D as revenue 

 

1. Aduro Biotech, Inc. 

 Year ended December 31 

 2015 2014 2013 

 
(in thousands, except share 

and per share data) 

Consolidated Statements of Operations Data:    

Revenue:    

Collaboration and license revenue $71,689 $13,038 $ — 

Grant revenue 1,290 351 828 

Total revenue $72,979 $13,389 $828 

Revenue Recognition 

We have historically generated revenue through government grants and, beginning in 2014, from funds received 

under research and license arrangements. Government grants provide funding for certain types of expenditures in 

connection with research and development activities over a contractually defined period. Revenue related to 

government grants is recognized in the period during which the related costs are incurred and the related services are 

rendered, provided that the applicable performance obligations under the government grants have been met. We 

intend to continue to evaluate pursuing additional government grant opportunities on a case-by-case basis.  

 

2. Universal Display Corporation 

 

Technology development and support revenue 
 

Technology development and support revenue were as follows for the years ended December 31, 2015 and 2014 

(amounts in thousands): 

 
Year Ended 

December 31  (Decrease) 

 2015  2014  $  % 

Technology development and support revenue $207  $954  $(747)  (78)% 

 

Technology development and support revenue is revenue earned from government contracts, development and 

technology evaluation agreements and commercialization assistance fees, which includes reimbursements by the 

U.S. government for all or a portion of the research and development expenses we incur related to our government 

contracts. Technology development and support revenue for the year ended December 31, 2015, decreased by $0.7 

million compared to the year ended December 31, 2014. The decrease was primarily related to the smaller number 

of government contracts. We do not anticipate this to be a material revenue stream in the future. 
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Table A2 Examples of firms that treat government-funded R&D as R&D reduction 

 

1. Amtech Systems, Inc. 

 

Research, Development and Engineering 
 

Research, development and engineering (“RD&E”) expenses consist of the cost of employees, consultants and 

contractors who design, engineer and develop new products and processes as well as materials and supplies used in 

producing prototypes. We receive reimbursements through governmental research and development grants which are 

netted against these expenses when certain conditions have been met. 

 

 Years Ended September 30     

 2015  2014  Inc (Dec)  % 

 (dollars in thousands) 

Research, development and engineering $13,214 $10,863  $2,351  22% 

Grants earned   (6,296)   (4,572)   (1,724)  38% 

Net research and development and engineering  $6,918  $6,291    $627  10% 

 

RD&E expense, net of grants earned, for the fiscal year ended September 30, 2015, increased $0.6 million 

compared to fiscal 2014. Gross RD&E spending increased due primarily to the acquisition of BTU and SoLayTec. 

Increased RD&E spending was partially offset by increased recognition of grants earned. We receive 

reimbursements through governmental research and development grants which are netted against these expenses. 

 

2. Medicines Co 

 

Research and Development 
 

The Company performs research and development for US government agencies under a cost-reimbursable 

contract in which the Company is reimbursed for direct costs incurred plus allowable indirect costs. The Company 

recognizes the reimbursements under research contracts when a contract has been executed, the contract price is 

fixed and determinable, delivery of services or products has occurred and collection of the contract price is 

reasonably assured. The reimbursements are classified as an offset to research and development expenses. Payments 

received in advance of work performed are deferred. The Company recorded approximately $22.5 million and $9.5 

million of reimbursements by the government as a reduction of research and development expenses for the years 

ended December 31, 2015, and December 31, 2014, respectively. 

 



 

 38 

Table A3 Types of government-funded R&D 

 

This table describes government-funded R&D in terms of R&D grants, R&D contracts, and unknown type. Only 

firm-years that show receipts of positive government-funded R&D in 10-K report are included. 

 

Types of government funded R&D   N Mean  Std Dev p5 p25 Median p75 p95 

R&D grants  641 49.7  219.1  0.0  0.3  1.4  5.5  185.0  

R&D contracts  943 336.2  1,300.7  0.4  3.3  14.5  99.6  1,601.8  

Unknown 208 569.0  2,186.5  0.2  1.3  5.0  44.5  2,278.8  
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Table 1 Summary statistics and correlation coefficient matrix  
 

This table presents summary statistics (Panel A) and a correlation coefficient matrix (Panel B). Government-funded R&D is the dollar amount of R&D funded by 

governments (in millions). Government-funded R&D ratio is government-funded R&D scaled by book assets. Size is market value of common equity (in 

millions). R&D-to-assets ratio is R&D expenditures divided by book assets. Analyst coverage is number of analysts following the firm. Analyst forecast 

dispersion is the standard deviation of forecasted earnings per share (EPS), scaled by share price at the end of fiscal year t  1. Earnings volatility is the standard 

deviation of past five-year return-on-assets (earnings before interest and taxes/book assets). Negative earnings dummy equals one if a firm’s EBIT is negative, 

and zero otherwise. Cash-to-assets ratio is cash-to-book assets ratio. Accruals is EBIT minus cash flow from operating activities, scaled by book assets. # of 

words about government-funded R&D in 10-K is number of words about the statements related to government-funded R&D in the firm 10-K report. Auditing fee 

is the total auditing fee (in millions). Big-4 dummy equals one if a firm is covered by a Big-4 auditor. Forecast error is the absolute value of the difference 

between one-year ahead consensus forecasted EPS and actual EPS in fiscal year t, scaled by share price in the end of fiscal year t  1. Upper and lower triangles 

of Panel B show Pearson and Spearman correlation coefficients, respectively. 

 

Panel A: Summary statistics 

Variable      N      Mean    Std Dev      p5 p25 Median p75 p95 

Government-funded R&D  2,477 125.50  809.80  0.00  0.00  0.00  2.60  289.50  

Government-funded R&D ratio 2,477 0.1646  1.5101  0.0000  0.0000  0.0000  0.0205  0.6159  

Size 2,477 4,983  29,714  26  121  374  1,305  11,829  

R&D-to-assets ratio 2,477 0.1242  0.4929  0.0000  0.0156  0.0638  0.1477  0.4091  

Analyst coverage 2,477 6.3410  5.9136  1.0000  2.0000  4.5000  8.6667  18.4167  

Analyst forecast dispersion 2,143 0.0128  0.0654  0.0003  0.0012  0.0033  0.0089  0.0396  

Earnings volatility 2,207 0.1284  1.4029  0.0086  0.0258  0.0551  0.1075  0.2580  

Negative earnings dummy 2,477 0.3956  0.4891  0.0000  0.0000  0.0000  1.0000  1.0000  

Cash-to-assets ratio 2,477 0.3509  0.2727  0.0133  0.1126  0.2967  0.5539  0.8784  

Accruals 2,356 -0.0478  0.7852  -0.1983  -0.0755  -0.0240  0.0214  0.1356  

# of words about government-funded R&D in 10-K 2,477 284.00  480.30  0.00  0.00  0.00  447.00  1,237.00  

Auditing fee 2,477 1.3801  6.9682  0.0000  0.0000  0.0000  0.3284  4.7870  

Big-4 dummy 2,477 0.2600  0.4387  0.0000  0.0000  0.0000  1.0000  1.0000  

Forecast error 2,477 0.0298  0.0707  0.0005  0.0029  0.0085  0.0243  0.1263  



 

 40 

 

Table 1 (Continued) 

Panel B: Correlation coefficient matrix 

Spearman\Pearson   (1)   (2)   (3)   (4)   (5)   (6)   (7)   (8)   (9)  (10)  (11)  (12)  (13)  (14) 

(1) Government-funded R&D  1.000  0.665  0.087  -0.005  0.140  -0.011  -0.009  -0.063  -0.041  0.005  0.075  0.183  0.143  -0.011  

(2) Government-funded R&D ratio  0.986  1.000  -0.006  0.007  -0.001  0.012  -0.001  0.032  0.053  0.001  0.070  -0.003  0.061  0.036  

(3) Size  0.077  0.004  1.000  -0.013  0.343  -0.031  -0.012  -0.114  -0.107  0.007  -0.032  0.691  0.139  -0.062  

(4) R&D-to-assets ratio  -0.054  -0.038  -0.037  1.000  -0.043  0.059  0.672  0.085  0.070  -0.744  -0.016  -0.016  -0.016  0.076  

(5) Analyst coverage  -0.033  -0.098  0.770  0.000  1.000  -0.087  -0.036  -0.269  -0.142  0.025  -0.069  0.252  0.215  -0.198  

(6) Analyst forecast dispersion  -0.010  0.027  -0.464  0.244  -0.375  1.000  0.053  0.171  0.154  -0.084  0.051  -0.031  -0.032  0.474  

(7) Earnings volatility -0.071  -0.024  -0.347  0.499  -0.266  0.440  1.000  0.072  0.049  -0.560  -0.015  -0.015  -0.028  0.059  

(8) Negative earnings dummy -0.035  0.002  -0.342  0.304  -0.283  0.542  0.450  1.000  0.434  -0.059  0.041  -0.129  -0.078  0.257  

(9) Cash-to-assets ratio  -0.055  -0.038  0.034  0.344  -0.056  0.365  0.374  0.420  1.000  -0.054  -0.008  -0.118  0.060  0.068  

(10) Accruals  -0.009  -0.025  0.093  -0.259  0.076  -0.295  -0.220  -0.451  -0.318  1.000  0.015  0.007  0.005  -0.052  

(11) # of words about  

government-funded R&D in 10-K 
0.620  0.632  0.023  0.010  -0.051  0.019  0.003  0.030  -0.018  -0.035  1.000  -0.001  -0.011  0.083  

(12) Auditing fee  -0.037  -0.066  0.280  -0.034  0.251  -0.041  -0.147  -0.046  0.020  -0.039  0.048  1.000  0.318  -0.060  

(13) Big-4 dummy  -0.045  -0.079  0.358  -0.001  0.292  -0.055  -0.150  -0.078  0.048  -0.023  0.017  0.839  1.000  -0.073  

(14) Forecast error 0.009  0.043  -0.484  0.153  -0.428  0.789  0.375  0.435  0.168  -0.239  0.026  -0.076  -0.118  1.000  
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Table 2 Government-funded R&D and forecast error  

 

This table presents regression results on forecast errors. Forecast error is the absolute value of the difference 

between one-year ahead consensus forecasted EPS and actual EPS in fiscal year t, scaled by share price at the end of 

fiscal year t  1. Government-funded R&D ratio is government-funded R&D scaled by book assets. Other variables 

are defined in Table 1. We use logarithms of size, number of words about government-funded R&D in 10-K, and 

auditing fee. Firm and year fixed effects are included, and the t-statistics in parentheses are computed based on 

standard errors clustered at the firm level. 

 

Dependent variable: Forecast error  Model 1 Model 2 

Intercept 0.0586 0.0593 

 (1.33) (1.37) 

Government-funded R&D ratio  -0.0014 -0.0014 

 (-8.82) (-9.55) 

Log(Size) -0.0097 -0.0097 

 (-2.19) (-2.16) 

R&D-to-assets ratio 0.0075 0.0077 

 (2.24) (2.27) 

Analyst coverage 0.0001 0.0001 

 (0.23) (0.17) 

Analyst forecast dispersion 0.8372 0.8393 

 (8.69) (8.67) 

Earnings volatility 0.0248 0.0258 

 (1.13) (1.17) 

Negative earnings dummy 0.0095 0.0096 

 (2.33) (2.37) 

Cash-to-assets ratio -0.0123 -0.0123 

 (-1.39) (-1.37) 

Accruals  0.0003 

  (0.30) 

Log(1 + # of words about government-  -0.0003 

funded R&D in 10-K)  (-0.69) 

Log(1 + Auditing fee)  -0.0010 

  (-1.77) 

Big-4 dummy  0.0111 

  (1.43) 

Adjusted R squared 0.528 0.528 

Number of observations 1,904 1,904 
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Table 3 Difference-in-differences analysis for forecast errors  

 

This table reports results of difference-in-differences analysis for forecast errors using an exogenous shock to 

changes in congressional committee chairmanships. The event year t is the year the congressional member initially 

becomes the influential congressional committee chair. The sample includes firm-years observations in years t  2, t 

 1, t, and t + 1. The treatment group (Treat) includes firms headquartered in the state whose member of Congress 

initially becomes chair of an influential committee. The control group (Control) is selected by the propensity score 

matching method controlling for pre-event (i.e., year 1) size, Tobin’s q, forecast error, earnings volatility, leverage, 

state fixed effects, and two-digit SIC industry fixed effects. Each treatment firm is matched with a corresponding 

control firm. Panel A reports the averages of firm characteristics for treatment and control groups in year 1. 

Forecast error (Year t  1) is absolute value of the difference between one-year ahead consensus forecasted EPS and 

actual EPS in fiscal year before event year t, scaled by share price at the end of fiscal year t  2. Lagged forecast 

error (Year t  2) is the forecast error for the fiscal year two years before event year t. Tobin’s q is the market value 

of common equity plus book assets minus book value of common equity, scaled by book assets. Leverage is 

long-term debt divided by book assets. Other variables are defined in Table 1. Diff presents the mean difference of 

the variable between treatment and control groups, where the t-statistics in parentheses are used to test the 

differences. Panel B reports regression estimates of the difference-in-differences analysis. We regress Forecast error 

on Treat, Post, and their interaction term. Treat indicates a treatment dummy that equals one for the treatment group, 

and zero for the control group. Post is a dummy variable that equals one for the event year (i.e., the year there is a 

change in congressional committee chairmanship) and the year after the event year, and zero for the years before the 

event year. Treat  Post indicates their interaction term. Panel C reports the pre-trend of forecast errors, which tests 

the parallel trend assumption of the difference-in-differences analysis. Year 1 dummy (Year 2 dummy) stands for a 

dummy that equals one if the forecast error data come from year t  1 (year t  2) in the difference-in-differences 

analysis. We include control variables of Log(Size), R&D-to-assets ratio, Analyst coverage, Analyst forecast 

dispersion, Earnings volatility, Negative earnings dummy, and Cash-to-assets ratio in both regression models. Extra 

controls include Accruals, Log(1 + # of words about government-funded R&D in 10-K), Log(1 + Auditing fee), and 

Big-4 dummy in Model 2. The t-statistics in parentheses are computed from standard errors clustered at the firm 

level. 

 

Panel A: Summary statistics for treatment and control groups 

Variable Treat Control Diff t-stat 

Lagged forecast error (Year t  2) 0.0331 0.0233 0.0098 (1.18) 

Forecast error (Year t  1) 0.0292 0.0279 0.0013 (0.16) 

Log(size) 12.7905 12.3662 0.4243 (1.45) 

R&D-to-assets ratio 0.1557 0.1725 -0.0167 (-0.36) 

Analyst coverage 6.0066 5.8500 0.1565 (0.20) 

Analyst forecast dispersion 0.0132 0.0283 -0.0151 (-1.38) 

Earnings volatility 0.0969 0.1588 -0.0619 (-1.91) 

Negative earnings dummy 0.3810 0.5524 -0.1714 (-2.52) 

Cash-to-assets ratio 0.3652 0.3558 0.0093 (0.25) 

Accruals -0.0292 -0.0586 0.0294 (1.63) 

Log(1 + # of words about government funded R&D in 10-K) 2.3039 3.4937 -1.1898 (-2.78) 

Log(1 + Auditing fee) 4.1740 3.3369 0.8371 (0.97) 

Big-4 dummy 0.2762 0.1905 0.0857 (1.47) 

Tobin’s q 2.1113 4.0534 -1.9422 (-1.56) 

Leverage 0.1369 0.2176 -0.0807 (-1.74) 
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Table 3 (Continued) 

Panel B: Difference-in-differences analysis 

Dependent variable: Forecast error  Model 1 Model 2 

Intercept 0.0450 0.0451 

 (3.00) (3.16) 

Treat  0.0127 0.0128 

 (2.97) (3.06) 

Post 0.0044 0.0042 

 (1.88) (2.27) 

Treat  Post -0.0104 -0.0105 

 (-2.09) (-2.26) 

Control variables Yes Yes 

Extra controls  No Yes 

Adjusted R squared 0.631 0.648 

Number of observations 505 505 

Panel C: Pre-trend tests 

Dependent variable: Forecast error Model 1 Model 2 

Intercept 0.0664 0.0648 

 (3.39) (3.69) 

Treat  0.0006 0.0004 

 (0.19) (0.17) 

Treat  Year 1 dummy 0.0012 0.0015 

 (0.33) (0.43) 

Treat  Year 2 dummy  0.0040 0.0043 

 (0.83) (0.87) 

Control variables Yes Yes 

Extra controls  No Yes 

Adjusted R squared 0.653 0.666 

Number of observations  505 505 
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Table 4 Difference-in-differences analysis for forecast errors: Addressing lobbying and location choice  

 

This table reports the result of difference-in-differences analysis for forecast errors using an exogenous shock to 

changes in congressional committee chairmanships addressing issues related to lobbying activities and location 

choices. See Table 3 for detailed description of the construction of treatment and control groups. Panel A reports 

regression estimates of the difference-in-differences analysis using the sample without lobbying activities. We 

regress Forecast error on Treat, Post and their interaction term. Treat indicates a treatment dummy that equals one 

for the treatment group, and zero for the control group. Post is a dummy variable that equals one for the event year 

(i.e., the year there is a change in congressional committee chairmanship) and the year after the event year, and zero 

for the years before the event year. We include control variables of log(Size), R&D-to-assets ratio, Analyst coverage, 

Analyst forecast dispersion, Earnings volatility, Negative earnings dummy, and Cash-to-assets ratio in both 

regression models. Extra controls include Accruals, Log(1 + # of words about government-funded R&D in 10-K), 

Log(1 + Auditing fee), and Big-4 dummy in Model 2. Panel B presents the difference-in-differences analyses 

controlling for the location choice. We perform the Heckman regression analysis with multinomial choices, and 

present second-stage regression results that incorporate the control function from the first-stage regression. The 

t-statistics in parentheses are computed from standard errors clustered at the firm level. 

 

Panel A: Difference-in-differences analysis: Removing firms with lobbying activities 

Dependent variable: Forecast error              Model 1             Model 2 

Intercept 0.0432 0.0405 

 (2.65) (2.71) 

Treat  0.0132 0.0133 

 (2.94) (2.99) 

Post  0.0049 0.0047 

 (2.09) (2.54) 

Treat  Post -0.0110 -0.0111 

 (-2.12) (-2.29) 

Control variables              Yes              Yes 

Extra controls                No              Yes 

Adjusted R squared 0.6305 0.6472 

Number of observations              474               474 

Panel B: Difference-in-differences analysis: Controlling for location choices (from the Heckman second-stage regression results) 

Dependent variable: Forecast error             Model 1             Model 2 

Intercept 0.0275 0.0276 

 (1.66) (1.63) 

Treat  0.0137 0.0147 

 (3.16) (3.44) 

Post  0.0044 0.0041 

 (1.69) (2.10) 

Treat  Post  -0.0101 -0.0101 

 (-1.89) (-2.20) 

Control variables              Yes              Yes 

Extra controls                No              Yes 

Control function              Yes              Yes 

Adjusted R squared 0.675 0.693 

Number of observations               505               505 
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Table 5 Two-stage regression analysis for forecast errors  

 

This table presents the two-stage regression analysis for forecast errors. In Model 1 (stage 1), we perform a Tobit 

regression of the government-funded R&D ratio. In Models 2 and 3, we perform regression analysis of forecast 

errors. Government-funded R&D ratio is government-funded R&D scaled by book assets. Forecast error is the 

absolute value of the difference between one-year ahead consensus forecasted EPS and actual EPS in fiscal year t, 

scaled by share price at the end of fiscal year t  1. Log(State government spending) is the logarithm of state 

government spending. Fitted government-funded R&D ratio is the fitted value from the Tobit regression analysis in 

Model 1. Other variables are defined in Table 1. We use the logarithms of Size, # of words about government-funded 

R&D in 10-K, and Auditing fee. Firm and year fixed effects are included, and the t-statistics in parentheses are 

computed from standard errors clustered at the firm level. The p-values for the weak IV test and over-identification 

test are presented in brackets.  

 

 Stage 1 Stage 2 

 Model 1 Model 2 Model 3 

Dependent variable = 

Government-funded 

R&D ratio Forecast error Forecast error 

Intercept -11.5374 0.0440 0.0363 

 (-3.16) (1.06) (0.87) 

Fitted government-funded R&D ratio  -0.0029 -0.0030 

  (-2.14) (-2.06) 

Log(Size) -0.3541 -0.0088 -0.0088 

 (-1.82) (-2.00) (-2.01) 

R&D-to-assets ratio 4.9888 0.0081 0.0080 

 (2.13) (2.56) (2.16) 

Analyst coverage  0.0003 0.0003 

  (0.56) (0.47) 

Analyst forecast dispersion  0.8495 0.8344 

  (8.66) (8.54) 

Earnings volatility -6.4421 0.0256 0.0233 

 (-2.00) (1.20) (0.96) 

Negative earnings dummy 0.2155 0.0080 0.0053 

 (0.27) (2.20) (1.30) 

Cash-to-assets ratio 1.0160 -0.0131 -0.0177 

 (0.71) (-1.79) (-2.16) 

Accruals 1.8235  -0.0420 

 (16.40)  (-1.40) 

Log(1 + # of words about government-   -0.0001 

funded R&D in 10-K)   (-0.21) 

Log(1 + Auditing fee)   -0.0004 

   (-0.91) 

Big-4 dummy   0.0016 

   (0.28) 

Log(State government spending) 1.6368   

 (4.73)   

Log-likelihood -3472.1885   

Adjusted R squared  0.57 0.58 

Weak IV test 22.3326   

 [0.00]   

Over-identification test 0.0032   

 [0.95]   

Number of observations 1,904 1,904 1,904 
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Table 6 Government-funded R&D and forecast error: The role of connection with governments 

 

This table presents the regression analysis of forecast errors with subsamples according to types of government 

R&D grantees or political connections. The dependent variable is Forecast error, which is the absolute value of the 

difference between one-year ahead consensus forecasted EPS and actual EPS in fiscal year t, scaled by share price at 

the end of fiscal year t  1. Government-funded R&D ratio is government-funded R&D scaled by book assets. Other 

variables are defined in Table 1. Established grantee (Established) is firms that have received government R&D in 

the past three years; otherwise we classify them as new government R&D grantees (New). Firms with political 

connections are those with at least one director who has a political connection (With); otherwise we classify them as 

firms without political connections (Without). We include control variables of Log(Size), R&D-to-assets ratio, 

Analyst coverage, Analyst forecast dispersion, Earnings volatility, Negative earnings dummy, and Cash-to-assets 

ratio in all regression models. Extra control variables include Accruals, Log(1 + # of words about government 

funded R&D in 10-K), Log(1+Auditing fee), and Big-4 dummy in Models 2, 4, 6, and 8. Firm and year fixed effects 

are included, and the t-statistics in parentheses are computed from standard errors clustered at the firm level. 

 

 Type of government R&D grantees Political connections 

Subsample of New Established With Without 

 Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 Model 8 

Intercept 0.2886 0.2832 -0.0129 -0.0136 0.0828 0.0858 0.1924 0.2167 

 (1.61) (1.58) (-0.34) (-0.35) (1.27) (1.29) (2.43) (2.56) 

Government-fund  0.0073 0.0065 -0.0019 -0.0019 -0.0016 -0.0016 0.0004 0.0004 

 R&D ratio (1.57) (1.48) (-10.85) (-11.04) (-8.21) (-8.12) (0.04) (0.04) 

Control variables Yes Yes Yes Yes Yes Yes Yes Yes 

Extra controls  No Yes No Yes No Yes No Yes 

Adjusted R squared 0.433 0.433 0.603 0.602 0.544 0.543 0.465 0.468 

No. of observations 865 865 765 765 910 910 717 717 
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Table 7 Government-funded R&D and forecast error: The role of information uncertainty 

 

This table presents the regression analysis of forecast errors with subsamples classified by analyst forecast dispersion, earnings volatility, and bid-ask spread. The 

dependent variable is Forecast error, which is the absolute value of the difference between one-year ahead consensus forecasted EPS and actual EPS in fiscal 

year t, scaled by share price at the end of fiscal year t  1. Government-funded R&D ratio is government-funded R&D scaled by book assets. Other variables are 

defined in Table 1. Analyst forecast dispersion is the standard deviation of forecasted EPS, scaled by share price at the end of fiscal year t  1. Earnings volatility 

is the standard deviation of past five-year return-on-assets. Bid-ask spread is price/2/)askbid(price2   at the end of year t  1, where the bid and the ask 

are bid and ask quotes from the CRSP database. High and low subsamples are partitioned by the sample median in the cross section. We include control variables 

of Log(Size), R&D-to-assets ratio, Analyst coverage, Analyst forecast dispersion, Earnings volatility, Negative earnings dummy, and Cash-to-assets ratio in all 

regression models. Extra control variables include Accruals, Log(1 + # of words about government-funded R&D in 10-K), Log(1+Auditing fee), and Big-4 

dummy in Models 2, 4, 6, 8, 10, and 12. Firm and year fixed effects are included, and the t-statistics in parentheses are computed from standard errors clustered at 

the firm level. 

 

 Analyst forecast dispersion Earnings volatility Bid-ask spread 

Subsample of High Low High Low High Low 

 Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 Model 8 Model 9 Model 10 Model 11 Model 12 

Intercept 0.1172 0.1235 0.0402 0.0389 0.0766 0.0736 0.1459 0.1470 0.1131  0.1116  0.0539  0.0606  

 (1.24) (1.33) (2.24) (2.17) (1.66) (1.65) (1.51) (1.50) (1.19) (1.19) (1.91) (2.21) 

Government-fund  -0.0016 -0.0016 -0.0011 -0.0004 -0.0015 -0.0014 0.0001 0.0008 -0.0032  -0.0031  -0.0010  -0.0024  

 R&D ratio (-4.63) (-5.33) (-0.82) (-0.29) (-5.11) (-5.35) (0.03) (0.35) (-10.27) (-10.13) (-0.27) (-0.42) 

Control variables Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Extra controls  No Yes No Yes No Yes No Yes No Yes No Yes 

Adjusted R squared 0.478 0.479 0.291 0.290 0.546 0.547 0.558 0.560 0.5297  0.5314  0.6529  0.6600  

No. of observations 917 917 987 987 916 916 988 988 824 824 1,080 1,080 
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Table 8 Likelihood of meeting or beating earnings forecasts  

 

This table reports the logistic regression analysis of meeting or beating EPS forecasts. The dependent variable is a 

dummy variable that equals one if the actual EPS is equal to or greater than the forecasted EPS, and zero otherwise. 

Government-funded R&D ratio is government-funded R&D scaled by book assets. Other variables are defined in 

Table 1. We take the logarithms of Size, # of words about government-funded R&D in 10-K, and Auditing fee. Firm 

and year fixed effects are included, and the t-statistics in parentheses are computed from standard errors clustered at 

the firm level. 

 

Variable Model 1 Model 2 

Intercept 0.0531 0.0655 

 (0.46) (0.56) 

Government-funded R&D ratio  0.0059 0.0060 

 (36.50) (27.68) 

Log(Size) -0.0036 -0.0042 

 (-0.25) (-0.29) 

R&D-to-assets ratio -0.0255 -0.0250 

 (-0.95) (-0.95) 

Analyst coverage 0.0000 0.0001 

 (0.06) (0.11) 

Analyst forecast dispersion -0.3736 -0.3733 

 (-6.14) (-6.18) 

Earnings volatility -0.1961 -0.1952 

 (-1.09) (-1.10) 

Negative earnings dummy 0.0078 0.0073 

 (0.36) (0.35) 

Cash-to-assets ratio 0.1341 0.1324 

 -(0.99) (0.97) 

Accruals  -0.0051 

  (-1.04) 

Log(1 + # of words about government-  0.0027 

funded R&D in 10-K)  (1.22) 

Log(1 + Auditing fee)  -0.0001 

  (-0.10) 

Big-4 dummy  -0.0051 

  (-0.38) 

Adjusted R squared 0.999 0.999 

Number of observations 1,904 1,904 
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Table 9 Government-funded R&D and innovation performance  

 

This table reports the regression analysis of various measures of innovation performance. The dependent variables 

include Innovation efficiency (Panel A), Number of patents (Panel B), Patent citations (Panel C), Generality (Panel 

D), Originality (Panel E), Cumulative number of patents (Panel F), Cumulative patent citations (Panel G), and 

Cumulative relative patent citations (Panel H). Innovation efficiency is the logarithm of one plus the number of 

patents divided by R&D expenditures. Number of patents is the logarithm of one plus the number of patents that a 

firm has applied for. Patent citations is the logarithm of one plus the number of truncation-adjusted citations. 

Generality is the average of patent-level generality, where patent-level generality is the sum of the squared ratios of 

forward citations divided by the number of total forward citations in the same International Patent Classification 

(IPC) code. Originality is measured using a similar formula but replacing forward citations by backward references. 

Cumulative number of patents is the logarithm of one plus the aggregate number of patents for a firm in the past 

three years. Cumulative patent citations is the logarithm of one plus the aggregate patent citations for a firm in the 

past three years. Cumulative relative patent citations is the logarithm of one plus cumulative patent citations divided 

by the median of citations per patent in the same IPC classification. Government-funded R&D ratio is 

government-funded R&D scaled by book assets. Other variables are defined in Table 1. We use the logarithms of 

Size, # of words about government funded R&D in 10-K, and Auditing fee. Firm and year fixed effects are included, 

and the t-statistics in parentheses are computed from standard errors clustered at the firm level. 

 

Variable Model 1 Model 2 

Panel A: Innovation efficiency   

Intercept -0.1757 -0.1860 

 (-1.38) (-1.38) 

Government-funded R&D ratio  0.0015 0.0016 

 (2.89) (2.67) 

Controls for firm characteristics Yes Yes 

Controls for disclosure quality No Yes 

Adjusted R squared 0.567  0.566  

Number of observations 1,912 1,912 

Panel B: Number of patents   

Intercept -2.2996 -2.3456 

 (-3.95) (-4.03) 

Government-funded R&D ratio  0.0148 0.0149 

 (3.74) (3.56) 

Controls for firm characteristics Yes Yes 

Controls for disclosure quality No Yes 

Adjusted R squared 0.833 0.832 

Number of observations 1,912 1,912 

Panel C: Patent citations   

Intercept -3.9934 -4.0329 

 (-3.63) (-3.66) 

Government-funded R&D ratio  0.0157 0.0151 

 (2.07) (1.95) 

Controls for firm characteristics Yes Yes 

Controls for disclosure quality No Yes 

Adjusted R squared 0.750 0.750 

Number of observations 1,912 1,912 
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Table 9 (Continued) 

Panel D: Generality   

Intercept -0.1197 -0.1288 

 (-1.32) (-1.41) 

Government-funded R&D ratio  0.0002 0.0000 

 (0.28) (0.04) 

Controls for firm characteristics Yes Yes 

Controls for disclosure quality No Yes 

Adjusted R squared 0.519 0.522 

Number of observations 1,912 1,912 

Panel E: Originality   

Intercept -0.2588 -0.2667 

 (-2.33) (-2.32) 

Government-funded R&D ratio  0.0023 0.0022 

 (2.99) (2.60) 

Controls for firm characteristics Yes Yes 

Controls for disclosure quality No Yes 

Adjusted R squared 0.601 0.602 

Number of observations 1,912 1,912 

Panel F: Cumulative number of patents   

Intercept -2.4871 -2.5361 

 (-3.37) (-3.46) 

Government-funded R&D ratio  0.0166 0.0167 

 (3.42) (3.29) 

Controls for firm characteristics Yes Yes 

Controls for disclosure quality No Yes 

Adjusted R squared 0.836 0.836 

Number of observations 1,912 1,912 

Panel G: Cumulative patent citations   

Intercept -3.8942 -3.9310 

 (-3.15) (-3.19) 

Government-funded R&D ratio  0.0163 0.0154 

 (2.00) (1.84) 

Controls for firm characteristics Yes Yes 

Controls for disclosure quality No Yes 

Adjusted R squared 0.778 0.778 

Number of observations 1,912 1,912 

Panel H: Cumulative relative patent citations   

Intercept -405.3045 -400.3368 

 (-1.81) (-1.82) 

Government-funded R&D ratio  1.1416 1.0901 

 (1.76) (1.74) 

Controls for firm characteristics Yes Yes 

Controls for disclosure quality No Yes 

Adjusted R squared 0.789 0.790 

Number of observations 1,912 1,912 
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Figure 1. Disclosure locations of government-funded R&D in 10-K reports 

This figure shows the percentage of dislocation locations of government-funded R&D in the 10-K reports, whether 

under revenue, R&D reduction, management’s discussion and analysis (MD&A), risk factors, and business 

overview.  

 

 

 
 

Figure 2. Industry distribution of firms with government-funded R&D 

This figure shows the industry distribution of firms with government-funded R&D based on the two-digit SIC codes 

(the code is indicated in parentheses).  


