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ABSTRACT This study shows that measures of corporate innovative efficiency (IE) based on patent 
approvals and patent citations in relation to research and development expenditures associate strongly 
with future credit ratings. The lagged response of credit ratings to contemporaneous IE information 
strengthens for firms with lower default probability and higher quality of accounting information.  These 
results are most consistent with credit rating agencies’ initial limited recognition of the future payoffs 
from IE. Additional analysis shows that the relation also varies with the competition intensity in 
innovative firms’ product markets and a proxy for managerial ability. This lagged response of credit 
ratings to contemporaneous IE information means that credit rating agencies impose in the short term a 
higher borrowing cost on innovative firms than their performance and risk characteristics would justify. 
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1 Introduction 

The efficiency with which a firm manages its innovation investments critically affects its long-run 

success and survival. Most firms, however, finance their innovation investments with equity rather than 

credit instruments. So it is understandable that a plethora of research has focused on relations between 

innovation and firm value in equity markets. In contrast, with the exceptions of a few studies, researchers 
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have paid relatively little attention to how innovation relates to firm value in public credit markets.1 We 

address this research imbalance by examining the effects of innovation information on credit ratings and 

how default probability and accounting information quality substitute or complement the role of 

innovative efficiency (hereafter, IE) in bettering corporate credit ratings. We use the same measure of IE 

as Hirshleifer, Hsu, and Li (2013), namely, a firm’s ability to generate patents and patent citations relative 

to its research and development (R&D) expenditures.2  

Understanding the role of credit rating agencies in cultivating innovation in the United States is an 

important research question for several reasons. First, firms’ creditworthiness increasingly depends on 

their intangible assets – as the United States has moved to a knowledge-based economy. Twenty-one 

percent of U.S.-originated secured syndicated loans were collateralized by intangibles in 1996–2005, with 

intangible asset collateralization increasing significantly over that period (Loumioti, 2014). Credit 

agencies play a significant role in determining the valuation of these intangible assets and firms’ 

creditworthiness. Second, credit rating agencies’ response to innovation is important because equity and 

bond investors rely on credit ratings in their investment decisions.3 Credit rating quality, therefore, 

significantly influences the informational efficiency of equity and credit markets. Third, U.S. firms have 

become increasingly interested in the protection of knowledge through the use of patent legislation (e.g., 

the establishment of the Court of Appeals for the Federal Circuit, 1982; the Hatch-Waxman Act, 1984) 

and patent litigation (e.g., Texas Instruments, 1985, and Kodak–Polaroid, 1986, litigation) (Hall and 

Ziedonis, 2001; Hall, 2005).4 Patents and citations constitute a unique and comprehensive information 

source of corporate competitive intelligence. Governmental agencies collect and report the patent-related 

                                                        
1 Studies focusing on the credit market effects of innovation include Hall (2010), Amore, Schneider, and Žaldokas 
(2013), Frey (2013), and Hsu, Lee, Liu, and Zhang (2015). 
2 In a comparison of various measures of innovation, the literature generally supports the view that innovative firms 
are more likely to use patents and other measures to protect their intellectual property such as trademarks and 
designs, especially for product innovations, in that firms mostly sell their products in external markets, which expose 
them to imitation by rivals or potential entrants (Jensen and Webster 2009, 262).  
3Prior studies that document stock and bond price decreases around the event of a credit rating downgrade include 
Griffin and Sanvicente (1982), Holthausen and Leftwich (1986), and Hand, Holthausen, and Leftwich (1992). 
4 For example, legislation and the courts have allowed firms to patent items such as genetically modified organisms, 
software, and business methods.  
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data using agreed-upon quality standards,5 and firms such as Thomson Data Analyzer and Derwent 

Innovations provide important add-on services for professionals and investors on patent and citation 

information. 

Why should credit rating agencies care about corporate innovation efficiency? Theoretical studies 

predict (Cochrane, 1991, 1996; Berk, Green, and Naik, 2004; Liu, Whited, and Zhang, 2009) and 

empirical studies confirm (Kothari, Laguerre, and Leone, 2002; Chambers, Jennings, and Thompson, 

2002; Ho, Xu, and Yap, 2004) that innovation generates higher risk. These studies mean that investors 

require higher expected returns on innovation-efficient firms. Creditors, moreover, are additionally averse 

to the risks of innovation because of their asymmetric payoffs with respect to a firm’s net assets. Thus, 

credit rating agencies may not change, or even downgrade their ratings for innovative firms despite such 

firms’ innovative efficiency. On the other hand, in that innovation-efficient firms generate both upside 

and downside risk, it is the former that better protects credit investors from adverse events through 

increased future cash flows, thus improving the credit ratings for those firms. Moreover, inefficient or 

failed innovation can aggravate firms’ default risk since it can drain out corporate resources, thus 

damaging a firm’s financial position and leaving creditors to suffer losses. Corporate finance theory also 

supports the view that innovation efficiency is critical for firms’ long-term success and survival (Romer 

1986, Aghion and Howitt 1992).  

Additionally, as a device that informs outsiders on firms’ technologies and other innovation projects, 

patents and citations may improve the transparency component of credit pricing as specified by the 

theoretical model by Duffie and Lando (2001). In their model, better information about firm value lowers 

credit spreads, especially at shorter maturities. The Duffie and Lando (2001) applies in the context of 

patent and citation disclosure as patenting requires extensive and detailed disclosure (e.g., abstracts, 

descriptions, technological classes) on firms’ innovative projects. When patent-related documents are 

released publicly, information uncertainty decreases, thereby improving investors’ assessments of credit 

                                                        
5 According to the European Patent Office (www.epo.org), about four-fifths of worldwide scientific and technical 
information comes from patent documents. 
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risk. As a channel to reflect this risk, patent-related documents thus have clear implications for credit 

ratings. 

However, if the credit rating agencies do not quickly appreciate the implications of innovation 

information for the pricing of risk, those agencies might rate the creditworthiness of innovatively efficient 

firms with a lag. For instance, the processing of information in financial statements on the prospects of 

new technologies or other innovations demands unobservable effort, which creates a moral hazard 

problem (Leland and Pyle, 1977; Gorton and Winton, 2003). Potentially consistent with this view but in 

the context of equity markets Deng, Lev, and Narin (1999), Gu (2005), and Hirshleifer et al. (2013) find 

positive future excess equity returns for up to three years for firms with high IE.6 

Indeed, given the finance and accounting literature, the predicted timing of credit rating agencies’ 

response to innovation is uncertain. On the one hand, credit rating agencies are sophisticated information 

intermediaries with access to nonpublic information (Ederington and Yawitz, 1987) and with extensive 

resources to access and analyze that information. They also use soft information such as “analytical 

adjustments to better portray reality” and study “industry prospects for growth and vulnerability to 

technological change” (Standard & Poor's, www.spratings.com; Moody's, www.moodys.com). So, on 

balance, we might expect a prompt adjustment of credit ratings to IE information. 

On the other hand, rating agencies may have asymmetrical interests in firm-specific information 

(Fischer and Verrecchia, 1997; Plummer and Tse, 1999) and view downside risk as more price relevant. 

With less interest in and, possibly, limited appreciation of the upside potential of high or increasing IE, 

rating agencies may, therefore, underutilize or adjust slowly to that information. Thus, rather than a 

prompt rating agency response, we might expect a lagged response. This would not only be consistent 

with prior evidence of equity investors’ lagged response to IE information (noted earlier) but, also, with 

credit investors’ lagged response to other information, for example, information relating to accounting 

accruals (Bhojraj and Swaminathan 2009) and earnings management more generally (Alissa, Bonsall, 

Koharki, and Penn, 2013).  

                                                        
6 Those studies do not address how and why IE might relate to current or future ratings in public credit markets. 
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In addition to documenting an overall relation between IE and credit ratings, we isolate two potential 

reasons for this relation. The first contends that the lagged relation between IE and credit ratings occurs 

because the rating agencies incorporate only downside risk into their ratings. Thus, IE becomes more 

critical for credit ratings closer to default. Accordingly, we predict that the lagged relation between IE and 

credit ratings is less (more) prominent for firms closer to (further from) default. When default threatens, 

credit rating agencies act more promptly to IE information (as they would with other risk-related 

information). When default does not threaten, credit rating agencies act less promptly to IE information. 

The second reason relates to the quality of firms’ financial statements. Credit rating agencies are 

sophisticated financial intermediaries and often have access to firms’ private information, which could 

include information on innovation. As such, when the quality of firms’ financial statements is low, the 

ability of IE to explain future credit ratings may be more important. The higher quality IE information 

substitutes for the lower quality accounting information. On the other hand, prior studies show that credit 

rating agencies consider a firm's accounting quality in determining default risk, so that accounting quality 

may complement their analysis.7 Thus, firms with consistently higher accounting quality are charged a 

lower risk premium and reflect higher ratings (Sengupta, 1998; Hsu et al., 2015). Higher quality 

accounting information further improves credit ratings by decreasing information asymmetry between 

innovative firms and the rating agencies.8 Accordingly, when the quality of firms’ financial statements is 

high, the ability of IE to explain future credit ratings may be more important. 

Our study generates several important findings. First, firms with higher (lower) contemporaneous IE 

experience significantly better (worse) credit ratings over the next five years. Credit ratings, thus, reflect a 

lagged response to IE information. This lagged response of credit ratings to contemporaneous IE 

information means that credit rating agencies impose in the short term a higher borrowing cost on 

innovative firms than their performance and risk characteristics would justify. We confirm this finding by 

                                                        
7 Standard & Poor's (1982, 25), for example, states that S&P incorporates accounting quality in their estimate of the 
rating of an industrial bond issue (Standard & Poor's 1982, 25). 
8 The lower information asymmetry, for example, could restrain managers with plentiful capital generated from 
successful innovation from engaging in value-destroying investment such as empire building and pet projects. 
Lower information asymmetry could also increase financial liquidity. The latter is especially relevant to innovation, 
as liquid markets can facilitate long-term investment in high-return technologies without requiring individual 
investors to commit their resources to the long term (Levine, 1997). 
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showing that higher (lower) IE helps predict changes in firms’ future credit ratings so that the lagged 

negative relation persists at the firm level and in the cross-section. Second, we document two potential 

reasons for this lagged response. One derives from the result that the lag weakens (strengthens) for firms 

with a higher (lower) probability of default. This supports our prediction that the lagged relation between 

IE and credit ratings is driven more by credit rating agencies’ initial limited recognition of the 

implications of IE for ratings rather than by their timely efforts to incorporate downside risk information 

into credit ratings. The second reason relates to our finding that the negative IE-future credit rating 

relation strengthens for firms with consistently high-quality accounting information. This occurs because 

when known to the rating agency the higher quality mitigates the information friction between the credit 

rating agencies and firms. 

In additional tests, we find that the IE-future credit rating relation depends on the intensity of 

product market competition, supporting the notion that higher-quality patent portfolios increase entry 

costs for potential rivals, while current competition from rivals drives profits down and constrains firms 

financially. A financially constrained firm would be less likely to innovate (Hall, 2010). We also 

document that the IE-future credit rating relation varies with a proxy for managerial ability. These results 

support the intuition that managers “who are more efficient relative to their industry peers, in 

transforming corporate resources to revenues” (Demerjian et al. 2012, p. 1229) are better innovators. 

They may better comprehend technology and industry patterns, foreshadow product supply and demand 

curves, and identify high-quality innovative projects. Thus, these managers advance the innovation 

process, for example, by making better decisions on the research and development (R&D) budget and by 

prioritizing the high-quality projects. 

We conduct several robustness analyses. First, we acknowledge the truncation problem in the 

NBER dataset, which reflect significant underreporting in the last few years before the dataset ends 

(Lerner and Seru, 2015; Dass, Nanda, and Xiao, 2015a). We adjust our innovation output measures to 

address two types of truncation problems associated with the NBER dataset. One relates to the passage of 

time from patent filing to grant date (about two years on average), which means that some patent 
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applications filed prior to 2006 may not have been granted by that year. To adjust for this truncation bias, 

we adjust patent counts using the “weight factors” computed from the application-grant empirical 

distribution (Hall et al., 2001). Another truncation bias relates to citation counts, in that while patents 

receive citations over long periods, we only observe citations received up to 2006. We correct for this 

second bias by estimating the shape of the citation-lag distribution (Hall, et al., 2001). We find 

qualitatively identical results based on these two adjustments. Second, we acknowledge the potential for 

endogeneity in the empirical relations by using a two-stage regression model with instrumental variables. 

Our results continue to hold in these tests. Third, we address potential sample survivorship bias (that 

could occur if credit ratings would have a lagged reaction to IE for firms that survived for n years) by 

employing a proportional hazard model. The hazard model results do not suggest that survivorship bias 

explains our results by showing that a high IE firm has a significantly lower instantaneous credit 

downgrade likelihood conditional on the firm’s history of rating changes. 

Collectively, these findings contribute in two directions. We add knowledge on the relation between 

corporate innovation and financial markets by showing that firms with high contemporaneous IE can 

expect to benefit from improved future credit ratings, thereby generating lower future credit costs. We 

also add knowledge by showing that accounting quality helps explain credit rating agencies’ lagged 

response to innovation information. 

Section 2 summarizes the literature and develops testable hypotheses. Section 3 describes the data, 

sample, and variables. Section 4 summarizes the main tests. Section 5 discusses the sensitivity tests, and 

Section 6 concludes. 

2 Literature and hypothesis development 

Encouraged by an increasing trend in innovation and the establishment of datasets on patents and 

citations (Hall 2005), considerable research has been conducted on the effects of innovation at the firm 

level. Much of this defines and evaluates different measures of innovation and tests whether innovation 

associates with firm value, future growth, or other indicators of success (Pakes, 1985; Hall et al., 2001; 

Berk et al., 2004; Hall, 2005). As background, these studies establish the sufficiency of innovation 
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measures based on patents and citations to proxy for firms’ innovative output, especially when the 

research focuses on sampling variation in the cross-section (Griliches, 1990; Jensen and Webster, 2009). 

Other work associates measures of innovation with the characteristics of the groups involved such as 

inventors (Jaffe, Trajtenberg, and Fogarty, 2000), firms (Bound, Cummins, Griliches, Hall, and Jaffe, 

1982), managers (Coles, Daniel, and Naveen, 2006; Lerner and Wulf, 2007; Faurel, Li, Shanthikumar, 

and Teoh, 2014), financiers (Hall 2010), institutions (Aghion, Van Reenen, and Zingales, 2013), financial 

analysts (He and Tian, 2013), and bank regulators (Amore et al., 2013). 

Notwithstanding the preceding work and a small number of related studies (note 1), researchers have 

paid little attention to the effects of corporate IE on credit ratings. One reason relates to firms’ limited use 

of debt to finance innovation. Lenders may have less interest in financing innovation that mostly creates 

intangible assets; as such assets often lack separable market value, offering little protection as collateral in 

the event of default (Hall 2010, Brown, Martinsson, and Petersen, 2013). External financing may also be 

more expensive, in that equity investors often have relatively more information about (and may own the 

rights to) innovation as insiders. A third possible reason for this relative lack of research is that credit 

agencies normally have more interest in information about downside risk. This means that measures of 

innovation and the payoffs from successful innovative activity, which tend to relate to upside risk, may 

have less relevance. 

On the other hand, innovative firms may use credit for other reasons, and not all innovation 

succeeds. For these firms, innovation information can be directly relevant to the cost of credit. Successful 

and efficient innovation, moreover, should eventually improve credit ratings through direct measures such 

as future increased cash flows, higher interest coverage, and lower leverage. Similarly, innovative 

projects often fail, and such failed innovation can drain out corporate cash and resources, thereby 

increasing default risk. That is why Solow (1957) contends that innovative efficiency is vital for firms’ 

long-term success and survival. Additionally, Duffie and Lando (2001) identify a transparency component 

of credit spread, predicting that firms with error-free financial reports have zero credit spreads as maturity 

approaches zero while firms with noisy financial reports have positive credit spreads under the same 
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condition. This theory applies in the context of patent and citation disclosure, since the U.S. patent office 

requires that firms provide extensive information on their innovative projects such as abstracts, 

descriptions, technological classes. This mandatory disclosure helps rating agencies compare the cash 

flows and risk consequences of innovation, often a challenge for credit assessment (Hsu et al. 2015, 330). 

As an initial test, we construct measures of IE (based on patents and citations) and predict that firms 

with higher levels of IE have superior credit ratings. These firms produce more innovation benefit in 

relation to innovation cost, as proxied by prior R&D expenditures. This leads to our primary hypothesis, 

in the alternative form. 

H1: Innovative efficiency varies negatively with firms’ credit ratings.9 
 

This hypothesis does not state the timing of this relation, that is, whether IE varies negatively with 

past, present, or future credit ratings. If credit agencies fully anticipated IE from prior R&D expenditures 

and other firm characteristics or through their analytical resources, then one might expect that rating 

changes would lead IE. However, given the unpredictability of IE (i.e., the innovative output per dollar of 

prior R&D), questions about the quality of R&D information (see note 12), and the cost of accessing and 

analyzing contemporaneous IE information, this seems unlikely. If on the other hand, the rating agencies 

were to process IE information efficiently, we might observe a rapid adjustment of the credit rating 

contemporaneous with the IE information.10 Our specific hypothesis would then test that IE measured at t 

varies negatively with firms’ credit rating measured at t.  However, we also consider a more inclusive 

alternative hypothesis, namely, that IE measured at t varies negatively with credit rating measured at t+k, 

where k>0 denotes a future period, in our case, up to five years. This leads to the following 

supplementary hypothesis. 

H1a: Innovative efficiency relates negatively to firms’ credit ratings in future year t+k. 
 

                                                        
9 We assign a lower numerical score to a higher quality rating and a higher numerical score to a lower quality rating, 
hence our expectation of a negative relation. Section 4.1 explains the numerical equivalents of the letter-based credit 
ratings. 
10 For example, Kliger and Sarig (2000) show that stock prices and related equity instruments react efficiently to 
rating changes that convey unique information not reflected in prior fundamental information or news 
announcements. Also, Kraft (2014) shows that public credit markets react quickly to qualitative information about 
adjustments to financial statements, which are also reflected in credit ratings. 
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We premise H1 and H1a on several factors. First, most models to predict credit ratings use financial 

indicators; and we are not aware of studies or statements by rating agencies that link credit ratings to IE 

metrics.11 Also, rating agencies may not wish to reveal their knowledge of how innovation affects the cost 

of credit because of proprietary interests, and firms may not divulge that information to rating agencies 

for the same reasons (Wagenhofer, 1990). Second, credit agencies focused on downside risk may not care 

about IE, except in those cases of ex-post unsuccessful innovation, where it potentially increases default 

risk. Third, credit agencies and firm managers may reflect behavioral bias. For example, even with 

knowledge of firm IE disclosed through the patenting process, credit raters’ conservative bias may 

discount or be skeptical of contemporaneous IE information in favor of subsequent disclosures that assure 

innovative success (Chang, Hilary, Kang, and Zhang, 2013). Fourth, credit raters may not fully appreciate 

that the present value of current innovation investment should be viewed in an options-like framework 

(which makes the investment more valuable) rather than a traditional mean-variance framework (which 

makes the investment less valuable); they may reflect an attention bias regarding irregular or hard to 

understand information related to corporate innovation (Hirshleifer, Low, and Teoh, 2012). Fifth, they 

may simply find it easiest to mimic the evidence of a lagged reaction of stock investors to IE information 

(Deng et al., 1999; Gu and Li, 2003; Lanjouw and Schankerman, 2004; Gu, 2005). For these reasons, we 

might expect a lagged response of credit agencies to IE information (H1a), whereby the relation between 

IE and credit rating increases negatively over some finite period, in our case, from t+1 to t+5. 

Since the credit rating process is unobservable, we cannot clearly identify underlying reasons for the 

lagged relation. However, we can at least resolve two conflicting views, namely, whether the lagged 

relation is driven by credit rating agencies’ behavioral biases or by credit rating agencies’ adjustment to 

the default implications of IE, which should be more rapid. Specifically, we address this issue by testing 

                                                        
11 Based on a sample of German firms rated by a national agency, Czarnitzki and Kraft (2004) find that a patent 
count measure (which differs from an IE measure) associates negatively with credit rating one period ahead and 
positively for patent count above a certain threshold. Frey (2013) studies count measures also and finds that 
increased citations lowers credit ratings for U.S. firms, which is a curious result in that citations should increase firm 
value. Except for Hirshleifer et al. (2013), the equity market literature also focuses on count rather than efficiency 
measures of patents or citations. Additionally, Plumlee, Xie, Yan, and Yu (2015) provide evidence on private 
information about borrowers’ upcoming patents as a source of lenders’ ex-ante information advantage. See, also 
note 1 for related studies on associations between firm innovation and credit markets. 
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the lagged relation conditional on default risk. If the lagged IE-credit rating relation reflects mainly the 

default component of IE, the lagged relation should be less prominent for firms with a higher likelihood 

of default. However, if the lagged IE-credit rating relation reflects mainly non-default components of IE, 

the lagged relation between IE and credit rating should be more prominent for firms with a lower 

likelihood of default. Put differently, rating agencies are likely to exert more effort analyzing firms with a 

higher likelihood of default due to creditors’ asymmetric interest. Accordingly, as a corollary to the 

lagged response hypothesis, we state our second hypothesis as follows. 

H2: The lagged IE-credit rating relation is less (more) prominent for firms with a higher (lower) 
likelihood of default. 
 

We next examine whether the quality of firms’ financial statements complements or substitutes for 

IE in determining corporate credit ratings.12 On the one hand, credit rating agencies are sophisticated 

financial intermediaries and often have access to firm’ private information. As such, their role in 

evaluating corporate innovation efficiency may be more prominent when the quality of firms’ financial 

statements is low. On the other hand, prior studies show that credit rating agencies consider a firm's 

accounting quality in determining default risk.13 This practice suggests that firms consistently providing 

high-quality financial statements are viewed to have a lower probability of withholding adverse 

information, for example, on innovative projects. Thus, these firms are charged a lower risk premium 

(Sengupta, 1998; Hsu et al., 2015). Innovatively efficient firms may, thus, generate higher quality 

accounting information to reduce the cost of external financing, which further enhances ratings, for 

example, by reducing information asymmetry between innovative firms and the rating agencies. Less 

noisy accounting information should, for example, enable better access the capital markets, make future 

growth opportunities from patent-related assets more noticeable, and alleviate the adverse selection and 

moral hazard problems from public debt financing. The lower information asymmetry also could increase 

                                                        
12 Several prior studies suggest that accounting quality matters to understanding innovative input. For example, Lev 
and Sougiannis (1996), Chan et al. (2001), and Ciftci, Lev, and Radhakrishnan (2011) conclude that investors 
misprice the implications of R&D expense for firm value; although Chambers et al. (2002) challenge that 
assumption concluding that the mispricing relates to the improper measurement of firm risk in the research design. 
Also, Callen and Morel (2005) find only weak evidence of the value relevance of R&D at the firm level. 
13 Standard & Poor's (1982, 25), for example, states that S&P incorporates accounting quality in their estimate of the 
rating of an industrial bond issue (Standard & Poor's 1982, 25). 
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financial liquidity. The latter is especially relevant to innovation as liquid markets can facilitate long-term 

investment in high-return technologies without requiring individual investors to commit their resources to 

the long-term (Levine, 1997). Thus, accounting information quality likely complements IE in determining 

firms’ credit ratings. We, therefore, test the hypothesis that the negative relation between IE at t and the 

credit rating at t+k varies positively with the quality of the accounting information. In addition, if 

accounting quality is high (low) at t and t+k, this provides a consistent and, potentially, more reliable 

signal about such quality than an assessment taken at t or t+k alone. Based on the above discussion 

regarding the effect of accounting information quality on the IE-future credit rating relation, we posit our 

third hypotheses as follows. 

H3: The lagged IE-credit rating relation is more (less) prominent for firms with a higher (lower) 
quality of accounting information. 

Whereas much has been written on how product market competition relates to corporate innovation, 

the impact of product market competition on credit market’s pricing of IE apparently remains relatively 

unresearched. Some earlier writings on the effects of product market competition contend that innovation 

best suits highly concentrated industries (Schumpeter, 1942). Some later work, however, finds that 

competition stimulates innovation. For instance, Blundell, Griffith, and Van Reenen (1999) show that 

increased product market competition promotes innovation. Aghion, Bloom, Blundell, Griffith, and 

Howitt (2005) also find a positive relation between innovation and competition but add a non-linearity 

condition that innovation decreases in competition above a certain threshold level (Aghion et al., 2005, 

706). Others introduce managers’ incentives. Schmidt (1997) suggests an ambiguous effect of 

competition on innovation, contending that the lower profits from competition induce or discourage 

future innovation depending on managers’ incentives to take risks conditional on the financial condition 

of the firm. A common theme in this literature, though, is that product market competition (from rivals) 

generally drives firm profits down and lowers firm value and that these effects discourage innovation, 

especially innovation with high option value, which might threaten default. On the other hand, if the 

product market competition were from potential future rivals, there would be no reason to curtail current 
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innovative effort. Contrariwise, such firms would have incentives to innovate more to ward off the 

potential future competition and secure first-mover advantages (Blundell et al., 1999, 502).  

This implies that to understand whether product market competition affects the IE-future credit 

rating relation, we need to test for the effects of competition in two settings, first, when firms face future 

competition from potential entrants and, second, when they face current competition from existing rivals. 

We expect the relation to switch in sign. With future competition from rivals, the effects of IE on future 

credit cost should strengthen negatively for firms with higher future competition as those firms have the 

strongest incentives to (preemptively) innovate to protect their profits and market value. With current 

competition from rivals, however, higher competition drives profits down, lowers firm value, and 

constrains firms financially. A financially constrained firm would be less likely to innovate (Hall, 2010). 

Hence, we expect the IE-future credit rating relation to weaken negatively for firms with higher current 

competition from rivals.14 Based on the above discussion regarding the effect of accounting information 

quality on the IE-future credit rating relation, we posit our fourth hypotheses (in two parts) as follows. 

H4a: The lagged IE-credit rating relation is more prominent for firms with a higher (lower) 
competition from future rivals, and  

H4b: The lagged IE-credit rating relation is less prominent for firms with a higher (lower) 
competition from current rivals. 

Prior research documents that more able managers generate higher quality earnings (Demerjian, Lev, 

Lewis, and McVay, 2012), more frequent earnings forecasts (Baik, Farber, and Lee, 2011), and have 

lower likelihood of receiving a going-concern audit opinion (Krishnan and Wang, 2014). A recent study 

by Bonsall et al. (2015) shows that this ability also decrease borrowers’ collection uncertainty, reducing 

offering yield spreads and improving credit ratings. Given these prior studies, we predict that higher 

ability managers would also add value to firms’ innovation process by allocating the right employee to the 

right place, making the better decisions on the research and development (R&D) budget, and prioritizing 

the research projects. We test for correlated effects using the Demerjian et al. (2012) measure of 

managerial ability. Because of their born abilities coupled with experiential learning throughout their 

                                                        
14 Li (2010) also shows that high and low product market competition from current rivals and high and low product 
market competition from future rivals can have opposite effects on firms’ disclosure behavior. 
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management professions, these more able managers should exhibit a better ability in comprehending 

technology and industry trends, forecasting product demand and supply, investing in higher value 

innovative projects, and managing employees compared to less able managers. These managers are, thus, 

able to achieve better innovation efficiency. Accordingly, we posit our fifth hypothesis as follows. 

H5: The lagged IE-credit rating relation is more prominent for firms with higher (lower) managerial 
ability. 

 
3 Sample and variable definitions 

3.1 Sample 

We obtain our sample of 3,480 firm-years from a merge of three data files: (1) the most recent 

versions of the patent and citation data files, developed originally by Hall et al. (2001)15, from the 

National Bureau of Economic Research (NBER) patent database; (2) annual accounting and financial data 

from Compustat North America; and (3) monthly corporate credit rating data from Mergent’s Fixed 

Income Securities Database (FISD) for Academia, specifically, the S&P Domestic Long Term Issuer 

Credit Rating (“splticrm”). The NBER patent data files contain detailed information on all U.S. patents 

granted by the U.S. Patent and Trademark Office (USPTO) between 1976 and 2006, namely, patent 

assignee names, firms’ Compustat-matched identifiers, the number of citations received by each patent, 

the number of citations excluding self-citations received by each patent, application dates, grant dates, 

and the patent’s category16. We exclude firms with four-digit standard industrial classification (SIC) 

codes between 6000 and 6999 (i.e., the finance, insurance, and real estate sectors).  

Table 1, Panel A, reports the distribution of firms based on the 48 Fama-French industry codes, 

which is a classification based on 4–digit SIC codes.17 The table shows that our data sample covers a wide 

range of industries, with high percentages in Chemicals (11.44%), Machinery (8.76%), and Electronic 

Equipment (8.76%). Panel B of Table 1 plots the distribution of firms by year based on the year of patent 

grant date. While the patent and citation data set extends to 2006, our data period runs to 2011, as we let 

                                                        
15 sites.google.com/site/patentdataproject/Home/downloads. 
16 The NBER data files contain information on three million patents granted in 1963–2006, 16 million citations to 
those patents, and a match of patenting organizations to Compustat. This match enables the assignment of patent 
ownership and citation to firms listed on Compustat, which are essentially all firms in the U.S. capital markets. 
17 mba.tuck.dartmouth.edu/pages/faculty/ken.french/Data_Library/det_48_ind_port.html. 
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credit ratings extend five years beyond the most recent patent and citation data. Panel B shows an 

increasing trend in the number of firms included in our sample. After 1997, we can construct separate 

measures of annual IE for at least 150 firms per year. 

INSERT TABLE 1 HERE 

3.2 Definitions of proxies for IE 

Following Hirshleifer et al. (2013), we employ two proxies for IE: patents granted scaled by research 

and development (R&D) capital (Patents/RDC) and adjusted patent citations scaled by R&D expenses 

(Citations/RD). Our first proxy calculates the ratio of a firm’s patents granted in year t (Patents) scaled by 

its R&D capital based on five-year cumulative R&D expenses assuming an annual depreciation rate of 20 

percent starting in year t-2: 

Innovative efficiency (Patents/RDC)t = Patentst/(R&Dt-2 + 0.8 x R&Dt-3 + 0.6 x R&Dt-4 +  

 0.4 x R&Dt-5 + 0.2 x R&Dt-6),  (1) 

where Patentst denotes a firm’s number of patents granted to that firm in year t, and R&Dt-n denotes firm 

R&D expenses (in millions) for the fiscal year ending t-n. The use of cumulative R&D expenses as the 

denominator assumes that R&D spending over the preceding five years starting at t-6 contributes 

increasingly to successful patent applications granted in year t.18 Our second proxy calculates IE as 

adjusted patent citations scaled by R&D expenses (Citations/RD). The number of citations of a firm’s 

patents may better reflect the technological or economic value of those patents. While, ideally, one might 

measure each patent’s technological or economic significance using all citations received before or after 

patent grant date through the end of the sample period, we focus on forward citations (from prior patents 

over prior years) aligned to year t.19 Specifically, we define Citations/RD in year t at the firm level as the 

adjusted number of citations made in year t relating to all firm i’s patents granted over the previous five 

years scaled by the sum of the related R&D expenses: 

                                                        
18 We also use a variant of Eq. (1), where we empirically derive industry coefficients by regressing Patents/RDC on 
lagged R&D for each of the 48 Fama-French industry categories (Section 5.2). 
19 Forward citations reflect the technological importance of patents as perceived by the inventors themselves (Jaffe, 
Fogarty, and Trajtenberg, 2000) and knowledgeable peers in the technological field (Albert, Avery, Narin, and 
McAllister, 1991). Forward citations also reflect the economic importance of patents, as shown by Hall, Jaffe, and 
Trajtenberg (2005). Because forward citations suffer from truncation problems, we weight the patent counts by 
truncation-adjusted cite counts from the NBER data set (Hall et al., 2001, 2005) and report the results in Section 5.3. 
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Innovative efficiency (Citations/RD)t = 𝐶!
!!!!!!!

!!!
!
!!! /(R&Dt-3 + R&Dt-4 + R&Dt-5 + R&Dt-6 + 

R&Dt-7),  (2) 

where the adjusted number of citations, 𝐶!
!!!, is the number of citations received by a firm in year t by 

patent k, granted in year t-j (j=1–5) scaled by the average number of citations received in year t by all 

patents of the same patent subcategory granted in year t-j, and Nt-j is the total number of patents granted in 

year t-j to a firm. Because citations in year t relate to patents granted in any of the previous five years, 

which result from earlier R&D, we scale by the sum of R&D expenses (in millions) in years t-3 to t-7. 

INSERT TABLE 2 HERE 

 Table 2 reports descriptive statistics of our baseline regression model variables (section 4.2). We 

winsorize the distribution of continuous variables at the top and bottom one percentile to prevent undue 

influence of extreme observations. Mean (median) for Patents/RDC and Citations/RD are 0.154 (0.100) 

and 0.333 (0.197), respectively. In broad terms, this means that $20 million dollars per year of R&D 

spending over five years generates 15.4 patents per firm on the average. Mean Citations/RD is more 

difficult to interpret intuitively, as this number represents all citations in year t relative the average for the 

category (hence, mean 𝐶!"
!!! could be greater or less than one) scaled by five years of prior R&D spending. 

As the table suggests, these data skew left, with fewer (more) firms receiving more (fewer) patent or 

citations. The other variables left skew as well, although not significantly so, in that, with the exception of 

TIMES, the means all fall within the range of the median to the third quartile. Because the maximum 

sample size (n=3,475) exceeds the number of observations for each explanatory variable, the number of 

observations for the regressions is less than the maximum. 

Table 3 reports the Pearson correlations among the regression variables, with p-values in parentheses. 

The correlation between Patents/RDC and Citations/RD is 0.7914, suggesting that a firm with a higher 

value of the first IE measure also has a higher value of the second measure, despite the different concepts 

of IE. Most of the correlations among the explanatory variables are small in magnitude (below five 

percent), and most of the higher correlations reflect predictable relations, for example, corr (OCF, TIMES) 

= 0.3198 (higher cash flow increases interest coverage), corr (OCF, RETVOL) = -0.3710 (higher cash 

flow decreases stock return volatility), corr (RDEXP, STDROA) = 0.2510 (higher R&D expense increases 
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ROA volatility), and corr (SIZE, RETVOL) = -0.2435 (larger firm size lowers stock return volatility). Also, 

the negative correlations for corr (Patents/RDC, RDEXP) and corr (Citations/RD, RDEXP) include the 

predictable influence of RDEXP in the denominator.20 

INSERT TABLE 3 HERE 

4 Results 

4.1 Univariate 

Table 4 reports univariate analyses of the relation between mean future credit rating and mean high 

and low IE. We translate end-of-fiscal-year credit ratings letters into numerical scores using the S&P 

Ratings Code, with the highest credit rating (AAA) set to 1 and the lowest credit rating (CCC+ or below) 

set to 17, and then assign firm-years into low and high IE subgroups, split at the sample median of each 

IE year. Panel A reports the results for Patents/RDC. For each year t to t+5, the rating scores for the high 

IE subgroup significantly exceed the scores for the low IE subgroup, and for both groups the mean rating 

scores decline slightly, consistent with an improvement in future credit quality conditional on 

contemporaneous IE. Panel B reports the results for Citations/RD. For each of years t to t+5, the rating 

scores for the low IE subgroup significantly exceed those for the high IE subgroup, and for both groups 

the mean rating scores decline slightly over time. Panels A and B, therefore, produce different results. 

Prima facie, this raises the possibility that credit markets reward the value or impact of IE (Citations/RD) 

differently from the production of patents relative to R&D investment (Patents/RDC). We need to control 

for additional variables, however, before forming such conclusions. For example, higher IE firms are also 

likely to be smaller firms and have higher RETVOL, which could produce lower credit quality 

independently of the potential effects of IE. The next section adds control variables to hold constant the 

effects of these other explanatory factors. 

INSERT TABLE 4 HERE 

                                                        
20 We also check how IE might vary with contemporaneous operating free cash flow and excess cash on the balance 
sheet, as firms with excess cash (e.g., Apple Computer, Microsoft) might not use that cash as efficiently in their 
innovation activities, which might weaken the hypothesized negative IE-credit rating relation. However, we find no 
significant relation between IE and operating free cash flow or excess balance sheet cash when we regress IE on 
these variables and other controls representing firm characteristics. 
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4.2 Baseline regressions 

Table 5 summarizes the results of ordered logit regressions of Credit Rating at the end of fiscal years 

t+1 to t+5 on IE for year t and several variables (at end of the fiscal year t or for fiscal year t) that would 

explain credit rating but for the influence of IE. Note that credit ratings meet the proportional odds 

assumption required for appropriate use of ordered logit regression (Blume, Lim, and Mackinlay 1998). 

We first draw on the prior literature (Metz and Cantor, 2006; Blume et al., 1998; Alissa et al., 2013) to 

select the financial statement variables of profitability (OCF, TIMES), operating risk (STDROA, LEV), 

asset specialization (RDEXP), and future growth options (BM). We then add two market-based variables, 

Credit Ratingt and RETVOL, to reflect additional and contemporaneous expectations about firm risk not in 

the financial statements, which credit agencies would likely use to predict a future rating.21 This analysis 

shows that Credit Ratingt significantly explains Credit Rating in all future years t+1 to t+5, although the 

coefficients for Credit Ratingt+k decline as the lead-time increases consistent with Credit Ratingt evolving 

as an autoregressive time series process (i.e., a fraction of the forecast error at t is passed into future 

expectations). The baseline model also shows uniformly significant coefficients for TIMES (negative), 

BM (positive), and SIZE (negative). We then add IE to the baseline regression. If IE contributes 

significantly to that regression, then this offers evidence that such information – extractable 

contemporaneously for a given firm from the U.S. Patent Office website or a value-added service such as 

Thomson Data Analyzer – can be used to predict future credit ratings, and by implication, future credit 

rating changes.  

Panel A of Table 5 summarizes the regressions of Credit Ratingt+k for k=1 to 5, on IEt defined as 

Patents/RDC, and Panel B summarizes the regressions of Credit Ratingt+k on IEt defined as Citations/RD. 

We show t-values in parentheses, and ***, **, and * indicate significance levels at p<0.01, 0.05, and 0.10, 

respectively, versus a null coefficient of zero. The coefficients of prime interest are those for Patents/RDC 

and Citations/RD. In both panels, consistent with H1a, we observe significantly negative IE coefficients 

(p<0.01). In other words, IE at t significantly explains Credit Rating at years t+1 to t+5, and this is after 

                                                        
21 Untabulated results show that the model in Table 5 achieves an average increase (averaged of years t+1 to t+5) in 
pseudo R2 of 10.5% over a model with the non-IE or baseline variables only, based on up to 27,704 observations.  



 
 19 

controlling for Credit Rating at year t, which our analysis shows is the best single predictor of future 

credit rating. Interestingly, unlike the decay for the Credit Ratingt coefficient, the coefficients for the IEt 

variables do not decline as the lead-time t+k increases. Indeed, the most significant and most negative IEt 

coefficients occur at years t+4 and t+5. This comports with the view that, while credit ratings may reflect 

some effects of contemporaneous IE, at least in the short term, those effects apparently strengthen after 

years t+1 or t+2, arguably, because rating agencies’ contemporaneous assessments of the cost of credit do 

not fully incorporate the benefits of IE realized in the future. We find this interesting in that credit ratings 

have been the subject of several decades of research using multiple approaches and long lists of 

explanatory variables, yet our review of that literature does not indicate agencies’ use of IE variables such 

as those we investigate. 

INSERT TABLE 5 HERE 

These results are economically significant also. In an untabulated analysis, we use the IE coefficients 

in Table 5 to estimate the change in credit rating at t+k (the dependent variable) for a one standard 

deviation increase in IE while holding the other control variables in the regressions at their sample means. 

We then convert the change in credit rating to a corresponding change in bond yield, based on a smaller 

sample of firm-year bond ratings that match to actual yields on those bonds (yield data from Mergent). 

The reductions in yield from a one standard deviation increase in IE range from 38.6 bps (t to t+1) to 

130.2 bps (t to t+5) for IE = Patents/RDC and from 33.7 bps (t to t+1) to 105.6 bps (t to t+5) for IE = 

Citations/RD. Stated another way, if the bond market at t were to price IE-intensive firms (one standard 

deviation higher than the average) consistent with the credit ratings at t+5 that reflect IE at t, yields on 

those firms’ debt would be at least 100 basis points lower. Given the estimated aggregate face value of 

sample debt exposed to excess credit costs lies in the range of $559 billion to $4.9 trillion,22 the overall 

dollar cost savings of a 100 bps accelerated yield reduction would be substantial. 

                                                        
22 The estimated aggregate face value of debt exposed to excess credit cost would likely lie in the range of $559 
billion (each of the 394 firms in the sample is exposed once) to $4,942 billion based on Table 2 (Exp 8.759 (sample 
mean log of total assets) x 22.3% (sample mean leverage)) x 3,480 (no. of firm-months) (each sample firm is 
exposed in one or more months subsequent to an IE month). In a study of forthcoming patent information at loan 
origination, Plumlee et al. (2015) also find significant economic effects of patent disclosure, documenting that 
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4.3 Changes regressions 

Because the IE coefficients in the preceding analysis derive from pooled, cross-sectional regressions, 

they may better reflect differences across firms rather than a firm-level reduction in credit rating. We, 

therefore, re-estimate the regressions using a changes specification. This specification also addresses 

concerns about possible bias from correlated omitted variables and serial and cross-sectionally correlated 

error, which may affect a levels regression. Table 6 presents the results. First, as expected, Panel A shows 

reductions in pseudo-R2, consistent with Jiang (2008). Second, Panel A shows significantly negative 

coefficients (p<0.10) for Patents/RDC for all credit rating years, t+1 to t+5. This indicates that higher IE 

at t associates with a decrease in the future cost of credit. Third, Panel B shows results similar to Panel A, 

in that coefficients for Citations/RD are also significantly negative for t+2 to t+5, especially the 

coefficients for t+2 to t+4, which are negatively significant at p<0.01. The IE coefficients also increase 

negatively, suggesting that the informational effects of IE are increasingly more important for credit 

rating changes after t+1. The other variables in the regression mostly have the expected signs. For 

example, ∆LEV and ∆RETVOL increase the cost of credit, and ∆TIMES and ∆OCF decrease the cost of 

credit. The results in Panels A and B of Table 6, therefore, comport with H1a – that higher IE increases 

future creditworthiness at the firm level, and by implication, that the credit rating agencies ultimately 

assign lower default probabilities to those firms.23 

INSERT TABLE 6 HERE 

4.4 Firm default risk to explain the negative relation between IE and future credit rating 

This sub-section examines whether the IE-future credit rating relation strengthens for firms with low 

versus high firm default risk. We base default risk on the measure implied by the KMV-Merton (1974) 

distance-to-default model (Appendix A). As reasoned earlier, we predict that the lagged relation between 

IE and credit ratings is less prominent, that is, credit ratings reflect firms’ IE in a timelier manner, for 

firms with a higher likelihood of default. On the other hand, if credit rating agencies’ limited response to 

                                                                                                                                                                                   
borrowers with a forthcoming patent experienced a 15.4 bps reduction in loan spread relative to borrowers without a 
forthcoming patent. 
23 Untabulated analysis shows that the addition of ∆Credit Ratingt makes no qualitative difference to the results in 
Table 6. When we substitute ∆IE for IE in the changes regressions, the coefficients for ∆IE are insignificant. This 
likely occurs because IE is sticky at the firm level and, hence, ∆IE from year t-1 to t has little explanatory power. 
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contemporaneous IE generates the lagged relation, then the lagged relation between IE and credit ratings 

should be more prominent for firms with a lower likelihood of default. 

Table 7 shows significant and increasingly negative IE coefficients for patents and citations for firms 

with low firm default risk (p<0.10 in all but one case) and mostly insignificant coefficients for firms with 

high firm default risk. In other words, IE, which reflects the efficiency of inherently risky firm activity at t, 

has a predictably a different impact on firms’ credit ratings at t+k depending on firms’ closeness to 

default. Higher contemporaneous IE associates negatively with the credit ratings of low default 

probability firms, but not for high default probability firms, whose future credit ratings mostly show a 

mild positive or insignificant relation. This finding supports our hypothesis that credit ratings’ limited or 

delayed response to IE information drives the lagged relation between IE and credit ratings (H2). 

Additionally, given that firms with higher default risk presumably have more limited and unstable cash 

flows and are more constrained due to creditor controls, we expect that managers of those firms would 

want to avoid variance-increasing and high option value projects. These projects might threaten their jobs 

and the firm.24 Such projects would be attractive to low default risk firms, however, which have a stronger 

and more risk tolerant capital structure (Tian and Wang, 2011; Atanassov, 2014). This view also predicts 

more negative IE coefficients at t+k for firms with low default risk versus high default risk.25  

INSERT TABLE 7 HERE 

4.5 An accounting quality to explain the negative relation between IE and future credit rating 

We examine here the possibility that credit agencies’ assessment of accounting quality offers a 

mechanism to explain the lagged negative IE-future credit rating relation. Prior theory supports this view, 

in that Duffie and Lando (2001) predict that lower accounting quality increases the cost of credit; and 

several empirical studies find consistent results (Ashbaugh-Skaife et al., 2006; Arora, Richardson, and 

Tuna, 2014; Bhat, Callen, and Segal, 2014). To address the role of accounting quality as a mechanism for 

                                                        
24 We acknowledge that there could also be an opposite relation. For example, because of limited liability, equity 
holders might be more interested in taking on more risky projects as default risk increases. 
25 Consistent with this view, untabulated analysis also shows that firms with low default risk also have significantly 
higher mean IE, measured as Patents/RDC and Citations/RD, than firms with high default risk. In other words, 
independently of how IE relates to the future credit rating, the former firms are inherently more efficient in their use 
of R&D dollars, i.e., they take on more successful innovation projects on the average. 
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understanding the IE-future credit rating relation, we re-estimate the regressions in Table 5 separately for 

firms with high and low accounting quality at t. We reason that while the effects of low accounting 

quality at t could weaken the negative IE-future credit rating relation in the short-term, low accounting 

quality at t should matter less at t+k and, thus, have less impact on the negative IE–future credit rating 

relation in future periods. Current accounting accruals tend to reverse over time, and the effects of period-

specific financial statement error tend to diminish over time due to mean reversion, assuming the error in 

assessing high or low accounting quality at t does not correlate perfectly with the error at t+k. For firms 

with high (low) accounting quality at t and t+5, there is more (less) chance that accounting accruals 

would have diminished or the error effects would have declined due to mean reversion.26 Table 8 presents 

the results. Panel A partitions the sample into high and low AQ quintiles at t (short-term accounting 

quality). Panel B partitions the sample into high and low AQ quintiles by assigning a firm into the high 

(low) quality AQ portfolio for observations in both the AQt and AQt+5 high (low) quintiles (consistent 

accounting quality). We use three different measures of accounting accruals for firm i in year t, namely 

the measures in Wysocki (2009) (AQW), Rangan (1998) (AQD), and Kothari, Leone, and Wasley (2005) 

(AQK).27 

INSERT TABLE 8 HERE 

Panel A shows the differences between IE coefficients for the high accounting quality less the low 

accounting quality sub-sample for the three measures of AQ. The IE coefficients are from regressions of 

                                                        
26 Our tests, which consider AQ measures as covariates to explain the lagged IE-future credit rating relation, could 
also be viewed as tests of information quality more generally.  Patent information quality could expected to increase 
over time as creditors and rating agencies learn more about the costs and benefits of a firm’s patents through 
financial statement disclosure. 
27 Specifically, AQW equals accruals quality metric 3 (Wysocki, 2009, 21), calculated as the standard deviation of 
model A residuals divided by the standard deviation of model B residuals, where model A regresses earningst on 
operating cash flowt and model B regresses earningst on operating cash flowt , operating cash flowt-1, and operating 
cash flowt+1. This ratio measure captures current accruals quality through the relative explanatory power of past, 
current, and future operating accruals compared to the explanatory power of current cash flows in isolation. A 
positive number represents greater current accruals quality. AQD equals minus one times the difference between 
actual and predicted current accruals scaled by beginning of year assets from Rangan (1998, 110); and AQK equals 
minus one times a performance-matched version of Rangan (1998), where, following Kothari et al. (2005, 174–175), 
for each year and for each two-digit SIC code industry, we create five portfolios by sorting the data into quintiles of 
ROA measured one year prior to the year of portfolio formation. The abnormal accrual for a given firm is the Rangan 
(1998) unexplained accrual for that firm minus the average (excluding the sample firm) unexplained accrual of the 
matched portfolio. We multiply the Rangan (1998) and Kothari et al. (2005) measures by minus one so that a 
positive number represents higher accruals quality.  
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Credit Rating at t+1 to t+5 on IE at t and the control variables for patents and citations as per Table 5, 

split into high and low accounting quality at t. The main message from Panel A of Table 8 is that we 

observe few significantly negative IE coefficient differences and no trend of increasingly negative 

coefficient differences from year t+1 to t+5. Apparently, with the passage of time, credit agencies attach 

little importance to differences in accounting quality at t when assessing firms’ credit rating at t+1 to t+5. 

This could occur if the negative (positive) accounting error at t were to diminish over t+1 to t+5 due to 

accrual accounting or mean reversion. 

Panel B of Table 8 adds the restriction that low (high) AQ observations at t must also be low (high) 

AQ observations at t+5. This restriction changes the results in Panel A, that is, the subsamples of IE 

observations of high (low) AQ observations at t and t+5 now relate more (less) negatively to future credit 

rating. Panel B shows the differences in the IE coefficients for firms with high AQt and high AQt+5 minus 

the IE coefficients for firms with low AQt and low AQt+5. While not all the coefficient differences are 

significantly negative at p<0.10, each of the AQ measures shows that firms with consistently high AQ 

relative to consistently low AQ have numerically negative IE coefficients over t+1 to t+5, and the trend 

of coefficient difference is generally increasingly negative. We contend that this trend of differentially 

and increasingly negative IE coefficients occurs because the credit agencies learn over time that a 

high/low AQ firm at t is also a high/low AQ firm in fact. However, they do not know that at t, and so 

cannot accurately assign firms to high and low future AQ groups at t. This helps explain the result of 

limited separation in the IE coefficients at t+1 to t+5 based on AQ at t. However, assuming that credit 

agencies update their beliefs about accounting quality over time, they will eventually know more at t+5 

about which of the firms with high IE at t are truly high AQ or low AQ firms at t+5. As a consequence of 

updating their beliefs, credit agencies slowly reward high AQ relative to low AQ firms by increasing the 

creditworthiness of the former group over time. Figure 1 illustrates this trend in the IE coefficients 

conditional on AQ by plotting the average difference across the three AQ measures in the IE coefficients 

for the consistently high AQ group less the low AQ group. In other words, by decreasing the information 

asymmetry between innovative firms and credit rating agencies through improved accounting and 
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reporting, these results support H3, which predicts that differences in accounting quality help explain the 

negative relation between IE and the future cost of credit.28 

INSERT FIGURE 1 HERE 

4.6 Additional tests 

Below, we describe two sets of tests of cross-sectional variation in the negative IE-future credit 

rating relation by examining if the results vary predictably conditional on (i) product market competition 

(section 4.6.1) and (ii) managerial ability (4.6.2). In a later section, we also discuss the sensitivity of 

results endogeneity (section 5.1), an alternative definition of innovative input (section 5.2), patent data 

truncation (section 5.3), survivorship bias in the research design (section 5.4), and non-linearity in the IE-

future credit rating relation (section 5.5). 

4.6.1 Effects of product market competition 

Our fourth hypothesis states that future competition from rivals strengthens the negative relation 

between innovation efficiency and firms’ future credit ratings (H4a) while current competition from rivals 

weakens the negative relation between innovation efficiency and firms’ future credit ratings (H4b). Table 

9 presents the IE coefficients from the regressions in Table 5 estimated separately for firms with low and 

high future competition from potential future entrants. We use the same measure of competition for firm i 

at t for potential entrants as Li (2010), i.e., the negative of PC2. Li (2010) constructs PC2 based on a 

principal components analysis of proxies of product market competition that mostly reflect barriers to 

market entry such as high set-up costs, for instance, industry property, plant and equipment (IND-PPE), 

and research and development expenses (IND-R&D), and capital expenditures (IND-CPX). For both the 

patent and citation measures of IE, Table 9 shows increasingly negative and significant IE coefficients for 

the high competition sub-sample (p<0.01 in most cases); and these IE coefficients are significantly more 

negative (p<0.10) than the IE coefficients for the low competition subsample for t+2 to t+5 for IE 

                                                        
28 Consistent with this result (but unrelated to public credit markets), Zhong (2014) shows that firm transparency 
based on financial reporting quality measures varies positively with innovation proxies based on patents and 
citations for a sample of international firms; and Brown and Martinsson (2014) find a similar result for international 
firms using a country-specific transparency measure based on legal origin and level of economic development.  
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measured as Citations/RD.29 Thus, IE at t has a predictably stronger effect as a predictor of the lower 

future cost of credit for firms that face greater future competition from rivals. Given the PC2 definition of 

competition, we conjecture that this effect arises mainly due to a firm’s membership in an industry with 

low barriers to entry. Presumably, these firms have stronger incentives to innovate at t, as they face 

increased competition in the future. 

INSERT TABLE 9 HERE 

We expect the opposite effects for firms with high competition from current rivals, as these firms are 

likely to be less profitable and more financially constrained (Gu, 2015). Table 10 presents the results. For 

this analysis, we define competition from existing rivals using the Li (2010) PC1 measure. This measure 

captures current competition based on industry product market size (IND-MKTS), industry concentration 

ratio (IND-CON4), and the number of firms in the industry (IND-NUM). Table 10 shows that the low 

competition sub-sample has the most negative IE coefficients for both patents and citations (p<0.05), and 

the coefficients for the low competition sub-sample are significantly more negative than those for the high 

competition sub-sample (p<0.10). In other words, given strong competition from current rivals (e.g., a 

large number of firms in the industry, low industry concentration), credit agencies reduce the cost of 

credit less for firms with high IE. IE at t for high competition firms, apparently, has an insignificant effect 

on the future credit rating at t+k. 

INSERT TABLE 10 HERE 

As a third analysis, we repeat Table 10 using the Li et al. (2013) measure of competition based on 

the number of words relating to competition in a firm’s 10-K filing at t. We view this as a manager-

perceived measure of product market competition currently faced by the firm at t; and, thus, we expect 

results similar to Table 10. This is what we find. Table 11 shows that the IE coefficients are increasingly 

negative and significant for firms with low perceived current competition and insignificant for firms with 

high perceived current competition. That is, credit rating agencies reduce the future cost of credit more 

                                                        
29 Table 9 also shows significantly negative coefficients for the difference of high competition (IEHC) minus low 
competition (IELC) based on a test of the coefficient for DUMHC x IE in a pooled regression for each IE definition, 
where DUMHC = 1 for high competition firms, 0 otherwise. 
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(less) for firms with high IE when the firm managers currently view the firm as operating in a low (high) 

competition environment.  

INSERT TABLE 11 HERE 

To summarize, credit ratings respond favorably to innovation in industries with low barriers to entry, 

as the threat of increased future product competition from future rivals raises current innovative effort as a 

preemptive move. On the other hand, credit ratings respond less favorably to innovation in industries with 

large numbers of firms and low concentration ratios. These firms, operating in a high competition 

environment, experience no decline in future credit rating from their innovative activity. To the best of 

our knowledge, we could find no prior evidence that rating agencies consider contemporaneous IE 

conditional on product market competition in the same way that they incorporate financial information 

and related news events into their credit scoring models.30 

4.6.2 Effects of managerial ability 

H4 states that managers’ ability strengthens the negative relation between innovation efficiency and 

firms’ future credit ratings. Table 12 presents the results. To implement the test, we calculate average 

managerial ability over the prior three years based the on the Demerjian et al. (2012) measure and assign 

firms to managerial ability terciles, where tercile one (three) represents less able (more able) managerial 

ability.31 As predicted, the negative IE-future credit rating relation strengthens for more able managers at 

p<0.10 in all but two cases. In addition, when we introduce a dummy variable defined as DUMHA = 1 for 

high ability managers, 0 otherwise, into the regressions and interact that with IE, the same coefficients for 

IE remain negative and significant. However, the DUMHA x IE coefficient, while numerically negative in 

all cases, is significantly negative for only two of the IE coefficient differences (Citations/RD at t+1 and 

t+2) (the More minus less column of Table 12). 

INSERT TABLE 12 HERE 

                                                        
30 Credit agencies’ consideration of IE information at t also depends on the supply of IE information at t disclosed 
voluntarily by firm managers. As Wagenhofer (1990) shows, a firm’s optimal voluntary disclosure strategy 
regarding information at t that could affect firm value at t depends on potential rivals’ responses in product markets. 
Those responses can impose proprietary costs, which in turn can influence the extent of firm disclosure. 
31 Based on data at https://community.bus.emory.edu/personal/PDEMERJ/Pages/Download-Data.aspx.  
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5 Sensitivity tests 

5.1 Endogeneity 

Results based on regressions can produce unreliable results when the dependent and regressor 

variables interact in both directions. This can occur with IE as certain factors might drive IE, which might 

then drive those same or other factors. Several studies, for example, show that credit market conditions 

can affect firm innovation (Ferreira, Manso, Silva, 2012; Amore et al., 2013; Chava, Oettl, Subramanian 

A., and Subramanian, K., 2013, and Cornaggia, Mao, Tian, and Wolfe, 2015). While we hypothesize that 

IE at t relates to credit ratings at t+k, endogeneity could occur in the present study if the expectation of 

credit ratings at t+k were, somehow, to cause or induce a change in IE at t. A related concern is whether 

common omitted variables might explain the relations observed. For example, the general health of the 

economy might promote conditions for increased innovation, which might also enable credit agencies to 

price debt at lower spreads independent of innovation. While the use of regressor variables that lag the 

dependent variable by up to five years reduces substantially the likelihood of endogeneity (and reverse 

causation), we use a conventional two-stage instrumental variables approach as a further check. Based on 

prior studies, we choose two variables that should not relate to the future credit rating at the firm level, yet 

correlate positively with contemporaneous IE for firm i at time t, namely, the industry average patent 

pendency period (in years) (Harhoff and Wagner, 2009) and the industry average ratio of patents granted 

to average R&D expenditures (Lev and Sougiannis, 1996).32 We first regress firm IE on industry 

pendency and industry IE and the control variables in Table 5 and then use predicted firm IE from this 

first-stage regression as the IE variable in the second-stage regression.33 

Table 13 reports the IE coefficients from the second-stage model. This table shows coefficients for 

predicted IE that become more negative as the lag k increases but that do not differ markedly from those 

reported in Table 5 (shown as a separate column). This suggests that potential endogeneity regarding IE 

and future credit rating is unlikely to affect our results. Our research design should also allay concerns 

                                                        
32 To produce consistent estimators of the effects of IE on credit ratings, an instrumental variables approach requires 
that the industry component of the IE variable (e.g., patent pendency) relates to future credit ratings in ways 
unrelated economically to the firm component, for example, due to industry structure or regulation not affecting the 
innovative efforts of managers at the firm level (Gormley and Matsa, 2013). 
33 Appendix B reports the results of the first-stage model. 
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about common omitted variables, in that we use an adjusted measure of citation impact (removes a 

common industry or economic effect), test for a non-contemporaneous association between IE and credit 

rating, and obtain similar results when we regress credit rating changes from t+k-1 to t+k on IE at t. We 

also compute significance levels for the regression coefficients in all tables based on standard errors that 

adjust for correlations among similar firms within an industry and among different years for the same 

firm (clustered by industry and year). 

INSERT TABLE 13 HERE 

5.2 R&D expenditures 

We address two potential concerns related to our IE denominator, R&D expenditures. First, 

following Hirshleifer et al. (2012), we depreciate R&D expenditures over the previous five years and use 

this calculation as a denominator for our IE variable. However, if we acknowledge that the innovation 

process could differ across industries, then a one-size-fits-all formula ignores a significant portion of 

information on the innovation process. To address this potential issue, we use industry-level regressions 

to estimate the coefficients on how fast R&D expenditure translates into patents and use these coefficients 

to construct industry-related R&D depreciation formulas. Table 14 reports the results of our main 

regression using this alternative measure. We continue to find negative IE coefficients at p<0.01 for lags 

of k = 3, 4, and 5 years, consistent with our primary hypothesis of a negative IE-future credit rating 

relation.  

INSERT TABLE 14 HERE 

Second, we acknowledge that R&D expenses do not always capture innovative investment. Hall 

(2010) reports that only 50 percent of innovation expenses are in R&D. In addition, Koh and Reeb (2015) 

show that firms with no reported R&D eventually patent. If the underreporting were constant among 

firms, this would not create a design issue. But R&D is also a choice variable of the firm, although firms 

adopt many ways to disclose (and protect) their innovative activities and output (Hall, Helmers, Rogers, 

and Sena, 2014). To address the issue of R&D as a measure of input that also potentially correlates with 

R&D as a measure of information, we further show that our results are robust if instead of R&D we use 

R&D+SG&A expenses. We report the results of our main regression by using this alternative measure of 
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innovative efficiency in Table 15. The coefficients on IE are significantly negative at p<0.10, supporting 

our primary hypothesis that innovative efficiency betters future credit ratings. 

INSERT TABLE 15 HERE 

5.3 Patent data truncation  

 We adjust our innovation output measures to address two key truncation issues associated with the 

NBER dataset. The first arises because patents appear in the dataset only after grant date. This truncation 

occurs because the lag between a patent’s application year and its grant year is significant (about two 

years on average), and many patent applications filed during these years were still under review and had 

not been granted by 2006. Following Hall et al. (2001), we adjust the patent count data using “weight 

factors” computed from the application-grant empirical distribution. The second type of truncation 

problem relates to citation counts, as patents receive citations over long periods, but we observe only 

citations received up to 2006. Following Hall et al. (2001), we correct for this truncation by estimating the 

shape of the citation-lag distribution. We report these truncation and citation-lag adjusted results in Table 

16. The results are qualitatively the same as those in Table 5 based on these two adjustments to the IE 

variables.  

INSERT TABLE 16 HERE 

5.4 Survivorship effects 

Given that one of our main results indicates that credit ratings relate to IE with delay, this may have 

introduced a survivorship bias in the specification, as the sample firms all survived for the duration of the 

n year delay. To study the possible effects of survivorship, we use a hazard function model, which we 

implement as follows. We first divide the firm-year credit rating observations into two sub-samples, i.e., 

firms that experienced a rating upgrade or rating downgrade. We then estimate a Cox proportional hazard 

model (Cox, 1972) to check whether our main result holds for the instantaneous credit rating 

upgrade/downgrade likelihood after controlling for the impact of past credit rating changes. Specifically, 

we specify the following proportional hazard model: 

𝑙𝑛ℎ!" 𝑡 = 𝜇 𝑡 − 𝑡! !!! + 𝛽!𝐼𝐸!" + 𝛽! 𝑖!!𝐶𝑜𝑛𝑡𝑟𝑜𝑙 𝑉𝑎𝑟𝑖𝑎𝑏𝑙𝑒!" +  𝜀!"!
!!! , (3) 
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where ℎ!" 𝑡  is the hazard, or instantaneous likelihood of credit rating upgrade (downgrade) for firm j at 

time t, conditional on the fact that k upgrades (downgrades) have happened for firm j by time t, the time 

of the (k-1)th event; and where the same control variables as in Table 5 represent the baseline hazard 

function covariates but for IE. We then predict that 𝛽!> 0 in the credit rating upgrade subgroup, indicating 

that the hazard of a credit rating upgrade occurrence increases with IE and 𝛽!< 0 in the credit rating 

downgrade sub-group, indicating that the hazard of a credit rating downgrade occurrence decreases with 

IE. Untabulated results show that the hazard ratio for IE in the credit rating upgrade subgroup is 1.225 

(not significant at p<0.10), suggesting that greater IE does not associate with the instantaneous likelihood 

of a credit rating upgrade. In contrast, the empirical estimates based on the credit rating downgrade 

subgroup show a significant IE hazard ratio of 0.382 (p<0.05). Given the coefficient estimates, this 

implies that a one standard deviation increase in IE decreases the subsequent downgrade hazard rate by 

19.71 percent (exp(0.9675*0.1860)-1) after controlling for other covariates affecting the credit rating upgrade 

(in Eq.(3)). In other words, these findings indicate that the instantaneous credit rating downgrade 

likelihood of firms with high IE at t is lower than that of firms with low IE at t, conditional on k 

downgrades having occurred at different times by time t. These hazard model results confirm the ordered 

logistic regression results in Table 5. 

5.5 Non-linearity 

Czarnitzki and Kraft (2004) and Frey (2013) posit that an excessive amount of innovation may 

reflect moral hazard and generate litigation and, thereby, generate higher firm risk. This means that the 

IE-future credit rating relation could be positive for firms above an IE threshold, such that the overall 

relation between IE and the future credit rating is U-shaped.34 We examine this possibility by replicating 

the regressions in Table 5 with the inclusion of IE2 as an additional regressor variable. If the negative IE-

future credit rating relation should differ for high IE, then the coefficient for IE2 should be positive. 

Untabulated results indicate that the coefficient for IE2 is insignificant for all t+1 to t+5 and for both the 

patent and citation definitions of IE. 

                                                        
34 Since a higher credit rating implies a lower cost of credit, this means that the overall relation between IE and the 
future credit rating would also be hump-shaped (positive to a threshold level of IE and negative thereafter). 
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6 Conclusion 

This study sought to answer open questions on the relation between innovative efficiency (IE) and 

firms’ credit ratings. Using two measures of IE – patents or citations divided by research and 

development expenditures – we demonstrate that the credit ratings of firms with contemporaneously 

higher IE eventually improve, but this takes place slowly, over five years in many situations. This lagged 

response of credit ratings to IE increases innovative firms’ borrowing cost, at least in the short term. Tests 

of economic significance suggest that this cost is substantial (at least five billion dollars for our sample of 

3,480 firm-months). We explain credit agencies’ lagged response by showing that it is most prominent in 

two predictable ways, namely, when firms are farthest from default at t and when firms have consistently 

high-quality financial statements over the t+k years (k≤5) of lagged response. We also show that our 

results are immune to an array of data and sample selection issues, such as truncation and survivorship 

bias.  

Lastly, we caveat our results in that other reasons could further explain the IE-future credit rating 

relation, including factors indirectly related to IE, such as the effects of additional disclosure of firms’ 

innovation activities and the possibility that patents create additional intangible assets used as collateral. 

For example, Dass, Nanda, and Xiao (2015b) show that patent disclosure (as opposed to keeping the 

innovation secret) can be valuable by increasing share liquidity. The results of our paper could, thus, be 

interpreted as documenting an IE-future credit rating relation arising from the role of enhanced disclosure 

and collateral from patenting. Still, the observed IE-future credit rating relation that we report is more 

significant for firms with lower default risk and higher accounting quality, suggesting that any additional 

explanatory role of enhanced disclosure and collateral from patenting would have to be independent of 

these factors to explain our findings. A further caveat is that our sample does not include firms without 

patents. These firms may innovate and protect their intellectual property in other ways; and some patents, 

while approved, may take longer than five years to achieve financial success. 
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Appendix A 

The KMV-Merton default probability forecasting model of Table 7 
 
The KMV-Merton default forecasting model yields an expected default probability for each firm in the 

sample at a given point in time. To compute the probability, the face value of the firm’s debt is subtracted 

from an estimate of the market value of the firm (e.g., the sum of the market values of the firm’s debt and 

the value of its equity) scaled by a measure of the volatility of the firm. The market value of debt is 

estimated with the Merton (1974) bond-pricing model. The Merton bond-pricing model derives from the 

assumption that the total value of a firm follows the geometric Brownian motion, stated as: 

𝑑𝑉 =  µ𝑉𝑑𝑡 + σ!𝑉𝑑𝑊, (1a)  

where V is the total value of the firm, µ is the expected continuously compounded return on V, σV is the 

volatility of firm value, and dW is a standard Weiner process. The Merton model also assumes that the 

firm has issued just one discount bond maturing in T periods. Under these assumptions, the equity of the 

firm is a call option on the underlying value of the firm with a strike price equal to the face value of the 

firm’s debt and time-to-maturity of T. In addition, the value of equity derives from the Black-Scholes-

Merton formula. By put-call parity, the value of the firm’s debt equals the value of a risk-free discount 

bond minus the value of a put option written on the firm, again with a strike price equal to the face value 

of debt and a time-to-maturity of T. Symbolically, the Merton model stipulates that the equity value of a 

firm satisfies the following: 

𝐸 = 𝑉𝑁(𝑑!) −  𝑒!!"𝐹𝑁(𝑑!),                                                                        (2a) 

where E is the market value of the firm’s equity, F is the face value of the firm’s debt, r is the 

instantaneous risk-free rate, N(·) is the cumulative standard normal distribution function, d1 is: 

𝑑! =  
!" !

! ! (!!!,!!!)!
!

!! !
,  (3a) 

and d2 = d1−σV√T. This formula is referred to as the Black-Scholes-Merton option valuation equation. 

The KMV-Merton model also relates to the volatility of the firm’s equity relative to the volatility of firm 

value. Under Merton’s assumptions, the value of equity is a function of the value of the firm and time, so 

it follows directly from Ito’s lemma that: 

 σ! =
!
!

!!
!!
σ!           (4a) 

In the Black-Scholes-Merton model, it can be shown that ∂E/∂V = N(d1), so that under the Merton 

model’s assumptions, the volatilities of the firm and its equity are related by: 

  σ! =
!
!
𝑁 𝑑! σ!                                 (5a) 

The KMV-Merton model derives from nonlinear Eq.(2a) and  Eq.(5a), which translate the value and 

volatility of a firm’s equity into an implied probability of default. We implement the KMV-Merton 

default forecasting model in three steps. First, we measure σE from either historical stock returns data or 

from option implied volatility data. Second, we use historical returns data to estimate σE, using a 
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forecasting horizon of one year (T = 1) and use the book value of the firm’s total liabilities as the face 

value of the firm’s debt. Third, we collect values of the risk-free rate and market equity of the firm. These 

three steps determine values for each of the variables in Eq.(2a) and Eq.(5a) except for V and σV, the 

total value of the firm, and the volatility of firm value, respectively. Finally, we simultaneously solve 

Eq.(2a) and Eq.(5a) numerically for values of V and σV to calculate the distance to default as where d1 is 

defined in Eq.(3a). Our measure is: 

𝐷𝐷 =  
!" !

! ! !!!.!!!
! !

!! !
,      (6a) 

where µ is an estimate of the expected annual return of the firm’s assets. The corresponding expected 

default probability (D2D):  

𝑫𝟐𝑫   =   𝐍 −
𝐥𝐧 𝑽

𝑭 ! (𝝁!𝟎.𝟓𝝈𝑽
𝟐)𝑻

𝝈𝑽
𝟐 = 𝐍 −𝑫𝑫 .                      (7a) 
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Appendix B 

First stage model of Table 13 
 
IE variable Patents/RDC Citations/RD 
Instrumental Variables:   
IND_AVG_Pendency 0.0169** 0.0377*** 

 
(2.46) (2.89) 

IND_AVG_RDEXP 0.8829*** 1.0032*** 
 (25.82) (35.59) 
Control Variables:   
Credit Ratingt -0.0032** -0.0079*** 

 
(-2.08) (-2.69) 

OCF 0.0739 0.3527*** 

 
(1.62) (3.92) 

STDROA -0.1244 0.3855 

 
(-1.09) (1.56) 

TIMES 0.0000 0.0000 

 
(0.14) (0.17) 

RDEXP 0.0000*** 0.0000*** 

 
(-3.89) (-3.98) 

RETVOL -0.4758 0.0837 

 
(-1.28) (0.13) 

BM 0.0280*** 0.0337** 

 
(3.22) (2.08) 

SIZE -0.0160*** -0.0241*** 

 
(-4.75) (-3.70) 

LEV 0.0208 0.0735 

 
(0.76) (1.32) 

Num. of obs. 2519 3480 
Pseudo R2 0.4315 0.3060 
 
This table reports the first stage model for the second-stage least squares analysis shown in Table 13. 
Following the prior literature, the first stage states two variables that should not relate to the future 
credit rating but have a high correlation with IE at the firm level, namely, the industry average patent 
pendency period (in years) (Harhoff and Wagner, 2009) and the industry average ratio of patents 
granted (citation received) to average R&D expenditures (Lev and Sougiannis, 1996). We use predicted 
firm IE from this first-stage regression as the IE variable in the second-stage regression. 
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Figure 1 

Relation between innovative efficiency (IE) and the subsequent credit rating for high and low accounting quality (AQ) 

 
 

 
This figure plots the mean difference in the IE coefficients (over AQW, AQD, and AQK) from the regressions of 
future Credit Rating at end of year t+1 to t+5 on IE at t for high accounting quality at t and t+5 and low accounting 
quality at t and t+5. Panel B of Table 7 reports the coefficient differences. A negative value for the difference of 
high AQ minus low AQ indicates a stronger negative relation for the higher information quality sub-sample. AQW = 
a modified version of the accruals quality measure for firm i in year t, as proposed by Wysocki (2009), AQD = 
discretionary current accruals (Rangan, 1998), and AQK = performance-matched discretionary current accruals 
(Kothari et al., 2005).  
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Table 1 

Sample distribution of firms with patent citations and credit ratings 
 
Panel A: Sample distribution by industry  

Fama-French 48 Industry (industry number) Frequency Percent 
Cumulative 

frequency 
 Cumulative 

percent 
Agriculture (1) 3 0.09 3 0.09 
Aircraft (24) 172 4.94 175 5.03 
Alcoholic Beverages (4) 7 0.20 182 5.23 
Automobiles and Trucks (23) 126 3.62 308 8.85 
Business Services (34) 79 2.27 387 11.12 
Business Supplies (38) 204 5.86 591 16.98 
Chemicals (14) 398 11.44 989 28.42 
Computers (35) 166 4.77 1,155 33.19 
Construction Materials (17) 101 2.90 1,256 36.09 
Consumer Goods (9) 182 5.23 1,438 41.32 
Defense (26) 45 1.29 1,483 42.61 
Electrical Equipment (22) 85 2.44 1,568 45.06 
Electronic Equipment (36) 305 8.76 1,873 53.82 
Entertainment (7) 17 0.49 1,890 54.31 
Food Products (2) 151 4.34 2,041 58.65 
Healthcare (11) 8 0.23 2,049 58.88 
Machinery (21) 305 8.76 2,354 67.64 
Measuring and Control Equipment (37) 100 2.87 2,454 70.52 
Medical Equipment (12) 73 2.10 2,527 72.61 
Miscellaneous (48) 3 0.09 2,530 72.70 
Nonmetallic Mining (28) 57 1.64 2,587 74.34 
Petroleum and Natural Gas (30) 198 5.69 2,785 80.03 
Pharmaceutical Products (13) 266 7.64 3,051 87.67 
Recreational Products (6) 67 1.93 3,118 89.60 
Retail (42) 7 0.20 3,125 89.80 
Rubber and Plastic Products (15) 28 0.80 3,153 90.60 
Ship Building, Railroad Equipment (25) 10 0.29 3,163 90.89 
Shipping Containers (39) 50 1.44 3,213 92.33 
Steel Works, Etc. (19) 140 4.02 3,353 96.35 
Telecommunications (32) 64 1.84 3,417 98.19 
Textiles (16) 4 0.11 3,421 98.30 
Tobacco Products (5) 5 0.14 3,426 98.45 
Wholesale (41) 54 1.55 3,480 100.00 
Total 3,480 100.00 3,480 100.00 
 
Panel B: Sample distribution by year 
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Table 2 

Descriptive statistics and variable definitions 
 

 Year Mean Q1 Median Q3 Std. Dev. N. obs. 
Credit Rating t 8.218 6 8 11 3.573 3.480 
Patents/RDC t 0.154 0.041 0.100 0.191 0.186 2,519 
Citations/RD t 0.333 0.053 0.197 0.445 0.414 3,480 
OCF t 0.093 0.056 0.094 0.138 0.086  
STDROA t-4 to t 0.034 0.015 0.026 0.043 0.028  
TIMES t 16.380 5.171 9.283 15.824 24.300  
RDEXP t 0.032 0.002 0.013 0.041 0.046  
RETVOL t 0.024 0.015 0.020 0.027 0.013  
BM t 0.417 0.236 0.389 0.605 0.707  
SIZE t 8.759 7.779 8.589 9.743 1.394  
LEV t 0.223 0.130 0.199 0.293 0.147  

This table reports descriptive statistics for the full sample. The sample consists of 3,480 firm-year observations for a 
sample period between 1984 and 2011, which satisfy the data requirements. We winsorize all variables at the extreme 
two percentiles. 

 

Variable definitions: 

Credit Rating = firm i’s Standard & Poor’s senior debt rating at end of year t. Standard & Poor’s rates a firm’s debt 
from AAA (indicating a strong capacity to pay interest and repay principal) to D (indicating actual default). We 
translate ratings letters into ratings numbers, with a smaller number (e.g., AAA=1, B– =16) indicating a better 
rating. ∆Rating = Credit Rating t+1 – Credit Ratingt. 

Patents/RDC = patents granted to a firm in year t divided by research and development (R&D) capital in year t-2. R&D 
capital is computed as the 5-year cumulative R&D expenses with 20% annual depreciation.  

Citations/RD = adjusted patent citations received in year t from all patents granted to a firm in years t-1 to t-5 divided 
by the sum of R&D expenses in years t-3 to t-7. The adjusted citations in year t to patent k are citations to patent k 
in year t divided by the mean citations to patents of the same subcategory and grant year group in year t. 

OCF = firm i’s operating cash flows at year t divided by total assets at the beginning of year t, following Francis et al. 
(2005).  

STDROA = firm i’s standard deviation of ROA calculated using five years data from year t-4 to t. ROA = net income 
before extraordinary items plus after-tax net interest expense divided by total assets at the beginning of year t.  

TIMES = the natural log of (1+ times interest earned ratio), where times interests earned ratio = firm i’s operating 
income before depreciation and interest expense divided by interest expense, both for year t.  

RDEXP = firm i’s research and development expense at year t divided by total assets at the beginning of year t.  

RETVOL = the standard deviation of firm i’s daily stock returns for year t.  

BM = the natural log of firm i’s book value of common equity divided by its market value of common equity, both 
measured at the end of year t.  

SIZE = the natural log of firm i’s total assets at the end of year t.  

LEV = the firm i’s long-term debt divided by total assets at the end of year t. 
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Table 3 

Pearson correlations among selected variables 
 

Variable 
(Table 2) Patents/RDC 

Citations/
RD OCF STDROA TIMES RDEXP RETVOL BM SIZE 

Credit Rating 0.0390** -0.0087 -0.4397*** 0.1977*** -0.3445*** -0.0401** 0.5219*** -0.0519 -0.5915*** 
 (0.0488) (0.6069) (<.0001) (<.0001) (<.0001) (0.0178) (<.0001) 0.0020 (<.0001) 
Patents/RDC 1.0000 0.7914*** -0.0134 -0.0181 -0.0124 -0.1148*** 0.0459** 0.0322 -0.1577*** 
  (<.0001) (0.4990) (0.3619) (0.5319) (<.0001) (0.0205) (0.1041) (<.0001) 
Citations/RD  1.0000 0.0540** 0.0372** 0.0000 -0.0458*** -0.0229 0.0006 -0.1365*** 
   (0.0013) (0.0267) (0.9988) (0.0068) (0.1724) (0.9701) (<.0001) 
   (<.0001) (0.0216) (<.0001) (<.0001) (<.0001) (<.0001) (0.0001) 
OCF   1.0000 -0.0431** 0.3198*** 0.0948*** -0.3710*** 0.0969*** 0.1955*** 
    (0.0103) (<.0001) (<.0001) (<.0001) (<.0001) (<.0001) 
STDROA    1.0000 0.1299*** 0.2510*** 0.2653*** -0.0323* -0.0127 
     (<.0001) (<.0001) (<.0001) (0.0550) (0.4514) 
TIMES     1.0000 0.2798*** -0.1204*** -0.0048 0.2458*** 
      (<.0001) (<.0001) (0.7778) (<.0001) 
RDEXP      1.0000 0.1033*** -0.0900*** 0.0617*** 
       (<.0001) (<.0001) 0.0003 
RETVOL       1.0000 -0.1998*** -0.2435*** 
        (<.0001) (<.0001) 
BM        1.0000 0.1124*** 
         (<.0001) 
SIZE         1.0000 

 
Table 2 states the definitions of the variables. p values in parentheses. *, **, and *** denote significance at less than 0.10, 
0.05, and 0.01 level, respectively. 
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Table 4 

Univariate analysis of future credit rating by high and low innovative efficiency 
 

 

Mean future credit rating by  
IE of patents (Patents/RDC) 

Mean future credit rating by  
IE of citations (Citations/RD) 

Future Credit 
Rating 

Low             
IE 

High           
IE 

Low minus high 
IE 

Low             
IE 

High           
IE 

Low minus high 
IE 

Credit Ratingt 7.5812 8.1192 -0.538*** 8.3627 8.0754 0.2873* 

   
(-3.17) 

  
(1.92) 

Credit Ratingt+1 7.6266 8.1782 -0.5516*** 8.4568 8.1271 0.3297** 

   
(-3.25) 

  
(2.20) 

Credit Ratingt+2 7.5308 8.0415 -0.5107*** 8.4179 7.9929 0.425*** 

   
(-2.85) 

  
(2.80) 

Credit Ratingt+3 7.5519 8.0304 -0.4785*** 8.3447 7.9663 0.3784** 

   
(-2.59) 

  
(2.33) 

Credit Ratingt+4 7.4514 8.0079 -0.5565*** 8.4664 7.9225 0.5439*** 

   
(-3.03) 

  
(3.01) 

Credit Ratingt+5 7.4381 8.0109 -0.5728*** 8.0376 7.8951 0.1425 

 
	 	 (-3.14) 	 	 (-0.78) 

 
t values for difference in mean future credit rating in parentheses. *, **, and *** denote significance at less than 0.10, 
0.05, and 0.01 level, respectively, all two-tailed. Innovative efficiency of Patents = Patents/RDC; Innovative 
efficiency of Citations = Citations/RD. 
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Table 5 

Innovative efficiency and future credit rating level as the dependent variable  
 

Dependent variable = Future credit rating 
Panel A: IE = Patents/RDC Ratingt+1 Ratingt+2 Ratingt+3 Ratingt+4 Ratingt+5 
Patents/RDC -0.4468** -0.8106*** -1.1050*** -1.3346*** -1.5075*** 

 
(-2.12) (-3.14) (-3.65) (-3.75) (-3.13) 

Credit Ratingt 2.9188*** 1.7822*** 1.3382*** 1.0936*** 0.9276*** 

 
 (18.86)  (15.51)  (14.14)  (14.60)  (14.42) 

OCF -1.1194* -0.8434 -0.407 -0.0062 -0.5553 

 
(-1.89) (-1.36) (-0.57) (-0.01) (-1.17) 

STDROA -2.9635 -3.28 -0.0507 0.791 1.5916 

 
(-1.09) (-1.35)  (0.02)  (0.28)  (0.50) 

TIMES -0.0052** -0.0061** -0.0073*** -0.0082*** -0.0087*** 

 
(-2.03) (-2.31) (-2.97) (-3.18) (-3.08) 

RDEXP 0.5367 1.0202 0.9171 0.9969 2.1343 

 
 (0.42)  (0.58)  (0.44)  (0.41)  (0.71) 

RETVOL 29.0223*** 30.9915*** 24.3583*** 21.8832** 13.4688 

 
 (6.30)  (4.00)  (2.74)  (2.03)  (1.14) 

BM 0.4098*** 0.6412*** 0.5113** 0.4057*** 0.4096*** 

 
 (4.38)  (2.74)  (2.48)  (3.54)  (2.74) 

SIZE -0.1215*** -0.1606*** -0.1899** -0.2439*** -0.2947*** 

 
(-2.91) (-2.81) (-2.48) (-2.91) (-3.28) 

LEV -0.024 0.1302 0.1905 -0.0489 0.0343 

 
(-0.06)   (0.33)  (0.29) (-0.07) (0.04) 

Num. of obs.  2,519   2,342   2,218   2,111   2,020  
Pseudo R2 0.6284 0.4627 0.4019 0.3477 0.3102 
 
Panel B: IE = Citations/RD Ratingt+1 Ratingt+2 Ratingt+3 Ratingt+4 Ratingt+5 
Citations/RD -0.1751*** -0.3358*** -0.4741*** -0.5799*** -0.5492*** 
 (-2.64) (-3.41) (-4.45) (-4.67) (-3.66) 
Credit Ratingt 2.8977*** 1.7934*** 1.3365*** 1.0723*** 0.9359*** 
  (19.23)  (15.42)  (16.25)  (16.13)  (14.97) 
OCF -2.3044*** -1.5998*** -1.3470** -0.7951 -0.8797 
 (-3.78) (-2.87) (-2.12) (-1.08) (-1.38) 
STDROA -2.372 -0.3198 3.0019 4.0343 2.9395 
 (-1.27) (-0.13)  (1.21)  (1.37)  (1.16) 
TIMES -0.0048*** -0.0064*** -0.0087*** -0.0105*** -0.0120*** 
 (-2.87) (-3.46) (-4.36) (-4.68) (-5.14) 
RDEXP 1.1697 1.0829 1.0462 0.2346 2.6949 
  (0.92)  (0.76)  (0.51)  (0.09)  (0.96) 
RETVOL 15.5666 4.5756 -1.454 -5.5648 3.4187 
  (1.31)  (0.37) (-0.13) (-0.49) (0.40) 
BM 0.2693*** 0.4876*** 0.4213*** 0.3479*** 0.3648*** 
  (3.27)  (4.89)  (2.87)  (2.66)  (3.20) 
SIZE -0.0748* -0.1476*** -0.1884*** -0.2237*** -0.2889*** 
 (-1.65) (-3.14) (-3.22) (-3.62) (-3.94) 
LEV 0.9876** 0.7720** 0.5692 0.0644 -0.0195 
  (2.46)  (2.14)  (1.11)  (0.10)  (0.03) 
Num. of obs.  3,480   3,257   2,909   2,615   2,293  
Pseudo R2 0.6304 0.4825 0.4028 0.3431 0.3187 
 
This table presents the ordered logit regression coefficients and two-sided t-values for the maximum samples of 2,519 
firm-year observations for Patent/RDC and 3,480 firm-year observations for Citations/RD from 1984–2006. We regress 
firms’ credit rating for year t + k on IE and other control variables for year t. We report t-statistics in parentheses with 
standard errors clustered by industry and year. *, **, *** denote significance at less than 0.10, 0.05, and 0.01 level, 
respectively, all two-tailed. Table 2 states the definitions of the variables. Regressions control for industry fixed effects. 
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Table 6 

Innovative efficiency and future credit rating change as the dependent variable 
 

Dependent variable = Future credit rating change 
Panel A: IE = Patents/RDC ∆Ratingt+1 ∆Ratingt+2 ∆Ratingt+3 ∆Ratingt+4 ∆Ratingt+5 
Patents/RDC -0.3895* -0.4665** -0.6023** -0.7078** -0.7939** 

 
(-1.87) (-2.04) (-2.12) (-2.34) (-2.14) 

∆OCF -1.6146*** -1.8275** -2.6790*** -2.8330*** -3.4234*** 

 
(-3.28) (-2.14) (-3.70) (-3.69) (-5.83) 

∆STDROA 11.7744** 7.9537*** 8.0367*** 7.1513*** 8.0082*** 

 
(2.28) (2.91) (2.92) (2.79) (4.38) 

∆TIMES -0.0053 -0.0022 -0.0005 -0.0009 -0.0014 

 
(-1.27) (-1.20) (-0.27) (-0.43) (-0.68) 

∆RDEXP -0.0010** -0.0006** -0.0003** -0.0001 0.0001* 

 
(-2.53) (-2.18) (-2.02) (-0.83) (1.94) 

∆RETVOL 29.5775* -0.1545 1.3088 -1.4603 -2.6114 

 
(1.76) (-0.01) (0.14) (-0.16) (-0.30) 

∆BM 0.1165 0.0512 0.2458 0.3818 0.6356*** 

 
(0.20) (0.24) (1.00) (1.60) (2.99) 

∆SIZE -1.6236*** -1.3992*** -1.5817*** -1.3735*** -1.3916*** 

 
(-3.04) (-4.15) (-5.62) (-4.91) (-5.01) 

∆LEV 9.6116*** 7.8062*** 6.8610*** 6.2590*** 6.0048*** 

 
(6.96) (7.35) (8.31) (9.31) (8.45) 

Num. of obs. 2361 2240 2136 2035 1950 
Pseudo R2 0.0594 0.0637 0.0746 0.0400 0.0787 
      
Panel B: IE = Citations/RD ∆Ratingt+1 ∆Ratingt+2 ∆Ratingt+3 ∆Ratingt+4 ∆Ratingt+5 
Citations/RD -0.0896 -0.1958** -0.2416** -0.3080** -0.3203* 
 (-0.67) (-2.01) (-2.00) (-2.27) (-1.89) 
∆OCF -0.5687 -1.3922*** -2.4256*** -3.0203*** -3.4561*** 
 (-0.76) (-2.79) (-3.96) (-3.77) (-5.06) 
∆STDROA 13.0905*** 7.4713** 4.7719 4.1110 5.8876** 
 (2.97) (2.16) (1.58) (1.39) (2.40) 
∆TIMES -0.0062*** -0.0024 -0.0005 -0.0010 -0.0012 
 (-3.94) (-1.63) (-0.40) (-0.61) (-0.75) 
∆RDEXP -0.0008*** -0.0003 -0.0002 -0.0001 0.0001* 
 (-2.86) (-1.57) (-1.18) (-0.62) (1.75) 
∆RETVOL 25.4100* 18.7328 16.1373 4.7673 4.6714 
 (1.72) (1.31) (1.45) (0.55) (0.48) 
∆BM -0.2846 -0.2068 0.2838 0.4864** 0.5008** 
 (-0.83) (-0.79) (1.27) (2.19) (2.53) 
∆SIZE -1.5166*** -1.3816*** -1.4524*** -1.3305*** -1.2749*** 
 (-3.18) (-4.85) (-6.54) (-5.83) (-5.19) 
∆LEV 7.7170*** 6.9034*** 6.5149*** 6.0538*** 5.7248*** 
 (7.36) (10.08) (9.19) (9.96) (7.38) 
Num. of obs. 3089 2756 2443 2161 1904 
Pseudo R2 0.0563 0.0646 0.0722 0.0730 0.0764 
 
This table summarizes the ordered logit regressions for the maximum samples of 2,519 firm-year observations 
for Patent/RDC and 3,480 firm-year observations for Citations/RD from 1984-2011. We regress firms’ credit 
rating change in year t + k on IE and other control variables in year t. We report t-statistics in parentheses with 
standard errors clustered by industry and year. *, **, *** denote significance at less than 0.10, 0.05, and 0.01 
level, respectively, all two-tailed. Table 2 states the definitions of the variables. Regressions control for industry 
fixed effects. 
  



 
 46 

Table 7 

Innovative efficiency and future credit rating conditional on firm default risk (Merton 1974) 
 
IE measure IE = Patents/RDC IE = Citations/RD 

 
Low High Low-High Low High Low-High 

t+1 IE coefficient -1.7060*** 0.3483 -2.0544*** -0.2944 -0.1945 -0.0999 

 
t-statistic  (-3.16)  (1.19)  (-3.34)  (-1.37)  (-0.98)  (-0.34) 

 
Num. of obs.  1,214   1,214    2,509   2,508   

 
Pseudo R2 0.6738 0.6647  0.6692 0.5790  

t+2 IE coefficient -1.7334*** 0.0412 -1.7746* -0.3558** -0.3745 0.0187 

 
t-statistic  (-3.56)  (0.05)   (-1.95)  (-2.48)  (1.53)  (0.07)  

 
Num. of obs.  1,163   1,150    2,390   2,362   

 
Pseudo R2 0.539 0.5188  0.5455 0.4693  

t+3 IE coefficient -1.7684*** -0.3030 -1.4654 -0.3540* -0.4229* 0.0689 

 
t-statistic  (-3.04)  (-0.42)  (-1.59)  (-1.82)  (-1.77)  (0.22)  

 
Num. of obs.  1,145   1,099    2,120   2,068   

 
Pseudo R2 0.4663 0.4289  0.4663 0.4064  

t+4 IE coefficient -1.8660*** -0.3435 -1.5225 -0.5307** -0.6430** 0.1123 

 
t-statistic  (-3.44)  (-0.36)  (-1.38)  (-2.30)  (-2.89)  (0.35) 

 
Num. of obs.  1,097   1,016    1,752   1,807   

 
Pseudo R2 0.4121 0.4155  0.4147 0.3591  

t+5 IE coefficient -1.8426*** 0.7583 -2.6008*** -0.6440** -0.2551 -0.3889 

 
t-statistic  (-3.41)  (0.79)   (-2.37)  (-2.13)  (-0.85)  (-0.91) 

 
Num. of obs.  1,082   959    1,624   1,361   

  Pseudo R2 0.3687 0.3909   0.3652 0.3807   
 
This table presents the ordered logit regression coefficients and two-sided t-statistics for the maximum samples 
of 2,519 firm-year observations for Patent/RDC and 3,480 firm-year observations for Citations/RD from 1984–
2011. We categorize firm-year observations into low and high default risk based on the Merton (1974) measure 
and then regress firms’ credit rating in year t + k on IE and other control variables in year t for these two groups. 
Firm-level control variables are included in each regression model. We report t-statistics with standard errors 
clustered by industry and year. *, **, *** denote significance at less than 0.10, 0.05, and 0.01 level, respectively, 
all two-tailed. Regressions control for industry fixed effects. 
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Table 8 

Innovative efficiency and future credit rating conditional on accounting quality 
 
High AQ minus low AQ IE coefficient IE = Patents/RDC IE=Citations/RD 
Accounting quality (AQ) measure AQW AQD AQK AQW AQD AQK 

Panel A: Accounting Quality = AQt       
t+1 IE coefficient difference 0.0803 -0.2933 -0.9695 -0.2538 -0.2040 -0.0992 

 
t-statistic 0.15 -0.53 -1.94 -0.64 -1.30 -0.95 

 
Num. of obs. 1,555 2,015 2,015 1,459 2628 2,628 

t+2 IE coefficient difference -0.1398 0.2751 -0.5595 0.1811 -0.0427 -0.0039 

 
t-statistic -0.21 0.54 -0.99 0.42 -0.20 -0.02 

 
Num. of obs. 1,514 1,865 1,882 1,426 2,435 2,452 

t+3 IE coefficient difference -0.0693 0.0693 -1.2351 0.1993 -0.1073 -0.1711 

 
t-statistic -0.11 0.13 -2.38 0.49 -0.48 -0.81 

 
Num. of obs. 1,480 1,762 1,799 1,394 2,158 2,207 

t+4 IE coefficient difference 0.2515 -0.2420 -1.3916 0.2132 -0.3295 -0.2490 

 
t-statistic 0.45 -0.41 -2.16 0.55 -1.51 -1.26 

 
Num. of obs. 1,443 1,671 1,710 630 1,931 1,980 

t+5 IE coefficient difference 0.5858 -0.7145 -1.7082 0.5349 -0.3286 -0.3729 

 
t-statistic 0.79 -0.94 -2.39 1.21 -1.32 -1.69 

 
Num. of obs. 1,421 1,600 1,638 1,310 1,726 1,774 

Panel B: Accounting Quality = AQt and AQt+5 
t+1 IE coefficient difference -1.0908 -1.652** -2.3093** -0.0456* -0.682 -0.2999 

 
t-statistic  (-1.12)   (-2.19)   (-2.36)   (-1.93)   (-1.61)   (-0.69)  

 
Num. of obs.  622   611   595   583   563   544  

t+2 IE coefficient difference -1.9937* -0.1245 -1.7594 -0.0311 -0.5208 -0.4107 

 
t-statistic  (-1.73)   (-0.18)   (-1.56)   (-1.12)   (-1.12)   (-0.74)  

 
Num. of obs.  594   576   587   567   516   524  

t+3 IE coefficient difference -3.1024** -0.9908 -2.1422** -0.023 -0.3223 -0.5124 

 
t-statistic  (-2.43)   (-1.07)   (-2.12)   (-0.93)   (-0.5)   (-1.54)  

 
Num. of obs.  564   555   584   540   476   517  

t+4 IE coefficient difference -2.8647** -1.344 -3.0502*** -0.0537*** -0.4399 -0.8443** 

 
t-statistic  (-2.05)   (-1.08)   (-2.64)   (-2.52)   (-0.7)   (-2.29)  

 
Num. of obs.  537   540   570   516   461   502  

t+5 IE coefficient difference -2.364 -1.7384 -3.1711** -0.0095 -0.5992 -0.845* 

 
t-statistic  (-1.45)   (-1.28)   (-2.47)   (-0.41)   (-0.96)   (-1.78)  

 
Num. of obs.  527   541   569   475   459   499  

 
Each IE coefficient difference is calculated as the difference in the IE coefficients from a regression of firm credit 
rating in year t + k on IE and other control variables in year t for each high AQ quintile and low AQ quintile 
combination. Panel A: Accounting Quality = AQt; Panel B: Accounting Quality = AQt and AQt+5. AQW is a modified 
version of the accruals quality measure for firm i in year t, as proposed by Wysocki (2009), AQD is discretionary 
current accruals (Rangan, 1998), and AQK is performance-matched discretionary current accruals (Kothari et al. 
2005). Firm-level control variables are included in each regression model. The t-statistics are based on standard errors 
clustered by industry and year. *, **, *** denote significance at less than 0.10, 0.05, and 0.01 level, respectively, all 
two-tailed. Regressions control for industry fixed effects.  
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Table 9 

Innovative efficiency and future credit rating conditional on product market competition from potential entrants 
 

  IE by number of patents IE by number of citations 

  

Low 
competition 

High 
competition 

High minus 
low comp. 

Low 
competition 

High 
competition 

High minus 
low comp. 

t+1 IE coefficient -0.7376 -0.9017 -0.1641 0.1563 -0.3607** -0.5170 

 
t-statistic (-0.79) (-1.63) (-0.15) (0.45) (-2.04) (-1.13) 

 
Num. of obs. 464 472  714 726  

 
Pseudo R2 0.6369 0.6675  0.6525 0.6596  

t+2 IE coefficient -0.9858 -1.7543*** -0.7685 -0.0616 -0.7294*** -0.6678* 

 
t-statistic (-1.01) (-3.36) (-0.70) (-0.18) (-4.40) (-1.77) 

 
Num. of obs. 460 467  711 716  

 
Pseudo R2 0.5183 0.4986  0.5147 0.5022  

t+3 IE coefficient -2.0762* -2.3874*** -0.3112 -0.1467 -1.008*** -0.8609** 

 
t-statistic (-1.94) (-4.20) (-0.26) (-0.46) (-5.77) (-2.35) 

 
Num. of obs. 460 466  644 667  

 
Pseudo R2 0.4273 0.3864  0.4308 0.4005  

t+4 IE coefficient -2.5979** -2.9385*** -0.3406 -0.3380 -1.1833*** -0.8453** 

 
t-statistic (-2.23) (-4.26) (-0.25) (-1.12) (-6.03) (-2.35) 

 
Num. of obs. 458 466  578 614  

 
Pseudo R2 0.3747 0.2812  0.3678 0.3338  

t+5 IE coefficient -1.4546 -3.6139*** -2.1620* -0.4012 -1.3158*** -0.9156** 

 
t-statistic (-1.33) (-4.87) (1.65) (-1.36) (-5.73) (-2.45) 

 
Num. of obs. 461 463  523 554  

 
Pseudo R2 0.3229 0.2933  0.3253 0.2976  

This table presents the ordered logit regression coefficients and two-sided t-statistics for the maximum samples of 2,519 
firm-year observations for Patent/RDC and 3,480 firm-year observations for Citations/RD from 1984-2011. We 
categorize firm-year observations into firms with low and high competition from potential entrants, and then regress 
firms’ credit rating in year t + k onto IE and other control variables in year t for these two groups. Firm-level control 
variables are included in each regression model. We report t-statistics with standard errors clustered by industry and year. 
*, **, *** denote significance at less than 0.10, 0.05, and 0.01 level, respectively, all two-tailed. Product market 
competition from potential entrants is based on a factor analysis of industry-average PPE, industry-average R&D 
expense, industry-average capital expenditures, and industry market size (the PC2 measure, as per Li, 2010). Regressions 
control for industry fixed effects. 

. 
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Table 10 

Innovative efficiency and future credit rating conditional on product market competition from current rivals 
 

  IE by number of patents IE by number of citations 

  

Low 
competition 

High 
competition 

High minus 
low comp. 

Low 
competition 

High 
competition 

High minus 
low comp. 

t+1 IE coefficient -1.5173*** 0.3888 1.9061** -0.8670*** 0.3840 1.2610*** 

 
t-statistic (-3.09) (0.59) (2.31) (-5.04) (1.44) (3.98) 

 
Num. of obs. 479 468  729 710  

 
Pseudo R2 0.5159 0.7348  0.4532 0.7044  

t+2 IE coefficient -1.8266** -0.0220 1.8046** -0.9918*** 0.1784 1.1702*** 

 
t-statistic (-2.39) (-0.07) (2.17) (-4.64) (0.74) (3.62) 

 
Num. of obs. 475 463  723 700  

 
Pseudo R2 0.3458 0.4571  0.4634 0.5739  

t+3 IE coefficient -3.1642*** -0.1027 3.0615*** -1.1135*** -0.0728 1.0407*** 

 
t-statistic (-4.23) (-0.28) (3.68) (-4.70) (-0.33) (3.20) 

 
Num. of obs. 472 463  672 637  

 
Pseudo R2 0.3001 0.4189  0.3775 0.4937  

t+4 IE coefficient -3.6457*** -0.5818 3.0639*** -1.2254*** -0.2631 0.9623*** 

 
t-statistic (-4.23) (-0.93) (2.88) (-5.00) (-1.24) (2.97) 

 
Num. of obs. 470 460  635 560  

 
Pseudo R2 0.2963 0.4751  0.3125 0.4505  

t+5 IE coefficient -3.9119*** -0.4623 3.4496*** -1.3109*** -0.2846 1.0263*** 

 
t-statistic (-4.47) (-0.75) (3.22) (-4.76) (-1.28) (2.90) 

 
Num. of obs. 471 455  588 488  

 
Pseudo R2 0.2062 0.4456  0.2758 0.4327  

This table presents the ordered logit regression coefficients and two-sided t-statistics for the maximum samples of 2,519 
firm-year observations for Patent/RDC and 3,480 firm-year observations for Citations/RD from 1984-2011. We 
categorize firm-year observations into firms with low and high competition from current rivals, and then regress firms’ 
credit rating in year t + k onto IE and other control variables in year t for these two groups. Firm-level control variables 
are included in each regression model. We report t-statistics with standard errors clustered by industry and year. *, **, 
*** denote significance at less than 0.10, 0.05, and 0.01 level, respectively, all two-tailed. Product market competition 
from current rivals is based on a factor analysis of industry product market size, concentration ratio, and the number of 
firms in the industry (the PC1 measure, as per Li, 2010). Regressions control for industry fixed effects. 
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Table 11 

Innovative efficiency and future credit rating conditional on managers’ perceptions of product market competition as 
per 10-K filings 
 

  IE by number of patents IE by number of citations 

  

Low 
competition 

High 
competition 

High minus 
low comp. 

Low 
competition 

High 
competition 

High minus 
low comp. 

t+1 IE coefficient -0.1939 1.1015 1.2954* -0.2962 0.1453 0.3415 

 
t-statistic (-0.85) (1.50) (1.67) (-1.48) (0.57) (1.06) 

 
Num. of obs. 461 463  597 590  

 
Pseudo R2 0.5181 0.6319  0.6490 0.6512  

t+2 IE coefficient -0.8614** 0.7273 1.5887* -0.4692** -0.1788 0.2904 

 
t-statistic (-2.51) (0.96) (1.91) (-2.28) (-0.70) (0.89) 

 
Num. of obs. 451 460  585 588  

 
Pseudo R2 0.4730 0.4605  0.5115 0.4685  

t+3 IE coefficient -1.2304** 0.3701 1.6005 -0.6744*** -0.2819 0.3925 

 
t-statistic (-1.98) (0.47) (1.60) (-2.87) (-1.22) (1.19) 

 
Num. of obs. 438 447  570 567  

 
Pseudo R2 0.4339 0.3733  0.4301 0.3887  

t+4 IE coefficient -1.6889** -0.0241 1.6648 -0.7821*** -0.3805* 0.4016 

 
t-statistic (-2.41) (-0.03) (1.59) (-3.30) (-1.83) (1.28) 

 
Num. of obs. 426 431  555 544  

 
Pseudo R2 0.3926 0.2924  0.3905 0.3377  

t+5 IE coefficient -1.7143*** -0.0477 1.6666* -0.8786*** -0.4721** 0.4065 

 
t-statistic (-3.04) (-0.06) (1.65) (-3.38) (-2.23) (1.21) 

 
Num. of obs. 411 409  462 521  

 
Pseudo R2 0.3450 0.2996  0.3760 0.3020  

This table presents the ordered logit regression coefficients and two-sided t-statistics for the maximum samples of 2,519 
firm-year observations for Patent/RDC and 3,480 firm-year observations for Citations/RD from 1984-2011. We 
categorize firm-year observations into firms with low and high competition based on manager’s perception of 
competition per 10-K filings, and then regress firms’ credit rating in year t + k onto IE and other control variables in year 
t for these two groups. Firm-level control variables are included in each regression model. We report t-statistics with 
standard errors clustered by industry and year. *, **, *** denote significance at less than 0.10, 0.05, and 0.01 level, 
respectively, all two-tailed. Product market competition based on managers’ perceptions is the Li, Lundholm, and Minnis 
(2013) measure of product market competition based on the number of words relating to competition in the 10-K filing. 
Regressions control for industry fixed effects.  
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Table 12 

Innovative efficiency and the subsequent cost of debt conditional on managerial ability 
 

  IE by number of patents IE by number of citations 

  

Less able 
managers 

More able 
managers 

More 
minus less 

Less able 
managers 

More able 
managers 

More 
minus less 

t+1 IE coefficient 0.3626* -0.3945 -0.7570 0.1871 -0.6659* -0.8530* 

 
t-statistic (1.71) (-0.71) (-1.28) (0.77) (-1.70) (-1.85) 

 
Num. of obs. 408 407  500 499  

 
Pseudo R2 0.7235 0.6137  0.7154 0.5945  

t+2 IE coefficient -0.4384 -0.4548 -0.0164 0.1087 -1.0272*** -1.1359* 

 
t-statistic (-0.85) (-0.73) (-0.02) (0.33) (-1.99) (-1.84) 

 
Num. of obs. 375 394  459 478  

 
Pseudo R2 0.5959 0.4602  0.5701 0.4757  

t+3 IE coefficient -0.4022 -1.0147* -0.6125 -0.1483 -1.0032** -0.8549 

 
t-statistic (-0.81) (-1.78) (-0.81) (-0.35) (-1.95) (-1.28) 

 
Num. of obs. 360 355  415 416  

 
Pseudo R2 0.4946 0.3815  0.4826 0.4014  

t+4 IE coefficient -0.5287 -1.5655*** -1.0368 -0.5237 -1.6263** -1.1026 

 
t-statistic (-0.78) (-2.84) (-1.19) (-1.39) (-2.00) (-1.23) 

 
Num. of obs. 339 343  371 387  

 
Pseudo R2 0.4308 0.3217  0.4199 0.3270  

t+5 IE coefficient -0.9431 -2.0967*** -1.1536 -0.6487 -1.2588*** -0.6101 

 
t-statistic (-1.05) (-3.99) (-1.11) (-1.39) (-6.77) (-1.21) 

 
Num. of obs. 319 333  338 324  

 
Pseudo R2 0.3796 0.2803  0.3768 0.2847  

 
This table presents the ordered logit regression coefficients and two-sided t-statistics for the maximum samples of 2,519 
firm-year observations for Patent/RDC and 3,480 firm-year observations for Citations/RD from 1984–2011. We 
categorize firm-year observations into more able (third tercile) and less able (first tercile) managers based on the prior 
three year average of the Demerjian et al. (2012) measure and then regress firms’ credit rating in year t + k on IE and 
other control variables in year t for these two groups. Firm-level control variables are included in each regression model. 
We report t-statistics with standard errors clustered by industry and year. *, **, *** denote significance at the 0.10, 0.05, 
and 0.01 level, respectively, all two-tailed. Regressions control for industry fixed effects. 
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Table 13 

Two-stage least squares tests of innovative efficiency and future credit rating 
 

  

IE by number 
of patents 

Table 5 
coefficient  

IE by number 
of citations 

Table 5 
coefficient 

t+1 IE coefficient -0.8688 -0.4468** -0.1338 -0.1751*** 

 
t-statistic (-1.45)  (-0.94)  

 
Durbin-Wu Hausman Test (p-value) 0.3945  0.9472  

 
Diff. Coeff. Test (p-value) 0.2664  0.9722  

 Num. of obs. 2,518  3,475  

 
Pseudo R2 0.6365  0.6274  

t+2 IE coefficient -1.5064*** -0.8106*** -0.1237 -0.3358*** 

 
t-statistic (-2.69)  (-0.95)  

 
Durbin-Wu Hausman Test (p-value) 0.1702  0.3156  

 
Diff. Coeff. Test (p-value) 0.0972*  0.1863  

 Num. of obs. 2,342  3,253  

 
Pseudo R2 0.4791  0.4748  

t+3 IE coefficient -1.6827*** -1.1050*** -0.2067 -0.4741*** 

 
t-statistic (-2.99)  (-1.43)  

 
Durbin-Wu Hausman Test (p-value) 0.2220  0.3938  

 
Diff. Coeff. Test (p-value) 0.1335  0.2136  

 Num. of obs. 2,219  2,907  

 
Pseudo R2 0.3931  0.3900  

t+4 IE coefficient -1.6201*** -1.3346*** -0.2560* -0.5799*** 

 
t-statistic (-2.85)  (-1.65)  

 
Durbin-Wu Hausman Test (p-value) 0.4521  0.4236  

 
Diff. Coeff. Test (p-value) 0.3287  0.2212  

 Num. of obs. 2,128  2,613  

 
Pseudo R2 0.3341  0.3245  

t+5 IE coefficient -1.0674* -1.5075*** -0.1758 -0.5492*** 

 
t-statistic (-1.85)  (-1.05)  

 
Durbin-Wu Hausman Test (p-value) 0.7752  0.3065  

 
Diff. Coeff. Test (p-value) 0.8849  0.1760  

 Num. of obs. 2,020  2,292  

 
Pseudo R2 0.2896  0.2944  

This table summarizes the second-stage regressions of the relation between IE at t and Credit rating at t+k. In the first 
stage, we regress firm’s innovative efficiency on the two instrumental variables and all control variables. The results of 
the first-stage model are presented in the Appendix B. In the second stage, we re-run the main regression using 
predicted IE, which is based only on coefficients estimated from the first-stage regression, rather than actual IE. We 
report t-statistics with standard errors clustered by industry and year. *, **, *** denote significance at less than 0.10, 
0.05, and 0.01 level, respectively, all two-tailed. Regressions control for industry fixed effects. 
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Table 14 

Robustness Check: The effect of innovative efficiency on future credit rating by using as the denominator of IE the 
lagged coefficients for R&D expenditures between t-2 and t-6 years from a regression of patents or citations on lagged 
R&D for each of the 48 Fama-French industries. 
 

Dependent variable = Future Credit Rating 
Panel A: IE = Patents/RDC Ratingt+1 Ratingt+2 Ratingt+3 Ratingt+4 Ratingt+5 
Patents/RDC -0.0178 -0.0306*** -0.0325*** -0.0345*** -0.0348*** 

 
(-1.57) (-3.69) (-4.07) (-3.63) (-3.32) 

Credit Ratingt 3.1458*** 1.8764*** 1.3637*** 1.1145*** 0.9542*** 

 
(18.27) (15.12) (13.99) (14.73) (14.67) 

OCF -1.7089*** -1.0411 -0.2084 0.0798 -0.3426 

 
(-2.82) (-1.59) (-0.27) (0.10) (-0.57) 

STDROA 2.3442* 2.0508 0.9931 1.2043 0.8004 

 
(1.68) (0.93) (0.42) (0.47) (0.32) 

TIMES -0.0058*** -0.0066*** -0.0084*** -0.0085*** -0.0093*** 

 
(-3.00) (-3.24) (-4.55) (-4.06) (-4.36) 

RDEXP 0.0001 0.0000 0.0000 0.0001 0.0001 

 
(0.74) (0.44) (0.51) (0.88) (1.17) 

RETVOL 29.4472*** 28.4012*** 22.5879** 18.1012* 12.0655 

 
(3.97) (3.64) (2.44) (1.65) (0.97) 

BM 0.8189*** 0.9381*** 0.8098*** 0.6657*** 0.4961** 

 
(5.73) (5.72) (4.67) (3.92) (2.34) 

SIZE -0.1669*** -0.1951*** -0.2225** -0.2792*** -0.3318*** 

 
(-3.20) (-2.94) (-2.48) (-2.80) (-2.97) 

LEV 0.6336*** 0.5514 0.3007 0.0931 -0.1648 

 
(2.95) (1.29) (0.53) (0.15) (-0.25) 

Num. of obs. 2,699 2,579 2,472 2,365 2,272 
Pseudo R2 0.6567 0.4998 0.4058 0.3516 0.3121 
 
Panel B: IE = Citations/RD Ratingt+1 Ratingt+2 Ratingt+3 Ratingt+4 Ratingt+5 
Citations/RD -0.0041 -0.0079 -0.0172*** -0.0200*** -0.0171*** 
 (-0.48) (-1.07) (-2.94) (-4.86) (-4.92) 
Credit Ratingt 3.1089*** 1.9241*** 1.4060*** 1.1353*** 0.9664*** 
 (20.48) (16.22) (15.17) (14.92) (14.17) 
OCF -2.4043*** -1.6946*** -0.9512 -0.6454 -0.5580 
 (-3.97) (-2.77) (-1.46) (-0.89) (-0.81) 
STDROA 2.4092 2.9566* 3.9867** 4.3932** 4.0338* 
 (1.31) (1.76) (2.19) (2.18) (1.85) 
TIMES -0.0043*** -0.0048*** -0.0068*** -0.0080*** -0.0096*** 
 (-3.08) (-3.78) (-3.69) (-3.92) (-4.96) 
RDEXP 0.0000 0.0000 0.0000 0.0001 0.0001 
 (0.71) (0.41) (0.56) (0.73) (1.06) 
RETVOL 17.7389 6.9701 -1.0943 -2.2586 0.4815 
 (1.49) (0.56) (-0.10) (-0.21) (0.05) 
BM 0.7122*** 0.8470*** 0.8318*** 0.7659*** 0.6149*** 
 (4.12) (4.58) (4.53) (4.52) (3.76) 
SIZE -0.1650*** -0.1958*** -0.2435*** -0.2819*** -0.3230*** 
 (-3.65) (-4.17) (-4.24) (-3.92) (-3.48) 
LEV 1.3285*** 1.3471** 1.1872 0.7642 0.2200 
 (2.91) (2.33) (1.64) (0.90) (0.27) 
Num. of obs. 3,541 3,388 3,065 2,754 2,460 
Pseudo R2 0.6534 0.507 0.4193 0.3634 0.3225 

This table presents the ordered logit regression coefficients and two-sided t-values for the maximum samples of 2,699 
firm-year observations for Patent/RDC and 3,541 firm-year observations for Citations/RD from 1984-2011 by using as 
the denominator of IE the lagging coefficients on R&D expenditure between t-2 and t-6 years, which are 
separately estimated by Fama-French 48 industries. We regress firms’ credit rating for year t + k on IE and other 
control variables for year t. We report t-statistics in parentheses with standard errors clustered by industry and year. *, 
**, *** denote significance at less than 0.10, 0.05, and 0.01 level, respectively, all two-tailed. Table 2 states the 
definitions of the variables. Regressions control for industry fixed effects. 
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Table 15 

Robustness Check: The effect of innovative efficiency on future credit rating by using R&D+S&A expenditures as the 
denominator of IE 
  

Dependent variable = Future Credit Rating 
Panel A: IE = Patents/RDC Ratingt+1 Ratingt+2 Ratingt+3 Ratingt+4 Ratingt+5 
Patents/RDC -2.8114* -4.0912** -5.5411*** -6.3296*** -7.2137** 

 
(-1.78) (-2.55) (-3.39) (-2.70) (-2.53) 

Credit Ratingt 3.1854*** 1.9003*** 1.3610*** 1.1069*** 0.9239*** 

 
(19.82) (17.67) (16.33) (16.41) (14.89) 

OCF -1.1717* -0.5100 0.0703 0.3116 0.0941 

 
(-1.82) (-0.82) (0.10) (0.47) (0.17) 

STDROA 2.7563** 3.6139** 3.4982* 4.2219** 5.3382** 

 
(2.13) (2.11) (1.84) (2.06) (2.21) 

TIMES -0.0072*** -0.0081*** -0.0102*** -0.0106*** -0.0120*** 

 
(-3.62) (-3.96) (-5.70) (-4.83) (-5.07) 

RDEXP 0.0000 0.0000 0.0000 0.0000 0.0000 

 
(0.53) (-0.04) (-0.24) (0.01) (0.38) 

RETVOL 33.4070*** 26.3123*** 20.4423** 15.9151* 9.1540 

 
(4.75) (4.02) (2.51) (1.76) (0.87) 

BM 0.6551*** 0.8459*** 0.7337*** 0.5982*** 0.4859*** 

 
(5.94) (9.14) (5.36) (5.03) (3.15) 

SIZE -0.1205*** -0.1474*** -0.1722** -0.2245*** -0.2648*** 

 
(-2.70) (-2.99) (-2.48) (-2.88) (-2.96) 

LEV 0.7887*** 0.7992** 0.4228 0.1383 0.1717 

 
(4.18) (2.02) (0.82) (0.25) (0.27) 

Num. of obs. 3,405 3,251 3,110 2,971 2,855 
Pseudo R2 0.6564 0.4987 0.4014 0.3364 0.3033 
 
Panel B: IE = Citations/RD Ratingt+1 Ratingt+2 Ratingt+3 Ratingt+4 Ratingt+5 
Citations/RD -0.9946* -1.3865** -2.0857*** -2.6104*** -3.0158*** 
 (-1.75) (-2.05) (-2.58) (-3.09) (-3.68) 
Credit Ratingt 3.1038*** 1.8928*** 1.3796*** 1.1133*** 0.9334*** 
 (23.90) (17.71) (15.83) (14.82) (13.51) 
OCF -2.1570*** -1.4747*** -0.8876 -0.5459 -0.3465 
 (-3.65) (-2.57) (-1.59) (-0.97) (-0.67) 
STDROA 2.2948 3.0339 4.5828** 5.3493** 5.9333*** 
 (1.24) (1.52) (2.50) (2.47) (2.90) 
TIMES -0.0058*** -0.0062*** -0.0082*** -0.0097*** -0.0114*** 
 (-3.27) (-3.42) (-3.62) (-3.58) (-4.35) 
RDEXP 0.0000 0.0000 0.0000 0.0000 0.0000 
 (0.01) (-0.36) (-0.17) (-0.03) (0.20) 
RETVOL 16.6362 5.8898 -1.2871 -3.3162 1.7088 
 (1.42) (0.55) (-0.14) (-0.35) (0.19) 
BM 0.6503*** 0.7723*** 0.7926*** 0.6919*** 0.5949*** 
 (5.02) (5.91) (5.48) (4.85) (3.98) 
SIZE -0.1259*** -0.1589*** -0.2047*** -0.2278*** -0.2582*** 
 (-3.43) (-3.62) (-4.18) (-3.63) (-3.27) 
LEV 1.2185*** 1.4044*** 1.2882** 0.9332 0.6856 
 (3.06) (3.05) (2.26) (1.34) (1.02) 
Num. of obs. 4,605 4,395 4,000 3,604 3,224 
Pseudo R2 0.6493 0.4983 0.4103 0.3541 0.3122 

This table presents the ordered logit regression coefficients and two-sided t-values for the maximum samples of 3,405 
firm-year observations for Patent/RDC and 4,605 firm-year observations for Citations/RD from 1984-2011 by using 
R&D+SG&A expenditure as the denominator of the IE variable. We regress firms’ credit rating for year t + k on IE and 
other control variables for year t. We report t-statistics in parentheses with standard errors clustered by industry and 
year. *, **, *** denote significance at less than 0.10, 0.05, and 0.01 level, respectively, all two-tailed. Table 2 states the 
definitions of the variables. Regressions control for industry fixed effects. 
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Table 16 

Robustness Check: The effect of innovative efficiency on future credit rating by deleting sample years 2005 and 2006, 
and using truncation adjustment factors to compute IE. 
 

Dependent variable = Future Credit Rating 
Panel A: IE = Patents/RDC Ratingt+1 Ratingt+2 Ratingt+3 Ratingt+4 Ratingt+5 
Patents/RDC -0.3580** -0.6093*** -0.8068*** -0.9800*** -1.0213*** 

 
(-1.98) (-2.99) (-3.67) (-3.76) (-3.26) 

Credit Ratingt 3.1359 1.8870 1.3414 1.0828 0.9323 

 
(15.56) (12.78) (12.33) (13.83) (13.99) 

OCF -1.9597 -0.8112 0.0108 0.7915 0.2179 

 
(-2.64) (-0.98) (0.01) (0.97) (0.38) 

STDROA 2.4180 2.7101 1.9591 2.1949 1.3204 

 
(1.60) (1.24) (0.94) (0.97) (0.56) 

TIMES -0.0098 -0.0111 -0.0124 -0.0133 -0.0124 

 
(-3.66) (-5.23) (-5.02) (-5.20) (-3.78) 

RDEXP 0.0001 0.0001 0.0000 0.0001 0.0001 

 
(0.78) (0.65) (0.47) (0.65) (1.08) 

RETVOL 32.4657 33.0401 32.3029 24.7280 11.6528 

 
(4.34) (3.88) (3.32) (2.13) (0.85) 

BM 0.5758 0.8324 0.7532 0.6166 0.4087 

 
(5.03) (6.59) (4.98) (6.48) (2.27) 

SIZE -0.1683 -0.2054 -0.2707 -0.3333 -0.3714 

 
(-2.82) (-2.81) (-2.89) (-3.10) (-2.92) 

LEV 0.4823 0.5883 0.5303 0.2140 -0.1912 

 
(1.45) (1.06) (0.71) (0.27) (-0.24) 

Num. of obs. 2,264 2,161 2,068 1,983 1,909 
Pseudo R2 0.6557 0.5043 0.4105 0.3525 0.3089 
 
Panel B: IE = Citations/RD Ratingt+1 Ratingt+2 Ratingt+3 Ratingt+4 Ratingt+5 
Citations/RD -0.2418*** -0.3022*** -0.3496*** -0.3748*** -0.4442*** 
 (-3.57) (-3.50) (-3.34) (-2.90) (-3.15) 
Credit Ratingt 3.0865 1.8612 1.3892 1.1318 0.9555 
 (20.33) (16.73) (14.97) (14.95) (14.04) 
OCF -2.2229 -1.3515 -0.8260 -0.5402 -0.7148 
 (-3.26) (-1.75) (-1.03) (-0.68) (-1.09) 
STDROA 2.9090 3.8628 4.5969 4.7319 4.9748 
 (1.43) (2.03) (2.60) (2.38) (2.43) 
TIMES -0.0054 -0.0061 -0.0089 -0.0105 -0.0117 
 (-2.84) (-2.99) (-3.83) (-4.49) (-5.09) 
RDEXP 0.0001 0.0001 0.0001 0.0001 0.0001 
 (1.37) (0.84) (0.97) (0.79) (1.00) 
RETVOL 16.5465 5.6449 -0.5660 -0.7947 1.7746 
 (1.12) (0.41) (-0.05) (-0.08) (0.19) 
BM 0.5686 0.7007 0.6807 0.6467 0.5528 
 (2.83) (3.66) (3.65) (4.41) (3.93) 
SIZE -0.2379 -0.2512 -0.2933 -0.3229 -0.3902 
 (-4.89) (-4.69) (-3.99) (-3.74) (-3.48) 
LEV 1.1110 1.0486 0.7091 0.3673 -0.1346 
 (2.15) (1.69) (1.00) (0.45) (-0.17) 
Num. of obs. 2,850 2,827 2,614 2,521 2,245 
Pseudo R2 0.6499 0.495 0.4131 0.3605 0.3203 
 
This table presents the ordered logit regression coefficients and two-sided t-values for the maximum samples of 2,264 
firm-year observations for Patent/RDC and 2,850 firm-year observations for Citations/RD from 1984-2011 by deleting 
the citations from the last two sample years, 2005 and 2006, and by using the truncation-adjustment factors to compute 
the IE variables in Hall et al. (2001). We regress firms’ credit rating for year t + k on IE and other control variables for 
year t. We report t-statistics in parentheses with standard errors clustered by industry and year. *, **, *** denote 
significance at less than 0.10, 0.05, and 0.01 level, respectively, all two-tailed. Table 2 states the definitions of the 
variables. Regressions control for industry fixed effects. 


