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Abstract 

Financing R&D through loans is usually a costly endeavor. Information asymmetry, outcome 

uncertainty and low collateral value tend to increase the cost of debt. This study shows that 

recipients of public R&D grants, on average, face lower costs of debt. Immediate effects suggest 

that quality certification explains this observation. For younger ventures, however, certification 

is accompanied by short-term and longer-term liquidity effects. Short-term effects stem from 

grants for research. As outcome uncertainties and information asymmetries are particularly high 

for research, research grants may have a higher potential for reducing information opaqueness. 

In addition, longer-term liquidity effects point to grants facilitating young companies’ 

investments in R&D that advance project maturity.  
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1. Introduction 

Well-performing capital markets are essential to drive a region’s economic growth through 

facilitating investments in research and development (R&D) and innovation (see e.g., Levine, 

1997; de la Fuente and Marin, 1996; Levine, 2005). Frictions in financial markets hamper such 

investments, leading to slower technological progress (Aghion et al., 2005; Brown et al., 2009). 

The most prominent friction is the occurrence of information asymmetries between the 

investing company and external financiers regarding the quality, i.e. the expected returns of an 

R&D project (see e.g. Hall and Lerner, 2010, for a review). External financiers may therefore 

be reluctant to finance R&D projects, especially of companies that have little reputation, low 

collateral value, and a high overall risk of bankruptcy. Indeed, financing constraints have been 

shown to be most binding for small and young companies (Himmelberg and Petersen, 1994; 

Carpenter and Petersen, 2002; Müller and Zimmerman, 2009; Czarnitzki and Hottenrott, 2011a) 

or those pursuing radical innovation strategies (Czarnitzki and Hottenrott, 2011b).  

Compared to banks, venture capitalists are typically better equipped to overcome asymmetric 

information problems by specializing in certain sectors, by carefully screening and monitoring 

the investment, and by offering expertise to the new venture (Tyebjee and Bruno, 1984; Hall 

and Hofer, 1993; Shepherd et al., 2000; Gompers and Lerner, 2001; Baum and Silverman, 

2004). However, venture capital is usually not the most common form of financing innovative 

projects, particularly in Europe (Bottazzi and Da Rin, 2002; Hall and Lerner, 2010). On the one 

hand, venture capital tends to target start-ups in a selected, but limited number of sectors. On 

the other hand, it entails equity-type investments and most often the involvement of the venture 

capitalist in business activities, which not all owners appreciate. In fact, in continental Europe, 

the financial market is generally ‘bank-based’ rather than ‘market-oriented’ (Degryse and Van 

Cayseele, 2000; Vermoesen et al., 2013). This stresses the role of banks in financing innovation 

activities and the challenge firms face to overcome information asymmetries. Also in the US, 
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debt provided by banks is a relevant source of financing (Berger and Udell, 1998; Robb and 

Robinson, 2014), also for the financing of innovation investments (Kerr and Nanda, 2014).  

One way of directly addressing market failures which lead to financing constraints for 

innovation are public subsidy programs that provide R&D grants (see e.g. Klette et al., 2000). 

The impact of such grants on innovation investments has been subject to a large stream of 

studies which generally find that recipients invest higher amounts in R&D compared to non-

recipients even when the selection into these support programs is accounted for (see David et 

al., 2000; Zúñiga-Vicente et al., 2014; and Becker, 2015 for reviews of the literature). The 

structural mechanisms through which such additional investments become feasible, however, 

have received much less attention.  

In this study, we investigate whether and to what extent grant recipients’ improved access to 

bank financing constitutes a form of behavioral additionality which contributes to the observed 

input and output additionality. The following analysis thereby contributes to previous work on 

R&D grants and financing of innovation in at least two major ways. First, we investigate the 

impact of the grant on the access to external financing in the form of bank loans and in particular 

the cost of debt. Although previous studies suggested that obtaining government support for 

R&D increases the firm’s access to external sources of financing (Lerner, 1999; Feldman and 

Kelley, 2006; Meuleman and De Maeseneire, 2012; Howell 2016), the impact on cost of debt 

remains little explored. Second, this study makes use of information on the type of subsidized 

project (i.e. research versus development) and dynamic panel model specifications to 

differentiate short-term liquidity and certification effects from longer-term effects that 

materialize through investments in R&D that advance project maturity and reduce uncertainty. 

The analysis is based on a unique, comprehensive dataset of R&D grants (as well as rejected 

applications) and a large control group of non-subsidized companies located in the Belgian 
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region of Flanders. The sample comprises companies at different stages of maturity and active 

in a variety of sectors.  

In different panel model specifications as well as in instrumental variables and matching models 

that account for the endogeneity of the grant receipt, we find that a grant receipt is indeed 

associated with lower cost of debt. Short-term effects suggest that a certification mechanism 

explains the lower average cost of debt. For young ventures, certification is, however, 

accompanied by a liquidity effect. Moreover, they benefit from grants for research projects, 

which is the type of activity that typically suffers more from financing constraints compared to 

product or process development projects (Czarnitzki et al., 2011). In addition, we find some 

evidence for the existence of longer-term effects for younger companies stemming from 

receiving larger grants relative to their collateral. These effects suggest that grants facilitate 

investments that advance project maturity and thereby provide tangible outcomes informing 

lenders on R&D quality. 

The paper proceeds as follows. The next section reviews relevant previous research on which 

our research design is grounded. Section 3 presents the data and methodology for the empirical 

analysis. Section 4 presents the results and section 5 concludes. 

   

2. The effects from an R&D grant receipt on external financing 

Governments typically address potential underinvestment in innovation by setting up public 

support programs such as R&D subsidy schemes and scholars have argued that the design of 

these policy instruments is crucial (Borrás and Edquist, 2013). Such programs, especially 

selective ones, i.e., grant application-based and targeted schemes, have been shown to trigger 
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additional investments in the recipient firms, although some studies also find mixed or no 

evidence for the successfulness of R&D subsidies1.  

R&D grants usually work as co-funding schemes in which the funding agency takes over part 

of the proposed project cost. The share in total project costs covered by the agency is the subsidy 

rate (Hottenrott et al., 2014; Takalo et al., 2013a; Takalo et al., 2013b). Such schemes are 

usually designed to increase private investments by compensating the investing company for 

the social returns to the investment.  

Takalo and Tanayama (2010) argue that, in principle, R&D subsidies can reduce financing 

constraints and thereby facilitating higher levels of R&D in two ways. First, grants lower the 

required amount of internal and external financing the company needs to provide itself. R&D 

subsidies can therefore stimulate private R&D investment by enabling firms to finance a smaller 

part of their projects with debt capital (Czarnitzki, 2006). In addition, the lower need for 

external funding reduces the overall cost of financing R&D because the cost of debt typically 

declines with a decreasing total level of debt (see e.g. Pittman and Fortin, 2004). Smaller 

requested loans may further have a higher approval probability and may come at lower interest 

rates. Moreover, this immediate ‘liquidity effect’ is accompanied by an actual cash shock and 

by the possibility that these additional resources may reduce default risk, making lenders more 

willing to provide a loan.  

Second, the receipt of an R&D subsidy can provide an “informative signal to the market-based 

financiers” (Takalo and Tanayama, 2010, p. 18). Participation in government-sponsored 

support programs can signal qualitative information to investors, hereby reducing their 

screening costs related to evaluating the company or project (Narayanan et al., 2000). Such 

                                                           
1 De Blasio et al. (2015) find no evidence for the effectiveness of an Italian subsidy program. Bronzini and Iachini 
(2014) and Hottenrott and Lopes-Bento (2014) show that the impact of the public support for R&D is 
heterogeneous among firms of different sizes in Italy and Flanders, respectively. Clausen (2009) and Hottenrott et 
al. (2014) show that grants are more effective at the research stage of the R&D process (see David et al., 2000; 
Zúñiga-Vicente et al., 2014; and Becker, 2015 for more extensive reviews of the literature). 
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quality certification may then help companies investing in R&D by facilitating access to 

external financing (Feldman and Kelley, 2006; Kleer, 2010). Similar to a job market signal as 

first discussed by Spence (1973), an R&D grant receipt may provide an observable signal that 

serves to alleviate information problems. This mechanism may work for both institutional 

investors and banks as disclosure more generally alleviates information problems and can lower 

the cost of debt (Diamond and Verrecchia, 1991; Sengupta, 1998; Francis et al., 2005a). 

For certification to work, however, the signaling device must be difficult or costly to obtain and 

must be easily observed and verified by outsiders (Spence, 1973), as it has been argued in the 

case of patents (see e.g. Long, 2002; Hottenrott et al. 2015). Selective2 R&D subsidies from a 

reputable government agency may meet the conditions for effective certification. Their 

properties distinguish public R&D grants from R&D tax credits or other non-selective policy 

tools. Only credible quality screening of grant applications by expert panels provides an ex-

ante assessment of complex project characteristics and company properties that are otherwise 

difficult or costly for banks to evaluate. This points to the relevance of ‘selective’ support 

schemes as opposed to ‘automatic’ schemes like tax credits (e.g. Colombo et al., 2011; Grilli 

and Murtinu, 2012) for certification to materialize.  

Previous research provided some support for the certification hypothesis. Lerner (1999), for 

example, shows that high-tech ventures that received a government grant as part of the US 

Small Business Innovation Research (SBIR) program are better able to attract external 

financing from venture capitalists. He suggests that this is because the subsidy can certify the 

otherwise hard-to-observe quality of the awardees to investors. Feldman and Kelley (2006) also 

illustrate that participants of the US Advanced Technology Program attract more financing from 

                                                           
2 See Colombo et al. (2011) for a definition of a ‘selective subsidy’: “A selective scheme provides financial support 

to selected applicants. Applicants compete for receiving a subsidy and their projects are judged by committees 

formed by experts.” 
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all other external funding sources compared to non-subsidized firms. They argue this is because 

a government R&D subsidy assigns a ‘halo effect’ to the recipients, which raises financing 

opportunities from other fund providers. Banks’ lending decisions are, however, different from 

investment decisions by venture capitalists. Banks typically have no upward, but only a 

downward potential in terms of returns. This means they consider the risk of loan default, but 

not the profitability of the company, while venture capitalists will do both. Venture capitalists 

may also be overall better informed than banks from a technology side making signals more 

valuable for bank lending. In line with these considerations, Meuleman and De Maeseneire 

(2012) show that firms that received an R&D subsidy within the SME-scheme from the 

Ministry of Technology in the Belgian region of Flanders increased their long-term debt 

financing following the subsidy award.  

Both certification and liquidity effects should occur soon after the grant receipt because the 

quality signal is independent of actual outcomes and the liquidity effect materializes when the 

proposal acceptance letter from the agency arrives. However, previous studies did not explore 

the time it takes for the effects to materialize. A notable exception is the analysis of the US 

Department of Energy’s SBIR grants by Howell (2016). She suggests that the positive impact 

of the initial grant receipt on access to venture capital funding stems from the financing of 

prototyping activities rather than certification. In Howell’s study, the effects on venture capital 

occur with some delay during which the start-up invests in ‘proof-of-concept’ work that 

provides tangible results that make venture capitalists more willing to invest. Such longer-term 

effects may materialize through financing activities that would otherwise have remained 

unfunded, and by raising the project maturity through facilitating initial investments.  

In the context of bank financing a similar argument can be made. Loans requested at later stages 

of an R&D project maturity may allow a lower interest rate because of reduced uncertainty and 

more tangible outcomes that better inform lenders about the R&D objectives and success 



8 
 

probability. However, in the case of SBIR grants to start-up companies, as studied by Howell 

(2016), the grant provides initial financial resources that fund prototyping activities that then 

ease access to further financing. In “co-funding schemes”, on the contrary, the grant does not 

cover the full project cost and requires own investments to begin with. The extent to which 

“prototyping effects” materialize may therefore depend on the type of targeted firms in the 

funding scheme, the design of the scheme as well as the administration and operationalization 

of the scheme through the funding body.  

Finally, young ventures or less R&D-experienced companies may benefit from the application 

process in additional ways. Both in continental Europe (Achleitner et al., 2011) as well as in 

the US (Robb and Robinson, 2014) young ventures rely on debt financing. Being prepared when 

seeking funding from external financiers, especially when these are not specialized in the 

business area of the applicant, is therefore essential (see e.g. Cardon et al., 2009; Pollack et al., 

2012).3  In fact, going through the preparation phase for a grant application may provide 

‘learning effects’ making particularly inexperienced loan applicants more successful, even 

when the subsidy does not get granted in the end. While there is no empirical evidence for such 

an effect, an interview with the head of general credit management at a large Belgian bank 

indeed pointed to such a mechanism: “Firms that have gone through the subsidy application 

process did their homework and are better prepared to respond to the critical questions posed 

by the bank when applying for a loan.” Obviously, the argument extends to other sources of 

external financing, but the often unspecialized nature of local banks may make such preparation 

particularly useful for loan applications.  

                                                           
3 The main way in which this preparation is usually fulfilled is by developing a business plan that helps to convince 
investors and thus to increase the firm’s access to external financing. Chen et al. (2009) argue that the 
‘preparedness’ of the entrepreneur when presenting a business plan is salient in influencing the venture capitalists’ 
decision for providing financing. Moreover, Rasmussen et al. (2011) suggest that the ability to identify an 
opportunity and translate it into a clear and feasible “business concept” is pivotal for access to key resources such 
as financing. 
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The following analysis sets out to test for a possible relationship between selective, co-funded, 

grant-based R&D subsidies provided through a single agency and companies’ cost of debt. 

Information on the type of subsidized project and different time lags between the subsidy receipt 

and interest payments are explored to differentiate short-term effects from the impact of grants 

over time. Information on rejected applications will be used to test for learning effects through 

the application process that may have an impact of cost of debt even when the grant has not 

been awarded.   

 

3. Data and method 

3.1 Data 

3.1.1 R&D subsidies in Flanders 

We combine four data sources into a unique database in order to investigate the effects of R&D 

grants on firms’ cost of debt. First, detailed information on all R&D subsidy applications, 

including granted as well as rejected proposals, is provided by IWT’s (the Flemish agency for 

Innovation by Science and Technology) ICAROS database. IWT is the main institute for 

offering financial support for R&D and innovation in Flanders and has a strong reputation 

regarding R&D project evaluation. Applicants for an R&D subsidy at IWT have to go through 

a peer review process before a granting decision is made. Each applicant (or consortium) is 

required to submit a detailed description of the R&D project, a plan explaining how it will 

account for the risks, and carefully describe expectations such as the commercialization 

potential of the project, the financial feasibility, and the potential benefits for the region. An 

expert panel, consisting of internal and external referees, executes the evaluation of the project 

proposal, paying particular attention to the economic valorization potential of the project. The 

complete funding data covers virtually all applications that were submitted from 1999 to 2011. 
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Next to the applicant information, the subsidy amount, the total projects costs and, hence the 

subsidy rate, the funding data contain information on the start and end date, i.e., the duration of 

the project, and the specific scheme under which the project was submitted. Firms can apply 

for different schemes within the R&D program that distinguish research projects from 

experimental product or process development and projects that involve both research and 

development. The grant-based nature of the policy is similar to the one in Germany, the 

Netherlands, Norway and other Western European countries (OECD, 2014).  

The region of Flanders, located in the north of Belgium, is particularly suitable for the proposed 

analysis because of two main reasons. First, it has an advantageous geographical location in 

Northwest Europe and is one of the most densely populated areas in Europe with a large share 

of the European Union’s purchasing power located within a short distance (mainly Germany, 

U.K., France, and The Netherlands). This makes the region attractive for foreign direct 

investment as well as for domestic entrepreneurs. Second, Flanders commits itself to fostering 

regional technological innovation through public R&D support in the business sector. The fact 

that only until 1989, subsidies for innovation projects had been managed at the federal level 

and that there is only a single policy agency in charge of administering these grants4 provides 

the opportunity to study the population of R&D grants awarded to firms in that region using 

administrative data.   

Table 1 presents an overview of the granted and rejected R&D subsidy applications. The total 

number of R&D grants throughout the period under study amounts to 4,766. About one quarter 

of all subsidy applications was rejected during the 13 years considered, resulting in an overall 

grant rate of 75.4%. The number of granted R&D subsidies and also the number of denied 

applications peaked in the post-financial crisis years 2009 and 2010. While the rejection 

                                                           

4 See Czarnitzki and Hottenrott (2009) for more details on the evolution of Flemish innovation policy. 
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probability seems relatively low, it does not imply that the quality standards are low. Companies 

typically know that it is very time-consuming to apply for subsidies at IWT. Therefore, they 

may refrain from applying when they judge the expected returns to be lower than the cost of 

the subsidy application. 

In the sample of applicants, the average application count amounts to 1.3 in a certain year. The 

total count of research grants amounts to 1,832 (38.4%) whereas the total count of grants for 

mixed R&D or development equals 2934 (61.6%). The different schemes vary in their subsidy 

rate. Due to the potentially higher social returns and spillover effects, research projects tend to 

be co-funded by the agency with a larger share (56.0% on average), while development and 

mixed projects have an average subsidy rate of 41.8%.  The overall subsidy rate is 46.4%. 

--- Insert Table 1 --- 

3.1.2 R&D investment and company characteristics 

We obtain information on the firms’ overall R&D and innovation activities from the Flemish 

part of the OECD R&D surveys.5 We match the ICAROS subsidy database with the R&D 

surveys based on the firms’ unique tax numbers. In addition, the R&D surveys cover the vast 

majority of potentially R&D-active firms in Flanders, which provides us with a large control 

group of companies that did not apply for R&D subsidies.   

In addition, the BELFIRST database assembled by Bureau van Dijk provides financial and 

accounting information of all firms in our sample, which we can also merge using tax numbers. 

Based on company names and addresses, we further collect firms’ granted patents from the 

PATSTAT database provided by the European Patent Office.   

                                                           
5 The Flemish R&D survey is conducted every two years according to the Frascati-Manual (OECD, 2002). 
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Due to the entry and exit and the non-compulsory nature of the R&D surveys, the resulting 

panel structure is unbalanced. Therefore, we require each company to be observed at least twice 

in the sample period in order to estimate meaningful panel data models. After the elimination 

of incomplete records and outliers, the final dataset comprises 5,583 observations from 1,628 

different firms, covering the period 2000–2012.6 The final sample employed in this study 

consists of firms at different stages of maturity and active in different sectors. Table A.1 in the 

appendix presents the subsidy information per year for this final sample. Table A.2 shows the 

industry distribution according to NACE (rev. 2)7. 

 

3.2 Variables 

Debt financing  

The main outcome variable of interest is the firm’s average cost of debt. However, we employ 

multiple versions of it to test the sensitivity of the results to measurement. The first indicator is 

computed by dividing interest paid8 in year t by the average amount of total assets in t and t-1 

([interest/average total assets]t). The reason for scaling by the average of total assets in t and 

t-1 is that total assets on the balance sheet indicates the situation at the end of the year, whereas 

interest is paid on outstanding debt throughout the year. Normalizing interest paid by total assets 

allows us to scale the interest cost and the debt ratio by the same measure. This results in a 

comparable measure of debt charges across firms, irrespective of their debt levels, and indicates 

how much interest the company pays per asset employed. 

                                                           
6 This period starts 1 year after the aforementioned time period of 1999–2011 covering the subsidy information as 
a 1-year lag of the subsidy variables is used as main independent variable in the analyses. 
7 NACE refers to the statistical classification of economic activities in the European Community, abbreviated as 
NACE in the European Union (EU). The term NACE is derived from the French Nomenclature statistique des 

activités économiques dans la Communauté européenne. Various NACE versions have been developed since 1970. 
Revision 2 is the most recent classification.  
8 The account ‘Costs of debt’ is part of the section on ‘Financial Costs’ of the firms’ annual account. 
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The second indicator for cost of debt is measured through scaling the interest paid by the 

average debt levels9 in year t and year t-1 ([interest/average debt]t), a measure for cost of debt 

that is often used in the finance and accounting literature (see e.g. Pittman and Fortin, 2004; 

Francis et al., 2005b). The third measure is the natural logarithm of the absolute amount of 

interest paid in year t (ln[interest]t). The advantage of additionally considering this measure is 

that it will reveal whether results are driven by changes in the denominator of the two previous 

indicators instead of real changes in the interest cost. Finally, as a measure of use of loans or 

access to debt financing employed in the robustness tests, we derive a binary variable indicating 

whether the company increased its total debt in year t compared to the previous year (change 

in debtt)10. 

 

R&D subsidy indicators 

From the detailed subsidy information, we derive a variety of subsidy indicators. We employ 

different indicators in the analysis to avoid the possibility that effects are due to a specific 

measurement of the subsidy receipt. All subsidy variables are constructed by assigning the 

amount entirely to the year in which the government agency awarded the subsidy. The first 

variable is the R&D subsidy rate, i.e. the share in the total R&D project borne by the funding 

agency (subsidy ratet-1). We can differentiate between the rates of the two main types of 

subsidies: research subsidies (research subsidy ratet-1) and subsidies for mixed R&D or 

development projects (development subsidy ratet-1). In the base model, we employ a one-year 

lag in addition to the contemporaneous rate (subsidy ratet) and past values (average subsidy 

rate(t-2)-(t-4), which is the average subsidy rate of the three years before the period t-1)11 of these 

                                                           
9 The level of debt in all variables containing this measure is computed by taking the sum of the following three 
accounts appearing on the firms’ balance sheet: ‘Debts payable after 1 year’, ‘Current portion of debts after one 
year’, and ‘Financial debts’. 
10 See footnote 9 regarding the definition of total debt. The variable (change in debt)t equals 1 when the sum of 
these debt variables is larger in year t than in year t-1. 
11 Past subsidy indicators are grouped to reduce the risk of multicollinearity problems. 
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variables to capture different time lags and test for the persistency of the subsidy effect over 

time.  

In a set of additional tests, discussed in more detail in subsection 3.4.3, we make use of a simple 

binary variable indicating whether the company received at least one R&D subsidy ([subsidy 

dummyt-1] and [subsidy dummy(t-2)-(t-4)]) and include the total subsidy amount scaled by total 

assets ([subsidy amount/total assets]t-1 and [(average subsidy amount(t-2)-(t-4)/(total assets)t-1]). 

A further subsidy-related independent variable refers to the number of rejected subsidy 

applications in the past 4 years (rejected countt-(t-4)). 

 

Control variables 

The amount of R&D investment gives an indication of the overall funding requirements for 

R&D in year t. In addition, this variable controls for risky, longer-term investments that 

typically face a higher capital cost compared to other types of investment. As the distribution 

of R&D expenditures across firms is highly skewed, we scale it by the total number of 

employees ([R&D expenditures per empl]t). The patent stock12 serves as a proxy for past R&D 

success ([patent stock]t-1), and it controls for other signaling mechanisms that have been shown 

to matter in the context of R&D financing (see e.g. Hottenrott et al., 2015) and patents’ role as 

collateral when accessing bank financing (Fischer and Ringler, 2014; Hochberg et al., 2014). 

Following Pittman and Fortin (2004), a set of company characteristics is added to the model as 

a proxy for credit risk. The first three of these variables relate to financial distress (see e.g. 

Wruck, 1990; Boissay, 2006). The ratio of cash flow over total assets in year t-1 allows us to 

account for past performance, as well as for the presence of internal funds ([cashflow/total 

assets]t-1). In addition, the extent to which current assets cover total assets is an indicator of 

                                                           
12 A depreciation rate of 15% is assumed (see Griliches and Mairesse, 1984).  
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liquidity ([liquidity]t). We also account for leverage by including the average level of debt in 

years t and t-1, scaled by total assets ([average debt/total assets]t). 

Other firm-level control variables capture size effects (ln[empl]t), non-linearities (ln[empl2]t) 

in these effects, and age ([age]t). Furthermore, indicators for asset structure are tangible assets 

and intangible assets ([tangible assets/total assets]t-1 and [intangible assets/total assets]t-1). 

Whereas tangible assets point to the presence of collateral which reassures banks in case of 

default and therefore lowers risk, intangible assets relate to a more risky type of assets where 

the size of the value is less clear. We model current R&D levels, current liquidity and 

contemporaneous company size to matter for the banks’ loan granting processes, while other 

indicators such as past performance and patent stock as proxy for past R&D outcomes, are 

lagged. Year dummies are included to capture business cycle effects that may affect both the 

access to debt as well as the cost of debt. Industry dummies based on the firms’ main activity 

capture sector-specific differences.  

 

3.3 Sample characteristics 

The final dataset consists of 5583 company-year observations referring to 1628 different 

companies. In terms of applications (note that a company can file several application and firms 

may file applications in a consortium), the final sample covers 741 subsidy applications at the 

government agency which resulted in 637 grants, consisting of 154 research grants and 483 

grants for mixed R&D or development, and 104 rejected applications.13 

Table 2 shows the descriptive statistics of the full sample and non-subsidized versus subsidized 

firms separately14. The mean debt charges are approximately 1.2% of total assets; debt charges 

                                                           
13 Figure A.1 in the appendix illustrates the sample composition and subsidy numbers schematically.  
14 Subsidized firms are those that have been subsidized at least once in the last 5 years (i.e. in the period of years 
t-4 to t). Non-subsidized firms are firms that have not been subsidized in this period. 
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scaled by average debt amount to 4.1%, on average; and about 37.0% of the observations 

increased their debt level relative to the previous year. Firms in the sample spend, on average, 

€5,165 per employee on R&D per year. The mean patent stock equals 1.14 and about 352 (i.e., 

21.6% of all) firms have an average patent stock that is larger than zero in the period under 

study. Regarding the financial indicators, the firm’s average cash flow amounts to 9.3% of its 

total assets, current assets cover typically 65.4% of total assets, and the ratio of average debt 

over total assets is equal to 24.8%. The average age is 30 years (the median equals 24) and the 

mean size amounts to 227 employees (the median is about 80). Hence, the sample mainly 

consists of SMEs. Further, the average ratios of tangible assets and intangible assets over total 

assets amount to 21.8% and 1.4% respectively. The last column of Table 2 shows the two-

sample t-tests for comparing the means between the sample of non-subsidized and subsidized 

companies.15 

--- Insert Table 2 --- 

3.4 Identification strategy 

3.4.1 Econometric method 

The panel structure of our data allows the implementation of regression models that account for 

time-constant unobserved heterogeneity through firm-specific effects. Random effects Tobit 

models are implemented due to left-censoring of the different versions of the dependent 

variable.16, 17  

In addition, we address the potential endogeneity of the subsidy receipt through employing 

instrumental variables (IV) models. Typically, the downside of this method is that it requires 

                                                           
15 Table A.3 in the appendix presents the correlations between the variables. 
16 The sample contains 960 left-censored observations for which interest paid equals 0. 
17 We estimate random effects models because the fixed effects estimator cannot be used for Tobit regressions due 
to inconsistency of the maximum likelihood estimator (see e.g. Cameron and Trivedi, 2005). In the robustness 
tests section, however, it is tested whether the results hold when adding the within means of the time-varying 
covariates to relax the assumption that the explanatory variables must be uncorrelated with the firm-specific effect. 
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theoretically valid and statistically strong instruments, a requirement that is challenging when 

there are multiple, conceptually related endogenous covariates in the same regression. The bias 

in the case of weak instruments can be severe. Further, if lagged values of the endogenous 

variables are added to the regressions for conceptual reasons, these cannot be used as 

instruments. 

Addressing these problems with IV models, Lewbel (2012) presents a novel way to obtain 

identification in regression models facing problems of endogeneity or mismeasurement. His 

approach enables the identification of endogenous regressors when traditional instruments that 

are based on standard exclusion restrictions are not available or tend to be weak. Specifically, 

his approach relies on instruments generated based on heteroscedasticity in the errors. 

“Identification is achieved in this context by having regressors that are uncorrelated with the 

product of heteroskedastic errors, which is a feature of  many models where error correlations 

are due to an unobserved common factor.” (see Lewbel [2012] for a detailed description of the 

method). Several studies have used this method as a way to account for the possible endogeneity 

that was present in their econometric model (see e.g. Huang et al., 2009; Emran and Hou, 2013; 

Bezemer et al., 2014; Schlueter et al., 2015). These studies have also shown that the results tend 

to be similar to the results for traditional instrumental variables regressions that make use of the 

standard exclusion restrictions (see e.g. Emran and Hou, 2013; Bezemer et al., 2014). We 

implement this method in addition to the random effects Tobit regressions. Moreover, we test 

the robustness of the estimation results to results from propensity score matching that has the 

advantage not to rely on instruments. We further test the robustness of the Tobit models to the 

inclusion of within sample means of the explanatory variables, as well as the robustness of the 

IV model results to inclusion of traditional IVs in addition to the heteroscedasticity-based ones 

(see section 4.4 for more details regarding these methods).  

3.4.2 Base model specification 
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Cost of debt in company �  is estimated as a function of subsidy application indicators, 

innovation-related measures, financial indicators, age and size controls, measures related to the 

composition of the asset structure, and sector and business cycle effects. The general model can 

be written as follows:  

����	��	�	
�� 	= 		 +	���	 +	���	 +	���	 +	����	 +	����	 + ����	 +	�� 	+ 	��. (1) 

The vector � consists of the subsidy application indicators: variables referring to the subsidy 

receipt ([subsidy rate]t , [subsidy rate]t-1 and [avg. subsidy rate](t-2)-(t-4)) and a variable 

indicating the number of rejected applications company � had since four years before year t 

(rejected countt-(t-4)): 

�� = �����
��� 	!"�	#�,% + �&���
��� 	!"�	#�,%'� 

   (2) 

 +	�(�")*. ��
��� 	!"�	#�,�%'&#'�%',# + 	-�!	.	��	�	���/�#�,%'�%',#. 

The vector � in equation (1) comprises innovation-related measures such as the relative amount 

of R&D expenditures (R&D expenditures per emplt) and the patent stock (patent stockt-1). � 

consists of financial indicators that also relate to the risk of default such as past performance 

([cashflow/total assets]t-1), liquidity (liquidityt) and leverage ([average debt/total assets]t). �� 

contains age (aget) and size controls (ln[empl]t and ln[empl2]t). Next, ��  refers to the 

composition of the firms’ asset structure ([tangible assets/total assets]t-1 and [intangible 

assets/total assets]t-1). �� comprises the set of sector and year dummies. Further, �, �, �, �, � 

and � represent vectors of parameters to be estimated. Finally, parameter � is the error term, 

and � captures the time-constant firm-specific effect. The parameter  is the constant. 

A priori, one would expect either ��, �&, �(, or a combination of these (in equation 2) to be 

negative in the presence of the effects described above. Immediate effects due to the liquidity 

shock or certification should materialize without a long time delay resulting in a negative �� or 
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�&. Effects that materialize with delay stemming from longer-term liquidity effects through, for 

instance, investments that raise the project’s maturity such as prototyping should be reflected 

in a negative �(. A negative and significant parameter - may indicate learning effects that occur 

even through unsuccessful applications. As such the negative signal following from a rejected 

application is typically not observed by the bank which should, in principle, rule out the 

possibility of adverse effects of the rejection by itself (Meuleman and De Maeseneire, 2012). 

The inclusion of the rejected application variable, however, also captures a firm’s effort to get 

a grant even if the application was not successful thus possibly reflecting financing constrains 

for R&D.  

3.4.3 Short-term effects: Certification or liquidity effect? 

If receiving a subsidy has an impact on cost of debt due to certification, this is likely to be 

observed near the grant decision of the subsidy. To identify to what extent the liquidity effect 

interferes with this immediate impact from certification, the vector ��  of equation (1) is 

extended and adjusted into: 

�� = �,���
��� 	��00 #�,%'� 	+	�1���
��� 	��00 #�,�%'&#'�%',# +     

(3) 
 �2 34564�78	9:;5<%

%;%9=	944>%4 ?
�,%'�

+	�@ 39AB.		4564�78	9:;5<%�CDE#D�CDF#
%;%9=	944>%4CDG 	? +  

 -�!	.	��	�	���/�#�,%'�%',#. 

In other words, the relative subsidy amounts are added to the equation. In line with previous 

studies (see e.g. Meuleman and De Maeseneire, 2012), we add the subsidy amount scaled by 

total assets ([subsidy amount/total assets]t-1 and [(avg. subsidy amount(t-2)-(t-4))/(total assets)t-1]) 

on top of the subsidy receipt variables ([subsidy dummy]t-1 and [subsidy dummy](t-2)-(t-4)). As 

also pointed out by Howell (2016), one would expect a larger subsidy to have the same impact 

compared to a smaller subsidy in case an R&D grant leads to certification because grant size 

reflects project size rather than conferring additional information on project quality. The 
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parameters to be estimated are �, to �@ and - (equation 3). The prominence of the certification 

effect is then identified by the subsidy dummy variable.  

On the other hand, the larger the subsidy amount relative to the firm’s asset base, the more 

relevant it should be for a bank’s lending decision if liquidity rather than certification matters. 

The potential influence of a liquidity effect should therefore be reflected in a significant and 

negative impact of the relative subsidy amount �2	(and/or �@ in case longer-term effects). Note 

that these effects can occur next to the possible negative impact of the subsidy receipt as such, 

i.e. �,. However, it must be noted that only observing an impact stemming from the binary 

variable does not necessarily mean that there is no liquidity effect at all. Likewise, influences 

by the subsidy amounts can also capture a certification effect to some extent, especially because 

receiving larger amounts may be a quality signal as well and strengthen a firm’s reputation. 

Nevertheless, the test can give an indication of which effect seems to be most influencing.  

Moreover, if there are indeed effects of R&D subsidies on cost of debt, we would expect them 

to be stronger for young, inexperienced, and less-established firms that do not yet have a sound 

reputation or strong relationships with their bank (see e.g. Meuleman and De Maeseneire, 

2012). Information asymmetries are typically higher for younger companies (see e.g. Hyytinen 

and Pajarinen, 2008), and age and size have been shown to be good predictors of financing 

constraints (Hadlock and Pierce, 2010). Since especially younger ventures tend to be cash-

constrained, effects stemming from an increase in liquidity should be stronger for this group of 

firms. To test whether maturity moderates the effect of the subsidy, we interact each of the 

variables in equation 3 with a binary variable indicating whether the company belongs to the 

youngest 50% in the sample. 
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3.4.4 Subsidy type and cost of debt 

Certification and liquidity effects can be expected to be of higher importance for activities with 

higher levels of information opaqueness (see e.g., Meuleman and De Maeseneire, 2012), which 

is typically the case for younger ventures, and research activities that are more explorative 

relative to development. Making use of the classification of grants by the nature of the funded 

project (research versus mixed R&D and development), we can refine the tests described above 

such that:  

�� = H�I
J

IKL
���
��� 	!"�		M	!	��ℎ	0	#�,% 		+ 

(4) 
 

H �I
��

IK�O
���
��� 	!"�		M	!	��ℎ	0	#�,%'� 	+ 

 
H �I
�(

IK�&
�")*. ��
��� 	!"�		M	!	��ℎ	0	#�,�%'&#'�%',# 	+ 

 -�!	.	��	�	���/�#�,%'�%',#.  

The coefficients �L to ��( are the parameters to be estimated for the research subsidy and the 

subsidy for mixed R&D or development respectively. Previous research has shown that 

financing constraints are particularly binding for investments in research projects compared to 

development, because information asymmetries are typically larger for research projects that 

are further away from commercialization and hence more uncertain in terms of their expected 

returns (Czarnitzki et al., 2011). Research grants may therefore fill a larger need and offer a 

greater potential to reduce information asymmetries. For this reason, one would expect that the 

short-term negative impact of the R&D subsidy receipt on cost of debt is stronger for research 

subsidies (�L  and especially ��O  due to the one-year time-lag) compared to mixed R&D or 

development subsidies (�J and ���).  
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4. Results 

4.1 Base model 

Table 3 displays the results of the base model for three different versions of the dependent 

variable and different lag structures of the subsidy indicators.18,19 Columns 1 to 3 show the 

results of the Tobit models and columns 4 to 6 results from Lewbel’s (2012) IV method. To test 

for the presence of heteroscedasticity, we implemented the Breusch-Pagan test and can reject 

the null hypothesis of homoscedasticity. All subsidy indicators, i.e. the first four explanatory 

variables in Table 3, are added to the set of endogenous regressors to be instrumented. So, 

additionally to the subsidy rate variables, the first stage contains the count of rejected grant 

proposals as control variable for application experience not reflected in successful applications. 

The results show that while the contemporaneous subsidy rate is insignificant, the receipt of an 

R&D grant in year t-1 has a negative and significant impact on the average interest payment in 

year t, all else constant. This one year delay is plausible given that any effect can only 

materialize for new loans or the restructuring of old debt which may take some time. As an 

illustration for Model 1 in Table 3, the doubling of the subsidy rate in the previous year reduces 

the cost of debt measured as interest scaled by the average of total assets by 0.19% in the current 

year, which is 13.01% of the average cost of debt (1.46%) of those companies with an initial 

positive cost of debt. The coefficient of the one-year lagged subsidy rate in Model 3 indicates 

that a 1% increase of the subsidy rate leads to a 0.44% decrease of interest paid. Also the 

coefficient of the average past subsidy rate, referring to the years before t-1, is negative and 

statistically significant. Hence, subsidies do not only seem to have an immediate impact on the 

amount of interest the firms have to pay, but also longer-term effects tend to exist. However, 

                                                           
18 The VIF (variance inflation factor) test indicates that the inclusion of multiple subsidy indicators does not cause 
multicollinearity. 
19 Note that the Tobit regression results are very similar when controlling for industry-year dummies instead of 
industries and years separately. 
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the latter result only holds in the random effects Tobit regressions, and not in the linear IV 

regressions. The coefficient of the variable indicating the number of denied R&D grant requests 

does not significantly affect the cost of debt capital. This is in line with previous evidence 

suggesting that external parties do not observe the negative signal of a rejected subsidy 

application (Meuleman and De Maeseneire, 2012).  

The signs of the coefficients of the control variables are as expected20. R&D spending has a 

positive impact on the external capital cost. This is consistent with existing research that has 

shown that financing R&D investment externally is more expensive compared to capital 

investment (Czarnitzki and Hottenrott, 2011a). Although the sign of the patent stock is mostly 

negative, it is not statistically significant. The cash flow measure highlights that past 

performance, marking the presence of internal funds, has a strong and negative impact on cost 

of debt. Further, firms that have a higher liquidity ratio pay, on average, less debt charges. As 

expected, the amount of debt charges positively correlates with the level of debt relative to its 

total assets. Older companies face, on average, a lower capital cost, likely because of long-term 

relationship lending and reputation building. Intuitively, the larger the value of tangible assets 

relative to the total amount of assets, that is, the more assets that can be used as collateral by 

the bank, the lower the cost of debt. Finally, company size measured by the number of 

employees has an inverse U-shaped effect, ceteris paribus.21 

These results point to certification or an immediate liquidity effect following the subsidy receipt 

(i.e. in t-1). In addition, we observe longer-term effects at least in the Tobit models resulting 

from the period before t-1. This could point to longer-term effects enabling firms to advance 

                                                           
20 Unreported regressions show that the results remain very similar when using different measures for R&D 
intensity (such as [R&D investment/sales]t or ln[R&D investment]t), or different versions of the debt ratio (such 
as [debt /total assets]t-1 or, [short-term debt /total assets]t-1 and [long-term debt /total assets]t-1).  
When measuring firm size by total assets instead of by number of employees, we again observe significant non-
linear effects. 
21 In regression Model 1 of Table 5, the maximum level of (debt charges/total assets) is approximately at 365 
employees. However, it should be noted that this is ceteris paribus, e.g. holding the amount of assets constant.  
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their R&D projects to a stage where information asymmetries are smaller, e.g. through 

prototyping. This result is, however, not robust to instrumenting with heteroscedasticity-based 

instruments and we cannot draw causal conclusions with regard to these longer-term effects. 

However, the insignificance of the past values may be due to the distributional assumptions in 

the IV models. Moreover, the fact that the past values are also not significant in the Tobit 

regression with the natural logarithm of interest paid as outcome variable may indicate that in 

the long run, the level of total assets or total debt changes (i.e. the denominator of the other two 

outcome variables). In what follows, we first aim to get an indication about which of the two 

short-term effects, i.e. liquidity versus certification, is most influencing. Next, we test whether 

there are differences in terms of information opaqueness and value of the subsidy by 

considering the type of funded projects.  

--- Insert Table 3 --- 

4.2 Liquidity or certification effect? 

To get an indication of the role of the short-term liquidity effect, we add the relative subsidy 

amounts to the base model, and replace the subsidy rates with the subsidy dummies. In addition, 

the subsidy variables are interacted with a dummy variable indicating whether the firm belongs 

to the youngest 50% in the sample, i.e. it is younger than 24 years, to test whether there is a 

difference in effects for older and younger companies. Table 4 shows the results.22 In general, 

the binary subsidy indicator is negative and significant pointing to certification effects. 

Moreover, receiving a larger total amount of subsidies, relative to total assets, does not 

significantly strengthen the negative influence on the cost of debt capital. This result suggests 

that the short-term negative impact of a subsidy receipt on the cost of debt mainly stems from 

quality certification and not only from a liquidity effect. 

                                                           
22  Note that the method implementing IV with heteroscedasticity-based instruments should not be used to 
instrument binary variables. Therefore, only the random effects Tobit regressions are displayed. 
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However, for the younger ventures, the subsidy amounts do affect their cost of debt. Short-term 

effects stemming from the amount likely point to a liquidity mechanism, although receiving 

larger amounts can also provide a quality signal strengthening the young venture’s reputation. 

Besides rather immediate effects, such as liquidity and certification, the regression results 

suggest that also longer-term mechanisms exist. The influence of the other control variables is 

very similar to what was found and discussed for the base model.  

In the next regression analysis, we zoom in on the effects of these younger ventures. 

--- Insert Table 4 --- 

4.3 Young ventures, subsidy type and cost of debt 

Since especially young R&D-active companies suffer from financial frictions (Carpenter and 

Petersen, 2002; Müller and Zimmerman, 2009; Czarnitzki and Hottenrott, 2011a), R&D 

subsidies may particularly matter for them. Earlier studies already pointed out that resources 

and certification matters more where the degree of asymmetric information is high (see e.g. 

Lerner, 1999; Meuleman and De Maeseneire, 2012). In addition, the degree of information 

opaqueness tends to be higher for research projects compared to development projects that are 

closer to commercialization and for which outcomes are more tangible. Therefore, the potential 

impact of an R&D grant receipt is expected to be larger for the former group of projects.  

Table 5 shows the results for the young ventures of the regressions that make a distinction 

between the different subsidy schemes. For young ventures, the immediate negative impact on 

cost of debt is driven significantly by grants for research projects.  

For young ventures, having a rejected subsidy application is also negatively associated with its 

average interest rate. However, it is only statistically significant in Model 1. This may point to 

a learning effect which occurs irrespective of the grant decision. Application experience may 

to some extent help especially younger ventures to prepare better research project plans, e.g., 



26 
 

descriptions that lay out the commercialization or valorization potential more convincingly. 

However, better preparation may affect the likelihood to receive a loan rather than the average 

interest rate making the impact in our regression results indirect and therefore possibly weaker. 

--- Insert Table 5 --- 

4.4 Robustness tests 

4.4.1 Nearest-neighbor propensity score matching 

As an alternative way to account for possible self-selection or agency-based selection into the 

subsidy program that could bias the presented estimation results, we perform a non-parametric 

nearest-neighbor propensity score matching (NNPM). In other words, we estimate the 

difference between the cost of debt of R&D subsidy recipients and a counterfactual situation in 

which they did not receive a subsidy.23 The advantage of this method is that it does not require 

assumptions about the error term or functional form. A limitation is that it only accounts for 

selection on observables. However, we control for an extensive set of control variables that 

should drive the selection into the subsidy program participation. 

In the selection stage of the matching procedure, we account for factors that likely explain the 

grant decision of the agency. Thus, in order to obtain the propensity score, we estimate a Probit 

model on the likelihood of receiving an R&D subsidy in year t (see Table 6a). The control group 

consists of companies that did not get any subsidy in the time period t-4 to t+1. To appropriately 

account for the selection into the subsidy program, we chose those control variables that have 

been shown to be important in the R&D subsidy application procedure in previous studies using 

data from the same funding agency (Czarnitzki and Lopes-Bento, 2013; Hottenrott and Lopes-

Bento, 2014).  

--- Insert Table 6a --- 

                                                           
23 We follow the matching protocol of Gerfin and Lechner (2002).  
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After estimating the propensity score, we want to ensure that the overlap between the group of 

subsidized firms and the control group is large enough, i.e. that there is ‘common support’, and 

therefore restrict the sample to such a common support. In other words, we delete all 

observations on treated firms for which the probabilities are smaller than the minimum or larger 

than the maximum in the control group. After implementing the matching procedure, we 

compare the treated group to the selected control group and find that none of the covariates is 

significantly different between both groups anymore. This indicates that for every subsidized 

recipient a good match had been found in the group of non-subsidized firms. The results in 

Table 6b show that even when accounting for possible self- and agency selection into the 

subsidy program, the R&D subsidy recipients have a lower average cost of debt compared to 

non-recipients. This confirms our earlier main finding from the random effects Tobit and linear 

IV models that receiving an R&D subsidy is accompanied with lower cost of debt.  

--- Insert Table 6b --- 

4.4.2 Wooldridge within-means estimator 

In random effects estimations, the firm-specific effect is treated as a random factor. For this 

reason, this factor must be uncorrelated with the set of explanatory variables. As the latter 

assumption is often violated, we re-estimate the random effects Tobit regression, but now add 

the within means of the time-varying explanatory variables (following Wooldridge, 2010, pp. 

331-332). In this way, the assumption that the independent variables are not correlated with the 

firm-specific effect is relaxed. The results are displayed in Table 7 and indicate that the main 

findings hold. In general, having received a subsidy in the previous year negatively influences 

cost of debt. Also a longer-term impact of the past subsidy rates can be observed.  

--- Insert Table 7 --- 
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4.4.3 Substitution effect 

One interpretation of the possible impact of R&D subsidies on cost of debt is that subsidies are 

a substitute for debt, in that way lowering debt charges. We therefore examine the impact of 

the subsidy rate (subsidy ratet-1) on the propensity to raise debt (change in debtt) by estimating 

a random effects Probit regression. We use a comparable set of control variables as in the 

previous regressions, since the drivers of access to and cost of debt, i.e. factors pointing to the 

underlying credit risk, should be very similar. We only adjust the average debt ratio into a 

lagged version ([debt/total assets]t-1) for simultaneity reasons. Table 8 shows the results. 

Consistent with previous studies, they show that firms with a higher subsidy rate are more likely 

to increase their debt, ruling out that substitution drives the previous results. This supports our 

finding that the impact of an R&D grant receipt does not only stem from a short-term liquidity 

effect of public R&D subsidies. In particular, being granted a subsidy with a larger rate does 

not appear to lead to lower demand for loans and consequently lower debt charges. When 

considering the three different types of subsidized R&D projects, we again see that the impact 

primarily stems from research grants. 

Note that we consider ‘co-funded’ R&D grants which implies that recipients need to finance 

the other share of the project cost. This may explain why an R&D grant receipt is associated 

with higher debt levels. Since we cannot observe the company's effort to raise equity or other 

types of non-bank financing, we tested whether they increase debt levels.        

--- Insert Table 8 --- 

4.4.4 Expanding set of instruments 

Lewbel (2012) suggests that in some applications it can be useful to apply heteroscedasticity-

based instruments in combination with one or more traditional external instruments to increase 

efficiency. In a set of additional tests, we have therefore added the subsidy rates per industry 

per year (with the same lag structure as the endogenous variables) as external instruments to 
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the set of internally generated instruments. The economic explanation for adding these external 

instruments is that the industry-based subsidy rates are likely to affect cost of debt mainly 

through their impact on the individual firm’s subsidy rate. In these models, the results and 

conclusions remain the same as before, as shown in Table 9.  

--- Insert Table 9 --- 

 

5. Discussion and conclusion 

The ability to finance R&D activities is crucial for companies’ innovation potential and hence 

for their competitiveness. Previous research stressed the role of R&D subsidies as a major 

policy tool for supporting R&D activities in the private sector (see e.g. Klette et al., 2000). 

Recently, studies have pointed to behavioral additionality effects of such subsidy schemes. In 

particular, selective R&D grants may improve access to external financing through certification 

(Lerner, 1999; Feldman and Kelley, 2006; Meuleman and De Maeseneire, 2012) or through 

financing “proof-of-concept” work (Howell, 2016).  

This study contributes this prior work in several dimensions. First, we show that the conclusion 

regarding R&D subsidies’ effect on increased use of debt extends to the cost of debt which is 

lower for grant recipients. This result is robust to model specifications, estimation methods and 

accounting for endogeneity. These results also complement previous studies that focused on 

venture capital.  

Second, scholars generally attribute the effect to quality signaling, albeit only few attempts have 

been made to identify multiple possible effects of obtaining public support on external 

financing. In principle, several other possible mechanisms may explain improved access to 

financing in addition to a certification effect. On the one hand, the additional liquidity – in the 

sense that the subsidy serves as a liquidity shock and hence reduces the amount of debt to be 



30 
 

raised and increases lenders’ confidence in a firm’s financial situation – may ease access to and 

lower the cost of debt. Moreover, R&D grants can provide funding that facilitates initial 

investments that advance R&D project maturity, for instance through investing in prototyping 

and “proof-of-concept” work. This provides banks with more tangible outcomes and allows a 

better assessment of the R&D project, thereby reducing default risk and thus making them more 

willing to lend. Finally, applicants may benefit from preparing a subsidy application through 

learning, even when the application is not successful.  

While certification through a grant award can be expected to occur in the short run, we expect 

longer time lags for the “proof-of-concept” and learning channel. Employing multiple time lags 

of the subsidy indicators in our analysis, we find indeed short-term effects which may be 

explained by certification. In the case of young ventures, this effect is, however, accompanied 

by the liquidity injection. Moreover, for young companies, short-term effects stem from 

research subsidies rather than from development subsidies. In addition, we find some evidence 

that longer-term effects of the amount received relative to the company’s own collateral matters 

for young companies’ cost of debt.  

These results provoke thoughts on bank-based financial systems to provide sufficient resources 

for innovation. The observation that subsidies can reduce cost of debt means that non-

subsidized companies pay a risk-premium on their loans making it more costly for them to 

invest in innovation. As this appears to affect particularly younger companies, their innovation 

and growth potential may be held back beyond their potential. The lack of alternatives to bank 

financing may explain underinvestment in R&D which is seen as one of the roots of the 

innovation gap between Europe and the United States (Cincera and Veugelers, 2013). It may 

also affect the growth of young companies more generally. Furthermore, the results have 

implications for the design of R&D subsidy programs and their effects which may be amplified 

by targeting them at those companies most affected by financial market frictions. As R&D-
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intensive ventures are important for a region’s economic growth, the findings of this paper 

provide policy makers with an additional rationale for granting R&D subsidies to financially 

constrained firms with the aim to foster private-sector R&D projects. If our conclusion that at 

least part of the short-term effects are certification is true, subsidy program design matters. The 

assignment has to be set up appropriately, in a manner that makes sure that the screening process 

an applicant has to go through when applying for an R&D grant is indeed selective and based 

on quality criteria and not, for instance, on sector quotas. In this way, subsidies could have a 

supplementary effect on companies’ abilities to execute risky but promising research projects 

by improving their access to external financing and decreasing their external capital cost. In 

addition, the screening process could also assist new ventures in critically reflecting on their 

own projects, thereby preparing them to apply for funding at other financiers. 

However, we still advice to interpret our results with some caution. Whereas in the context of 

this study, the reputation and operationalization of the funding program may explain the results, 

we cannot rule out that in other contexts subsidies have no effects or work through different 

channels. Moreover, we observe a relatively low rejection rate in the subsidy program. While 

this does not necessarily imply that the quality standards for selection are low, we may still 

wonder about the mechanisms that determine application decisions. Knowing that it is very 

time-consuming to apply for subsidies at IWT, some may refrain from applying when they 

judge the expected return to be lower than the application costs. While we attempted to control 

for such selection effects in the analysis, we cannot rule out that there are decision processes in 

place not assessable by our econometric models. The certification effect may therefore be a 

combination of the firm’s confidence in their R&D projects combined with the funding 

agency’s decision to support the project, for instance. 

Other limitations may arise from unobserved factors explaining cost of debt. Although banks 

attach less importance to the entrepreneur compared to other funding providers such as business 
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angels (Mason and Stark, 2004) and we do account for firm performance which has been shown 

to be strongly related to human capital and managerial competencies (see e.g. Haber and 

Reichel, 2007), we cannot fully rule out that management quality or other entrepreneur-specific 

factors that are unobserved but time-variant drive some of the results. Second, using specific 

company-level indicators of the presence of information asymmetries, such as credit-rating 

disagreements (Morgan, 2002; Hyytinen and Pajarinen, 2008), could allow us to have an 

additional test on whether mechanisms such as certification are stronger when the level of 

information opaqueness is higher. Unfortunately, credit rating data or actual loan decisions are 

not available for the companies in our sample so that we have to rely on age and the nature of 

the subsidized project as measures information opaqueness. Third, the data does not allow us 

to distinguish between the costs of debt of short-term versus long-term loans. If R&D activities 

were mainly financed through short-term debt due to the risky nature of the projects, it would 

be interesting to test whether mainly short-term or long-term interest rates are affected by an 

R&D grant receipt. Moreover, we did not consider input or output additionality in the analysis. 

Future research may want to study whether R&D subsidies require some liquidity or access to 

debt in order to trigger output additionality. This is particularly important in the context of the 

matched grants that we studied here. Finally, we suggest that such further research on the 

dynamics between subsidy program participation and debt financing makes use of actual loan 

request data. Linking the grant application or receipt to specific loan requests and decisions 

would be highly desirable and could serve as a test of the results presented here.  
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7. Tables 

Table 1: Overview of the IWT dataset on R&D grants (1999–2011) 

Year Application 

count 

Rejected count Subsidy count Research 

subsidy count 

Development 

subsidy count 

1999 334 61 273 50 223 
2000 221 18 203 64 139 
2001 257 45 212 72 140 
2002 426 83 343 129 214 
2003 504 116 388 133 255 
2004 474 69 405 153 252 
2005 514 127 387 153 234 
2006 515 136 379 155 224 
2007 507 117 390 143 247 
2008 495 121 374 188 186 
2009 746 223 523 243 280 
2010 741 246 495 201 294 
2011 585 191 394 148 246 

TOTAL 6319 (100%) 1553 (24.6%) 4766 (75.4%) 1832 (38.4%) 2934 (61.6%) 
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Table 2: Descriptive statistics 

 Full sample Non-subsidized Subsidized Two-sample t-

test Pr(|T| > |t|) Variable Obs Mean Median Std. Dev. Min Max Mean Std. 

Dev. 

Mean Std. 

Dev. OUTCOME VARIABLES 

(interest/average total assets)t 5,583 0.012 0.010 0.011 0 0.055 0.012 0.011 0.012 0.011 0.440 

(interest/average debt)t 5,076 0.041 0.044 0.027 0 0.114 0.041 0.027 0.042 0.028 0.581 

ln(interest)t 5,583 4.475 4.852 2.603 0 10.927 4.362 2.509 4.882 2.880 0.000 

change in debtt (dummy) 5,583 0.370 0 0.483 0 1 0.359 0.480 0.410 0.492 0.001 

SUBSIDY INDICATORS 

subsidy ratet-1 5,583 0.029 0 0.110 0 0.75 0 0 0.132 0.205  

research subsidy ratet-1 5,583 0.012 0 0.081 0 0.75 0 0 0.056 0.165  

development subsidy ratet-1 5,583 0.011 0 0.050 0 0.475 0 0 0.052 0.097  

subsidy dummyt-1 5,583 0.069 0 0.254 0 1 0 0 0.316 0.465  

(subsidy amount/total assets)t-1 5,583 0.001 0 0.011 0 0.465 0 0 0.005 0.023  

rejected countt-(t-4) 5,583 0.073 0 0.372 0 7 0.020 0.156 0.260 0.709 0.000 

CONTROL VARIABLES 

(R&D expenditures per empl)t  5,583 5.165 0.282 14.158 0 135.812 2.626 8.518 14.232 23.502 0.000 

patent stockt-1 5,583 1.137 0 6.182 0 106.304 0.306 1.688 4.106 12.386 0.000 

(cash flow/total assets)t-1 5,583 0.093 0.088 0.094 -0.479 0.489 0.093 0.091 0.095 0.102 0.419 

liquidityt 5,583 0.654 0.696 0.231 0.002 1 0.660 0.234 0.635 0.219 0.222 

(average debt/total assets)t 5,583 0.248 0.229 0.200 0 0.915 0.244 0.203 0.266 0.188 0.001 

aget 5,583 29.612 24 19.403 2 141 29.624 18.515 29.570 22.297 0.931 

emplt 5,583 227.463 80 599.695 1 9726 196.329 568.100 338.691 689.905 0.000 

(tangible assets/total assets)t-1 5,583 0.218 0.169 0.182 0 0.857 0.223 0.188 0.199 0.157 0.000 

(intangible assets/total assets)t-1 5,583 0.014 0.001 0.036 0 0.357 0.012 0.033 0.020 0.044 0.000 
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Table 3: Impact of an R&D subsidy receipt 

 Random Effects Tobit IV with Heteroscedasticity-Based Instruments 
 (interest/avg. total assets)t (interest/avg. debt)t ln(interest) (interest/avg. total assets)t (interest/avg. debt)t ln(interest) 
       

subsidy ratet -0.0770 -0.407 -0.182 -0.00795 0.184 -0.132 
 (0.0770) (0.282) (0.141) (0.147) (0.432) (0.293) 
       

subsidy ratet-1 -0.193** -0.646** -0.441*** -0.259* -0.688* -0.565** 
 (0.0845) (0.306) (0.155) (0.138) (0.415) (0.274) 
       

avg. subsidy rate(t-2)-(t-4) -0.347** -1.63*** -0.343 0.107 0.401 0.434 
 (0.158) (0.579) (0.294) (0.297) (0.930) (0.610) 
       

rejected countt-(t-4) -0.0461 0.0387 -0.0551 -0.0232 0.0321 0.0873 
 (0.0330) (0.118) (0.0612) (0.0509) (0.190) (0.106) 
       

R&D expenditures per emplt 0.00368*** 0.0136*** 0.0148*** -0.00122 -0.000383 0.00587* 
 (0.00120) (0.00454) (0.00238) (0.00118) (0.00481) (0.00355) 
       

patent stockt-1 -0.00226 -0.0174 0.00883 -0.00256 -0.0169 0.00134 
 (0.00338) (0.0124) (0.00688) (0.00378) (0.0132) (0.00753) 
       

(cashflow/total assets)t-1 -0.564*** -0.406 -0.743*** -0.467*** -0.444 -0.989** 
 (0.119) (0.441) (0.222) (0.154) (0.592) (0.385) 
       

liquidityt -0.642*** -1.88*** -1.907*** -0.490*** -1.38*** -2.652*** 
 (0.0754) (0.283) (0.151) (0.0958) (0.301) (0.217) 
       

(average debt/total assets)t 3.99*** 0.963*** 5.353*** 3.77*** 2.18*** 5.836*** 
 (0.0802) (0.307) (0.159) (0.122) (0.355) (0.250) 
       

aget -0.00360*** -0.0117*** -0.00154 -0.00127 -0.00638** -0.00151 
 (0.00113) (0.00446) (0.00281) (0.000855) (0.00322) (0.00239) 
       

ln(empl)t 0.622*** 2.12*** 1.279*** 0.396*** 1.41*** 0.851*** 
 (0.0627) (0.234) (0.134) (0.0594) (0.198) (0.202) 
       

ln(empl)²t -0.0517*** -0.170*** -0.0411*** -0.0355*** -0.118*** 0.00385 
 (0.00682) (0.0254) (0.0145) (0.00615) (0.0215) (0.0234) 
       

(tangible assets/total assets)t-1 -0.370*** -0.300 -0.815*** -0.468*** -0.674** -1.957*** 
 (0.0974) (0.365) (0.203) (0.112) (0.318) (0.226) 
       

(intangible assets/total assets)t-1 0.0530 0.932 0.0127 0.721 2.26 -0.0511 
 (0.341) (1.33) (0.651) (0.518) (1.67) (0.869) 
       

N 5583 5076 5583 5583 5076 5583 
Wald χ² (38) / F 4261.16*** 476.98*** 2997.69*** 70.03*** 14.72*** 102.38*** 
Joint sign. of industry dummies 14.06 36.25*** 47.18*** 5.24 24.97** 48.47*** 
Joint sign. of time dummies 247.04*** 166.28*** 135.55*** 204.75*** 182.58*** 151.21*** 
Relevance of instruments / / / 237.051*** 234.316*** 237.051*** 
Hansen J statistic / / / 120.831 140.975 115.018 

Standard errors in parentheses. Constant, industry and year dummies not presented and coefficients of models 1, 2, 4 and 5 are multiplied by 100. Second stage regressions are reported in columns 4 to 6. Results from first 
stage regressions are available upon request. * p < 0.10, ** p < 0.05, *** p < 0.01
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Table 4: Short-term certification versus liquidity effect 

 Random Effects Tobit 
 (interest/avg. total assets)t (interest/avg. debt)t ln(interest) 
    

subsidy dummyt-1 -0.0729 -0.425** -0.164* 
 (0.0525) (0.191) (0.0949) 
    

subsidy dummyt-1 * VENTURES 0.0755 0.432 0.0826 
 (0.0731) (0.266) (0.132) 
    

subsidy dummy(t-2)-(t-4) -0.0521 -0.0643 -0.109 
 (0.0408) (0.148) (0.0741) 
    

subsidy dummy(t-2)-(t-4) * VENTURES 0.0102 -0.0666 0.140 
 (0.0568) (0.209) (0.105) 
    

(subsidy amount/total assets)t-1 1.17 4.54 2.013 
 (1.16) (3.97) (2.103) 
    

(subsidy amount/total assets)t-1* VENTURES -5.37*** -12.9* -9.156*** 
 (1.94) (6.73) (3.543) 
    

(avg. subsidy amount)(t-2)-(t-4)/(total assets)(t-1) 2.89 12.7 5.350 
 (3.68) (12.6) (6.704) 
    

(avg. subsidy amount)(t-2)-(t-4)/(total assets)(t-1) * VENTURES -9.53** -69.9*** -28.87*** 
 (4.43) (17.5) (8.679) 
    

rejected countt-(t-4) -0.0511 0.0352 -0.0533 
 (0.0329) (0.118) (0.0610) 
    

R&D expenditures per emplt 0.00405*** 0.0151*** 0.0159*** 
 (0.00121) (0.00460) (0.00241) 
    

patent stockt-1 -0.00314 -0.0210* 0.00763 
 (0.00337) (0.0124) (0.00686) 
    

(cashflow/total assets)t-1 -0.590*** -0.487 -0.813*** 
 (0.119) (0.442) (0.223) 
    

liquidityt -0.641*** -1.86*** -1.905*** 
 (0.0754) (0.283) (0.151) 
    

(average debt/total assets)t 3.98*** 0.941*** 5.336*** 
 (0.0802) (0.307) (0.159) 
    

aget -0.00375*** -0.0128*** -0.00183 
 (0.00114) (0.00449) (0.00282) 
    

ln(empl)t 0.615*** 2.08*** 1.260*** 
 (0.0628) (0.234) (0.134) 
    

ln(empl)²t -0.0513*** -0.167*** -0.0397*** 
 (0.00682) (0.0254) (0.0145) 
    

(tangible assets/total assets)t-1 -0.360*** -0.254 -0.790*** 
 (0.0973) (0.365) (0.203) 
    

(intangible assets/total assets)t-1 0.0839 1.04 0.0903 
 (0.342) (1.33) (0.652) 
    

N 5583 5076 5583 
Wald χ²(43) 4277.52*** 495.81*** 3023.88*** 
Joint sign. of industry dummies  13.47 35.01*** 45.17*** 
Joint sign. of time dummies  244.95*** 165.89*** 130.94*** 

Standard errors in parentheses. Constant, industry and year dummies not presented and coefficients of models 1 and 2 are multiplied by 100.  
 * p < 0.10, ** p < 0.05, *** p < 0.01 

 

 

  



ubsidy types 
Random Effects Tobit IV with Heteroscedasticity-Based Instruments 

(interest/avg. total assets)t (interest/avg. debt)t ln(interest) (interest/avg. total assets)t (interest/avg. debt)t ln(interest) 
-0.229 -0.636 -0.256 -0.226 -0.737 -0.327 
(0.141) (0.477) (0.239) (0.182) (0.471) (0.350) 

     

0.330 0.517 0.180 0.204 0.802 0.710 
(0.275) (0.948) (0.470) (0.486) (1.36) (0.802) 

     

-0.331** -0.979* -0.517* -0.342** -0.925* -1.243*** 
(0.162) (0.547) (0.276) (0.155) (0.538) (0.371) 

     

-0.0884 0.919 -0.585 0.117 1.45 0.580 
(0.301) (1.04) (0.517) (0.435) (1.25) (0.782) 

     

0.162 -0.209 -0.196 0.565 1.85 -0.00457 
(0.336) (1.20) (0.588) (0.431) (1.32) (0.845) 

     

-0.0556 -4.61** 0.321 0.994 0.133 2.126 
(0.559) (1.98) (0.982) (1.19) (2.43) (2.158) 

     

-0.106** -0.0305 -0.0800 -0.0564 -0.260 -0.0396 
(0.0519) (0.176) (0.0909) (0.0660) (0.188) (0.131) 

     

0.00264 0.00577 0.00977*** -0.00173 -0.00383 0.00197 
(0.00166) (0.00596) (0.00315) (0.00156) (0.00606) (0.00472) 

     

-0.00869 -0.0203 0.0144 -0.00517 -0.00980 0.000813 
(0.00603) (0.0213) (0.0113) (0.00685) (0.0231) (0.0157) 

     

-0.897*** -1.39** -1.171*** -0.586*** -0.461 -1.043** 
(0.180) (0.637) (0.316) (0.227) (0.788) (0.452) 

      

-0.667*** -2.07*** -1.757*** -0.548*** -1.67*** -2.681*** 
(0.121) (0.428) (0.233) (0.145) (0.428) (0.274) 

      

3.69*** 0.497 4.431*** 3.42*** 1.42*** 5.059*** 
(0.130) (0.466) (0.244) (0.190) (0.520) (0.363) 

      

-0.0290*** -0.0917*** -0.0500*** -0.0128** -0.0289* -0.0217** 
(0.00536) (0.0196) (0.0122) (0.00516) (0.0156) (0.0103) 

     

0.884*** 2.81*** 1.879*** 0.549*** 1.76*** 0.921*** 
(0.0958) (0.333) (0.191) (0.0785) (0.227) (0.182) 

     

-0.0761*** -0.239*** -0.116*** -0.0497*** -0.148*** -0.00458 
(0.0105) (0.0367) (0.0207) (0.00853) (0.0253) (0.0200) 

     

-0.554*** -1.11** -1.296*** -0.347** -0.472 -1.903*** 
(0.155) (0.547) (0.307) (0.165) (0.452) (0.293) 

     

-0.577 -1.30 -1.085 0.219 1.00 -0.570 
(0.461) (1.65) (0.826) (0.668) (2.17) (1.085) 

2587 2341 2587 2587 2341 2587 
1594.26*** 270.98*** 1093.12*** 34.03*** 10.82*** 46.55*** 

15.65 16.36 24.48** 14.78 27.82*** 38.19*** 
133.60*** 65.64*** 97.42*** 114.79*** 87.22*** 88.07*** 



48 
 

Table 6a: Probit regression on likelihood of receiving an R&D grant 

 Probit 
 subsidy receipt in year t 
  

ln(R&D expenditures)t 0.220*** 
 (0.0211) 
  

patent stockt-1 0.0538*** 
 (0.0179) 
  

(cashflow/total assets)t-1 0.506 
 (0.449) 
  

liquidityt 0.177 
 (0.249) 
  

(average debt/total assets)t 0.335 
 (0.245) 
  

ln(age)t 0.0262 
 (0.0722) 
  

ln(empl)t -0.538*** 
 (0.154) 
  

ln(empl)²t 0.0475*** 
 (0.0167) 
  

(tangible assets/total assets)t-1 -0.0600 
 (0.290) 
  

(intangible assets/total assets)t-1 3.075*** 
 (1.039) 
  

N 3854 
Wald χ²(33) 265.93*** 
Joint sign. of industry dummies 16.32 
Joint sign. of time dummies 24.08** 

Standard errors in parentheses. Constant, industry and year dummies not presented. 
* p < 0.10, ** p < 0.05, *** p < 0.01 

 

Table 6b: Matching results NNPM (treatment = R&D subsidy receipt in year t) 

 
Control group of non-

subsidized firms (N = 345) 
Subsidized firms (N = 345) 

p-value of t-test 
on mean 

difference 

Variables Mean Std. dev. Mean Std. dev.  

OUTCOME VARIABLE 

(interest/avg. total assets)t+1 0.015 0.013 0.012 0.010 0.044** 

PREDICTOR VARIABLES 

ln(R&D expenditures)t 6.323 2.504 6.396 2.631 0.780 

patent stockt-1 3.261 7.684 2.818 6.428 0.559 

(cashflow/total assets)t-1 0.079 0.117 0.089 0.101 0.402 

liquidityt 0.606 0.253 0.636 0.228 0.245 

(average debt/total assets)t 0.304 0.223 0.283 0.187 0.348 

ln(age)t 3.152 0.712 3.140 0.747 0.875 

ln(empl)t 5.001 1.434 4.832 1.478 0.244 

ln(empl)²t 27.102 14.079 25.523 14.688 0.282 

(tangible assets/total assets)t-1 0.194 0.173 0.184 0.150 0.559 

(intangible assets/total assets)t-1 0.016 0.038 0.021 0.042 0.181 

Industry and year dummies are excluded from the table. The p-value is adjusted based on Lechner’s (2001) estimator for an asymptotic 
approximation of the standard errors. 
* p < 0.10, ** p < 0.05, *** p < 0.01 
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Table 7: Random effects Tobit regressions extended with within means of time-varying 

variables 

 Random Effects Tobit extended with within means 
 (interest/avg. total assets)t (interest/avg. debt)t ln(interest) 
    

subsidy ratet -0.0649 -0.490* -0.171 
 (0.0811) (0.292) (0.144) 
    

subsidy ratet-1 -0.185** -0.700** -0.394** 
 (0.0891) (0.318) (0.158) 
    

avg. subsidy rate(t-2)-(t-4) -0.397** -1.96*** -0.318 
 (0.174) (0.623) (0.308) 
    

rejected countt-(t-4) -0.0538 -0.00467 -0.0770 
 (0.0354) (0.125) (0.0631) 
    

R&D expenditures per emplt 0.00827*** 0.0248*** 0.0180*** 
 (0.00161) (0.00577) (0.00283) 
    

patent stockt-1 -0.00282 -0.0219 0.00582 
 (0.00456) (0.0160) (0.00813) 
    

(cashflow/total assets)t-1 -0.577*** -0.598 -0.585** 
 (0.132) (0.479) (0.234) 
    

liquidityt -0.535*** -1.40*** -1.304*** 
 (0.0987) (0.355) (0.175) 
    

(average debt/total assets)t 3.84*** -0.908** 4.936*** 
 (0.102) (0.368) (0.181) 
    

aget -0.0717*** -0.253*** -0.139*** 
 (0.00815) (0.0317) (0.0189) 
    

ln(empl)t 0.493*** 1.58*** 0.902*** 
 (0.109) (0.384) (0.194) 
    

ln(empl)²t -0.0404*** -0.136*** -0.0362* 
 (0.0113) (0.0399) (0.0200) 
    

(tangible assets/total assets)t-1 -0.244* 0.0842 -0.0226 
 (0.143) (0.508) (0.254) 
    

(intangible assets/total assets)t-1 -0.258 0.754 0.0401 
 (0.393) (1.48) (0.697) 
    

N 5583 5076 5583 
Wald χ² (50) 4420.28*** 656.25*** 3416.60*** 
Joint sign. of industry dummies 16.35 43.85*** 55.37*** 
Joint sign. of time dummies 299.20*** 203.91*** 182.85*** 
Joint sign. of within means of time varying 

variables 

114.85*** 183.79*** 227.95*** 

Standard errors in parentheses. Constant, industry and year dummies, and within means of time varying variables not presented and 
coefficients of models 1 and 2 are multiplied by 100.  
* p < 0.10, ** p < 0.05, *** p < 0.01 
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Table 8: Impact of an R&D subsidy receipt on access to debt 

 Random Effects Probit 
 change in debtt change in debtt 
   

subsidy ratet-1 0.383**  
 (0.195)  
   

research subsidy ratet-1  0.697*** 
  (0.249) 
   

development subsidy ratet-1  0.0326 
  (0.462) 
   

avg. subsidy rate(t-2)-(t-4) 0.309 0.327 
 (0.320) (0.322) 
   

rejected countt-(t-4) -0.00657 -0.0167 
 (0.0683) (0.0691) 
   

R&D expenditures per emplt -0.00131 -0.00114 
 (0.00190) (0.00190) 
   

patent stockt-1 0.00331 0.00340 
 (0.00485) (0.00487) 
   

(cashflow/total assets)t-1 -0.790*** -0.793*** 
 (0.239) (0.239) 
   

liquidityt -0.770*** -0.770*** 
 (0.125) (0.125) 
   

(debt/total assets)t-1 -0.0710 -0.0738 
 (0.132) (0.132) 
   

aget -0.000844 -0.000877 
 (0.00129) (0.00129) 
   

ln(empl)t 0.267*** 0.264*** 
 (0.0851) (0.0851) 
   

ln(empl)²t -0.0252*** -0.0247*** 
 (0.00929) (0.00930) 
   

(tangible assets/total assets)t-1 -0.284* -0.280* 
 (0.148) (0.148) 
   

(intangible assets/total assets)t-1 -0.573 -0.565 
 (0.643) (0.643) 
   

N 5583 5583 
Wald χ² 143.03*** 146.73*** 
Joint sign. of industry dummies χ² (12) 13.82 14.06 
Joint sign. of time dummies χ² (12) 65.00*** 66.67*** 

Standard errors in parentheses. Constant, sector and year dummies not presented. 
* p < 0.10, ** p < 0.05, *** p < 0.01 
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Table 9: Expending set of instruments with external industry-based subsidy rates 

 (1) (2) (3) 
 (interest/avg. total assets)t (interest/avg. debt)t ln(interest) 
subsidy ratet 0.0112 0.155 -0.140 
 (0.147) (0.431) (0.289) 
    

subsidy ratet-1 -0.245* -0.696* -0.544** 
 (0.137) (0.413) (0.272) 
    

avg. subsidy rate(t-2)-(t-4) 0.0846 0.396 0.437 
 (0.296) (0.927) (0.606) 
    

rejected countt-(t-4) -0.0230 0.0328 0.0872 
 (0.0509) (0.190) (0.106) 

Impact of control variables similar as in Table 5 

    

N 5583 5076 5583 
Relevance of instruments 238.923*** 236.870*** 238.923*** 
Hansen J Statistic 121.741 142.264 117.177 

Standard errors in parentheses. Control variables, constant, industry and year dummies not presented and coefficients of models 1 and 2 are 
multiplied by 100. Second stage regressions are reported. Results from first stage regressions are available upon request.  

* p < 0.10, ** p < 0.05, *** p < 0.01. 
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8. Appendix 

Table A.1: Overview of the IWT dataset on R&D grants (1999–2011) for final sample 

used in regressions 

Year Application 

count 

Rejected count Subsidy count Research 

subsidy count 

Development 

subsidy count 

1999 44 7 37 4 33 
2000 35 5 30 3 27 
2001 31 2 29 7 22 
2002 54 3 51 7 44 
2003 71 15 56 8 48 
2004 71 5 66 9 57 
2005 67 8 59 7 52 
2006 63 8 55 10 45 
2007 52 5 47 10 37 
2008 63 5 58 27 31 
2009 59 9 50 23 27 
2010 79 21 58 23 35 
2011 52 11 41 16 25 

TOTAL 741 (100%) 104 (14.0%) 637 (86.0%) 154 (24.2%) 483 (75.8%) 

 

Table A.2: Distribution of companies across industries 

 NACE revision 2008 Description # of observations # of subsidies 
granted 

1 1, 3, 10, 11, 12 Food, tobacco and agriculture 542 34 
2 13, 14, 15 Textile, clothing and leather 266 30 
3 16, 17, 18 Wood, paper and publishing 223 6 
4 19, 20, 21, 22 Chemicals and plastics 655 76 
5 24, 25 Metal 412 58 
6 26, 27 ICT/Electronics 265 189 
7 28, 29, 30 Machinery and vehicles 475 79 
8 5-9, 23, 31-40 Other manufacturing industries 535 43 
9 41, 42, 43 Construction 275 6 
10 45, 46, 47 Trade 800 21 
11 49-53, 58, 64, 65, 66 Transport, financial service and 

press 
382 4 

12 61, 62, 63, 71, 72 ICT services and R&D 423 81 
13 55, 59, 60, 68, 69, 70, 73, 

74, 75, 77-99 
Other services 330 10 

TOTAL 5,583 637 

 

  



(5,583 observations) 

3 4 5 6 7 8 9 10 11 12 13 14 15 

             

             

1.0000             

0.0571 1.0000            

0.0623 0.3947 1.0000           

0.1114 0.3013 0.0963 1.0000          

0.0076 0.3100 0.2658 0.2455 1.0000         

0.1813 0.2554 0.0289 0.4410 0.2515 1.0000        

0.1725 0.0031 -0.0223 0.0046 -0.0611 -0.0373 1.0000       

0.4427 -0.0304 0.0335 -0.0675 -0.0127 -0.1097 0.0377 1.0000      

0.5492 0.0158 -0.0329 0.0401 -0.0533 0.0482 -0.1935 -0.4629 1.0000     

0.1254 0.0176 -0.0327 0.0482 -0.0873 0.1218 -0.0265 -0.0718 -0.0156 1.0000    

0.2617 0.1005 -0.0149 0.1502 0.0217 0.2265 -0.0247 -0.0991 0.0164 0.1660 1.0000   

0.0577 -0.0592 -0.0351 -0.0815 -0.1134 -0.1044 0.1868 -0.4323 0.2721 -0.0099 -0.0446 1.0000  

0.0618 0.1079 0.0928 0.1174 0.2047 0.0522 0.0071 -0.0483 0.0162 -0.0879 0.0541 -0.1023 1.0000 
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Figure A.1: Schematic overview of subsidy information used in the empirical analyses 

 
 

Final sample 
(5,583 company-

year observations)

1,628 different 
companies

212 companies 
received at some 

point subsidy in t-1

1416 companies 
never received a 

subsidy in t-1

741 subsidy 
applications

637 granted 
subsidies (see also 

Table 2)

154 research grants

483 development 
grants

104 rejected 
applications


