
Estimating the Local Average Treatment
Effect of R&D Subsidies in a

Pan-European Program

Paul Hünermund∗ Dirk Czarnitzki†

September 2017

We investigate the effect of Europe’s largest multilateral subsidy program
for R&D-performing small and medium-sized enterprises. The program was
organized under a specific budget allocation rule, referred to as Virtual Com-
mon Pot (VCP), which is designed to avoid cross-subsidization between par-
ticipating countries. This rule creates exogenous variation in funding status
and allows us to identify the local average treatment effect of public R&D
grants on firm growth. In addition, we compare the program’s effect under
the VCP rule with the standard situation of a Real Common Pot (RCP),
where program authorities allocate a single budget according to uniform
project evaluation criteria. Our estimates suggest that there is no average
effect of R&D grants on employment and sales growth, but treatment effects
are heterogeneous and positive for high-quality projects. Under an RCP the
subsidy program would have created 36% more jobs and 88% higher sales.
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1. INTRODUCTION

Many countries have put subsidy programs in place that aim to support private research

and development (R&D) activities. The rationale for these public interventions lies in
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prevalent forms of market failure associated with the financing of R&D projects (Hall

and Lerner, 2010). Limited possibilities to appropriate the returns of R&D investments

(Arrow, 1962; Aghion and Howitt, 1997) and positive externalities of knowledge produc-

tion (Griliches, 1992; Bloom et al., 2013) result in a socially optimal level of R&D that

exceeds the aggregate investment level provided by markets. A challenge for the de-

sign of subsidy programs, however, is to target R&D projects which are both beneficial

to society and not privately profitable. Otherwise grants will be ineffective in stimu-

lating additional R&D (“additionality”) and displace (“crowd-out”) private investment

instead. Because the screening of financially-constrained firms with good ideas is in-

herently difficult (Hottenrott and Peters, 2012), critical voices question whether public

interventions are useful at all to correct market failures (Lerner, 2013).

Researchers who want to investigate empirically the effect of R&D grants on firm

performance face a well-understood endogeneity problem (David et al., 2000). Grants are

rarely allocated randomly. Firms with high returns to R&D self-select into applying for a

subsidy based on an individual cost-benefit analysis. Moreover, public authorities usually

choose the most promising projects from a pool of applications (“cream-skimming”).

These two mechanisms induce a positive selection of grant winners with higher growth

potential compared to the population of firms.

In the past, popular econometric estimation methods have been nonparametric match-

ing (Almus and Czarnitzki, 2003) and difference-in-differences estimators (Lach, 2002).

However, they are unable to deal with the problem of time-varying, unobserved het-

erogeneity that is likely to occur because of selection. In recent years, regression dis-

continuity designs (RDD) have gained popularity (Benavente et al., 2012; Bronzini and

Iachini, 2014; Howell, 2017), as discontinuities in treatment propensities arise naturally

in the context of R&D subsidies. By contrast, instrumental variable (IV) approaches

have been rare (notable exceptions are Wallsten, 2000, and Einiö, 2014) because of the

difficulty to find suitable instruments (Hussinger, 2008).
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The aims of this study are twofold: (1) we evaluate the effect of a large pan-European

subsidy program, which promoted international research collaborations of small and

medium-sized enterprises, and (2) we propose a new instrument based on a specific

budget allocation rule within the program to overcome the aforementioned selection

bias.

1.1. Eurostars Joint Programming Initiative

Article 185 of the Treaty on the Functioning of the European Union enables the European

Commission to coordinate and financially support subsidy programs for pre-commercial

R&D that are jointly undertaken by several member states. These Joint Programming

Initiatives1 constitute a broader policy tool to achieve an integration of national inno-

vation systems towards a European Research Area. They are also an integral part of the

Innovation Union Flagship Initiative—Europe’s 10-year strategy to foster innovation-led

growth, competitiveness, and scientific excellence.2

The Eurostars Joint Programme (Eurostars hereafter) was launched in 2008 to support

R&D-performing small and medium-sized enterprises (SMEs)3. Until 2013, the program

allocated a total estimated budget of EUR 472 million in ten application rounds (“cut-

offs”). The 33 participating countries4 contributed a total of EUR 372 million in financial

resources. The remaining EUR 100 million came from the 7th Framework Programme for

Research and Technological Development on behalf of the European Commission. Eu-

rostars was coordinated by EUREKA, a research network of European countries which

aims at stimulating pre-commercial but close-to-the-market R&D for civilian purposes.5

1http://ec.europa.eu/research/era/joint-programming-initiatives_en.html
2http://ec.europa.eu/jrc/en/research-topic/research-and-innovation-policies
3According to the standard definition employed by the EU an SME has less than 250 employees. In

addition, either 10% of the work force (in full time equivalents) must be occupied with R&D activities,
or 10% of annual turnover must be dedicated to R&D in order to qualify as R&D-performing (these
requirements have been lowered during the runtime of Eurostars). In a few exceptional cases, firms
in our data are larger than this threshold. This is likely due to deviating rules at the national level.

4The EU28 and five associated countries: Iceland, Israel, Norway, Switzerland, and Turkey.
5http://www.eurekanetwork.org/
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Projects in Eurostars needed to be conducted by an international consortium of at

least two SMEs from different countries.6 Larger companies and science-based partners,

such as universities and research institutes, were also allowed to take part in a project.

At each cutoff, project proposals were subject to a central evaluation. Applicants had

to provide detailed information about the envisaged R&D activities, work packages,

and expected costs. Based on this information, EUREKA carried out a basic eligibility

check regarding administrative requirements. Subsequently, an application underwent

an in-depth analysis by at least two independent technical experts. The evaluators rated

projects according to three equally important quality criteria

1. Basic assessment: the consortium itself, its participants’ capabilities, the project

plan, and financial aspects

2. Technology and innovation: the R&D activities to be conducted in the project,

the degree of innovation, and the technological profile

3. Market and competitiveness: the market opportunities (size, geography, potential,

time and risk), return on investment, and strategic importance of the project

(see Eurostars’ final evaluation report7: Makarow et al., 2014, p. 18). Based on the

experts’ assessment, projects were given an overall evaluation score, ranging from 0 to

600 (600 being the best score), and proposals were ranked accordingly. Eurostars applied

a general quality threshold of 402 below which proposals were not considered eligible for

funding.

Countries participating in Eurostars were committed to allocate their earmarked bud-

gets (budget sizes by country are shown in the online appendix) strictly according to the

central evaluation ranking. However, there was no common program budget. Instead,

6An online appendix accompanying this paper provides a detailed description of the collaboration
network between countries in Eurostars.

7Eurostars Final Evaluation hereafter. Link: http://ec.europa.eu/research/sme-techweb/pdf/ejp_
final_report_2014.pdf
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R&D grants were allocated individually by participating countries only to their respec-

tive national applicants. Under this allocation rule, referred to as Virtual Common Pot

(VCP), a project could only receive funding if financial resources were sufficiently avail-

able in all countries involved in the consortium. If only one country ran out of budget

the entire project was rejected. These additional national budget constraints created

variation in the funding of projects with nearly equal evaluation scores. For some con-

sortia budget constraints were binding whereas for others they were still slack. This

stands in contrast to a Real Common Pot (RCP) in which all projects are funded until

the common budget is exhausted.

The following example illustrates the working of a VCP: Let there be four countries,

A, B, C, and D, participating in the program. In each country there is sufficient budget

to fund two R&D grants. Table 1 lists the outcome of a fictitious quality ranking of

six project proposals by different international consortia. After the first-ranked project

gets granted under a VCP, country B’s budget is already exhausted. Consequently,

the second-ranked project does not receive funding anymore. However, there are again

sufficient national funds available to grant the third-ranked project. In this example,

also the fifth-ranked proposal qualifies for funding under a VCP. In an RCP, by contrast,

all projects up to rank three receive funding until the common program budget of eight

grants is exhausted. This means that no participant from country D receives a grant

under such an allocation rule. Instead, D’s entire budget is used to fund applicants from

other countries. This hypothetical example demonstrates how a VCP creates variation

in funding at different evaluation ranks.8 It also illustrates that funded projects have a

lower average quality under a VCP compared to an RCP.

We exploit differences in national budget constraints occurring in a VCP for projects

of comparable quality as an instrument in a nonparametric instrumental variable esti-

mation. Our results suggest that R&D grants had no significant average effect on firms’

8A depiction of the actual variation in funding status that occurred in Eurostars is given in the online
appendix.
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Table 1: Funding allocation in a Virtual Common Pot (hypothetical example)

Quality Rank Consortium VCP RCP

1 A, B, B X X
2 B, B, C X
3 A, C X X
4 A, B, C, D
5 C, D, D X
6 A, C, D

employment levels and sales. In subsequent analyses we investigate treatment effect het-

erogeneity depending on project evaluation scores and find positive effects for projects

with higher quality. By investigating detailed application records for a subsample of our

data we are able to reject the hypothesis that the absence of positive treatment effects

is explained by crowding-out. Instead, the program partly funded low-quality projects

that were ineffective in inducing firm growth.

Our results have two important implications. First, we show empirically that treat-

ment effect heterogeneity can be large even when looking at a single subsidy program

(Einiö, 2014). This poses a particular challenge for program evaluation studies which

estimate effects locally at a narrow margin (e.g., regression discontinuity designs). Sec-

ond, our results inform the debate about efficient designs of joint policy initiatives under

the current European legal framework. We find that increasing treatment effects cause

a relative inefficiency of a VCP compared to an RCP. This is the case because projects

with lower quality are funded where grants are less effective. According to our estimates,

if Eurostars had been organized as an RCP, the program would have created 36% more

jobs and 88% additional sales.

The remainder of the paper is organized as follows. Section 2 describes our empirical

methodology, presents the data, and discusses instrument validity. Section 3 shows

estimation results, explores treatment effect heterogeneity, and compares the outcome

of a VCP with an RCP. Section 4 discusses the implications of our findings and concludes.
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2. DATA AND SETUP

2.1. Nonparametric instrumental variable estimation

In the presentation of the empirical model we follow the notation in Frölich and Lechner

(2015). Let Y be an outcome variable, D be a binary treatment variable, and Z be an

instrumental variable. Consider the general non-additive model9

Y = ϕ(D,UY , UY D, UY Z , UY DZ)

D = ξ(Z,UD, UY D, UDZ , UY DZ) (1)

Z = ζ(UZ , UY Z , UDZ , UY DZ)

with ϕ, ξ, ζ being unknown functions and the U -variables being mutually independent

random vectors. This notation makes explicit that there are some influence factors which

only affect one variable, UY , UD, UZ , some affect two at a time, UY D, UDZ , UY Z , and

some factors have an influence on all variables, UY DZ . In the tradition of the potential

outcome framework (Rubin, 1974, 1978), we define

Y d
i = ϕ(d, Ui,Y , Ui,Y D, Ui,Y Z , Ui,Y DZ), d = 0, 1

as firm i’s potential outcome. Y 1
i denotes the outcome under treatment (D = 1) and Y 0

i

when being non-treated (D = 0). For ease of notation we will omit the firm subscript in

what follows when it causes no confusion.

The notion of Z being an instrumental variable follows from the exclusion restriction

that Z is not an argument of the function ϕ. Consider the case of a binary instrument,

9A directed acyclic graph of the model is depicted in the online appendix.
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Z ∈ {0, 1}. Then, there are four possible types of firms, T , in the population depending

on the state of Z.

Compliers (T = c) : DZ=0 = 0 and DZ=1 = 1,

Defiers (T = d) : DZ=0 = 1 and DZ=1 = 0,

Always-treated (T = a) : DZ=0 = 1 and DZ=1 = 1,

Never-treated (T = n) : DZ=0 = 0 and DZ=1 = 0.

The type T categorizes how the treatment status of a firm changes when the instrument

changes. Compliers are those firms that have a treatment status of one if the instrument

is equal to one and zero otherwise.

The standard literature on instrumental variable estimation assumes UY Z , UDZ , and

UY DZ to be empty, i.e., Z is independent of potential outcomes and types

(Y d, T ) ⊥⊥ Z.

Under the additional assumption of ξ being monotonically increasing in Z, such that

there are no defiers10, Imbens and Angrist (1994) show that the local average treatment

effect (LATE) for the subpopulation of compliers is identified as

E[Y 1 − Y 0|T = c] =
E[Y |Z = 1]− E[Y |Z = 0]

E[D|Z = 1]− E[D|Z = 0]
. (2)

In the case of Eurostars, we exploit the fact that for some firms in a project consortium

the respective national budget was exhausted as an instrument. In a Virtual Common

Pot this implies that all firms within the consortium were denied funding. To follow

the usual notation of treatment status being monotone increasing in the instrument, we

10Alternatively, ξ could be monotonically decreasing in Z such that there only exist defiers but no
compliers.
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define Z = 0 as the case in which at least one respective national budget was exhausted

and Z = 1 when all respective national budget constraints were still slack.

In our setting, we have perfect compliance to our instrument. No project was funded

when budget constraints were binding and all applicants took up funding if it was avail-

able. This implies D = Z and we can delete the second equation in (1) together with

the variables UY D, UDZ and UY DZ from the model. The denominator in equation (2),

the definition of the LATE, becomes equal to one.

We acknowledge the possibility that there might be factors UY Z that appear both in

ϕ and ζ and therefore influence outcomes and the instrument alike. We assume that we

observe all these confounding factors and call them X from here on to comply with the

standard notation in the literature. Conditional on X Z is a valid instrument

Y d ⊥⊥ Z | X.

However, the conditioning is only feasible when the distribution of X has the same

support for both values of the instrument. This assumption makes sure that the treat-

ment propensity lies strictly between zero and one: 0 < Pr(Z = 1|X) < 1 (Heckman

et al., 1998). Accordingly, we restrict our analysis to a region of common support defined

as

S = Supp(X|Z = 1) ∩ Supp(X|Z = 0)

to be able to make reasonable comparisons between treated and non-treated firms. In-

tegrating the difference in mean outcomes over X in the region of common support

identifies the average treatment effect (ATE) for this region

E[Y 1 − Y 0|X ∈ S] = E[Y |Z = 1, X ∈ S]− E[Y |Z = 0, X ∈ S].
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This quantity can be estimated by a propensity score matching (Rosenbaum and

Rubin, 1983; Heckman et al., 1998; Abadie and Imbens, 2016). Because of perfect

compliance the estimation procedure in the instrumental variable setup is equivalent

to a ”selection on observables”-approach (Cameron and Trivedi, 2005). However, our

instrument does not create sufficient variation in funding status in all regions of Supp(X).

Most notably, we can estimate the treatment effect of Eurostars funding only for specific

regions of the project evaluation score. Because of this local definition of the treatment

effect conditional on X ∈ S, for a well-defined subpopulation, we present our estimation

strategy in the general framework of the LATE (Imbens, 2010).

2.2. Data

We study the official Eurostars application records provided by EUREKA. To assess the

effect of R&D subsidies on firm performance, we combine our data set with employment

and sales data from Bureau van Dijk’s Amadeus database11. Job creation and commer-

cialization of R&D were an explicit program goal for public authorities (Eurostars Final

Evaluation, p. 10). Because 2013 is the last year covered in our data we restrict the

analysis to applications until cutoff round 7 (which took place in September 2011) to

allow for sufficient time for positive effects of the program to materialize. From the sam-

ple we drop all non-SMEs such as universities, research institutes or larger companies.

In addition, we drop applications from countries not associated with EUREKA12 and

from Malta (only joined at cutoff 6).

11Unfortunately, the coverage of other possible outcome variables such as export revenue or R&D expen-
ditures in Amadeus is unsatisfactory for the 33 countries in our analysis. We also studied the effect
of Eurostars grants on patent application and found neither statistically nor economically significant
results. Most likely, this stems from the fact that research projects within Eurostars had an applied
and close-to-the-market character and therefore did not produce patentable inventions. These results
are reported in the online appendix.

12Applicants from non-EUREKA countries had the possibility to participate as self-funded consortium
partners.
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We construct our two outcome measures ∆Employment and ∆Sales (in million EUR)

by taking the difference between the respective value in 2013 and in the year before

application (t− 1), and dividing by the number of elapsed years

∆Y =
Y2013 − Yt−1
2013− t+ 1

.

When data are missing for the respective years we adjust this time window but make

sure that at least two years have passed before we compare the difference in outcomes13.

As a baseline set of covariates we condition on the technology class of a proposed

project (Technology Class, see Table 2), the cutoff round (Cutoff ) in which a project was

applied for, and the number of employees one year before application (Employmentt−1).

We further control for the cumulative patent stock (Patent Stock) of a firm at applica-

tion date.14 Most relevant for identification is to include the project evaluation scores

(Score, as described in Section 1.1) in the matching. Score directly affects the treat-

ment propensity of a project as well as it has a likely effect on potential outcomes. By

comparing direct neighbors in the quality ranking of a certain cutoff we make sure that

funded and non-funded projects are of similar quality.

The probability to receive funding in Eurostars was close to one for proposals that

received high project evaluation scores because budgets for them were still slack. This

violates the common support assumption introduced in Section 2.1. The same applies for

project proposals that did not pass the quality threshold as their treatment propensity

was zero by design. We thus restrict our analysis to projects that received a Score

between 400 and 510 (in the online appendix we explore the robustness of our results

to this bandwidth choice). In this range there is sufficient variation in funding status.

13We also studied the effect on compound annual growth rates and found qualitatively similar results. For
the following counterfactual analysis, however, we found absolute growth to be a more conservative
measure for out-of-sample predictions.

14We count patent applications at the European Patent Office since 1985 in the PATSTAT database.
We also checked the effect of assuming an annual discount rate of 15% on the knowledge stock and
found very similar results.
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Table 2: Summary statistics

Mean Std. Dev. Min. Max.

∆Employment 1.294 6.295 -57 77.667
∆Sales 0.202 0.632 -1.333 2.760
Employmentt−1 28.072 44.037 1 375
Funding 0.644 0 1
Score 444.581 29.358 400 510
Patent Stock 10.952 28.844 0 141
Growth Rate -0.002 0.011 -0.052 0.027
Self-funding 0.09 0 1

Technology Class:

ICT 0.319 0 1
Engineering 0.327 0 1
Bioscience, Pharma & Chemistry 0.219 0 1
Other 0.134 0 1

Cutoff Dummies:

Cutoff 1 0.168 0 1
Cutoff 2 0.141 0 1
Cutoff 3 0.155 0 1
Cutoff 4 0.125 0 1
Cutoff 5 0.128 0 1
Cutoff 6 0.158 0 1
Cutoff 7 0.125 0 1

Country Groups:

DE 0.188 0 1
FR 0.081 0 1
IT 0.073 0 1
UK, IE 0.025 0 1
NL, BE, LU 0.117 0 1
AT, CH 0.066 0 1
FI, SE, NO, DK 0.169 0 1
GR, PT, ES 0.175 0 1
EU since 2004 0.106 0 1

N = 767. EU since 2004: member states that joined the EU in 2004 (Cyprus, Czech
Republic, Estonia, Hungary, Latvia, Lithuania, Poland, Slovakia, and Slovenia), in 2007
(Romania), and in 2013 (Croatia). Descriptive statistics separately for funded and non-
funded firms and graphs showing the distribution of project evaluation scores can be found
in the online appendix.
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Furthermore, as Eurostars allowed firms to apply multiple times for a grant, we only

keep one application per firm (either the first or the first successful).

Our final data set contains 767 observations. Furthermore, sales records are only

available for 590 firms. Table 2 shows descriptives statistics of the variables in our

sample. With an average number of 28 employees firms were relatively small when

they applied to Eurostars. On average they hired 1.3 new employees per year and their

annual sales figures increased by 0.2 million EUR per year, which indicates a dynamic

growth of these firms. However, ∆Employment and ∆Sales show a high variance in

the sample. This is most likely the result of the diverging macroeconomic environment

within Europe during the years 2008 to 2013. Nearly two thirds (64%) of the firms in the

sample received funding by Eurostars.15 Projects predominantly came from the fields of

information and communications technology (ICT) and engineering.

Unlike many other studies on R&D subsidies, our data allow us to compare treated

and non-treated firms that both applied for funding by Eurostars. Often there is only

information about the identity of treated firms available and a control group needs to

be drawn randomly from the population of all firms. However, firms select into applying

for R&D subsidies based on the prospective gains of receiving a subsidy and thus based

on potential outcomes (Takalo et al., 2013). Many firms refrain from ever applying to

a program, especially when there are non-negligible application costs involved due to

administrative requirements and the need to coordinate a joint proposal. The subpop-

ulation of subsidy applicants might therefore possess substantially different unobserved

characteristics (Blanes and Busom, 2004). Our study avoids this potential source of

confounding.

15The average grant size was equal to EUR 204,375.
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2.3. Internal validity

In a Virtual Common Pot national budget constraints introduce variation in the funding

status of international project proposals that received comparable quality evaluations

by independent technical experts. However, since national budgets vary in their size,

treatment propensity differs for firms from different countries. Therefore, macroeconomic

effects at the country level could potentially confound our estimates. Fortunately, a VCP

also introduces variation in treatment status within countries. Some firms in Eurostars

did not receive funding because national budgets of project partners were exhausted. By

contrast, budgets were still slack for other firms from the same country. This allows us

to match on country affiliation. Yet, the number of applications were too low in some

countries such that we are forced to group countries together. Therefore, we additionally

control for the average Growth Rate of a country’s GDP during 2008 until 2013 to capture

heterogeneity within groups.

Firms from countries with exhausted budgets had the possibility to self-fund their part

of the project. That way, the other project partners could still obtain funding from their

national authorities. The decision to self-fund might be based on private information

about the quality of a project and could thus be a sign for a very profitable venture. To

hedge against a bias in our estimation we include a dummy which is equal to one for

firms that take part in a consortium with a self-funding member. This was the case for

around 9% of firms (see Table 2).

There is a potential concern about strategically choosing collaboration partners in

order to maximize the probability to receive a grant. Firms might figure out the complex

funding allocation mechanism of a VCP and adjust their collaborations accordingly. In

the course of the official evaluation of Eurostars on behalf of EUREKA and the European

Commission, the expert group in charge conducted a survey about firms’ experience with

14



the program. One item in the survey16 was concerned with the question of strategic

partner choice. Respondents were asked to state their level of agreement to the following

statement on a five-point Likert scale:

“We chose our project partners strategically from certain countries because

we believe that differences in national budgets affect the probability to obtain

funding by Eurostars.”

15.9% of the responding firms in our sample agreed with the statement, 4.6% indicated

a strong agreement. Around 79% of firms had a neutral opinion, disagreed or disagreed

strongly. Other reasons of partner choice, such as technology transfer, access to new

markets, or previously existing business relationships were much more important to

respondents (Eurostars Final Evaluation, Figure 6-5). This makes sense from a firm’s

perspective as the best way to increase its funding probability is to present a good project

proposal that will receive a high evaluation score. Since good R&D collaboration partners

are not easily substitutable this leaves little room for strategic partner choice without

trading off project quality at the same time.

Thus, if present at all, the effect of strategically acting firms in our sample is small.

Nevertheless, we conduct a robustness check (reported in the online appendix) in which

we exclude firms that agreed or strongly agreed with the above statement and find results

similar to those reported in the next section. Moreover, even if firms understood the

specificities of a VCP and wanted to manipulate their funding probability by choosing

partners strategically, it is unlikely that they were able to do so. Information about

earmarked budgets by specific countries and the demand for grants was not publicly

available. Firms’ ignorance in this matter is illustrated by the fact that although Italy,

Greece, Cyprus, Spain, and Ireland had to downsize their initially (before 2008) commit-

16Details about the survey can be found in the final report of the expert group (Makarow et al., 2014).
Important for our purpose is that there was a reasonably high response rate by applicants and
especially by both, funded and non-funded firms.
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ted budgets due to the turmoils caused by the financial crisis (Eurostars Final Evaluation,

p. 53), the number of project applications that involved partners from these countries

did not drop substantially (see the online appendix for a more detailed discussion). By

contrast, for most of these countries the number of proposed collaborations increased

during the runtime of Eurostars. The only notable exception was Greece. Therefore,

we conduct a robustness check in which we exclude all projects with a Greek partner

from the estimation and find similar results. Furthermore, we check whether learning

from previous applications might have made firms more strategic over time. Our results

remain robust if we exclude (treated) firms that applied to Eurostars at an earlier cutoff.

Both robustness checks are reported in the online appendix.

To conclude, three reasons make us confident that the validity of our estimation pro-

cedure is not compromised by strategic partner choice: (1) in the vast majority of cases

firms chose their project partners due reasons unrelated to national budgets, (2) national

budgets sizes were not publicly known, and (3) our results are confirmed in a battery of

robustness checks.

3. EMPIRICAL RESULTS

3.1. Results of the propensity score matching

Table 3 reports results of the propensity score matching17. We present three specifi-

cations: the first employs a baseline set of covariates (1), the second includes Country

Groups (2), and the third additionally incorporates the average Growth Rate of GDP

and Self-Funding by firms in a consortium (3).

To guard against limited overlap we apply a trimming method suggested by Crump

et al. (2009). We only consider observations with an estimated propensity score in the

interval [0.02, 0.98] for the nearest-neighbor matching. Because the treatment propensity

17Propensity scores were estimated by Probit. Respective estimation tables are shown in the online
appendix
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Table 3: Propensity score matching results

(1) (2) (3)

ATE ∆Employment 0.607 0.323 0.900
(0.490) (0.744) (0.797)

Observations 761 738 733

ATE ∆Sales 0.053 0.064 0.090
(0.091) (0.073) (0.072)

Observations 585 562 560

Covariates:
Score X X X
Employmentt−1 X X X
Cutoff X X X
Technology X X X
Patent Stock X X X
Country Groups X X
Growth Rate X
Self-funding X

Standard errors in parentheses: ∗ p < 0.10, ∗∗ p < 0.05,
∗∗∗p < 0.01
Notes: Estimated average treatment effects of R&D grants

in the region of common support for three different sets of
covariates (used in the estimation of propensity scores). We
discard observations with an estimated propensity score out-
side the interval [0.02, 0.98] as suggested by Crump et al.
(2009) to guarantee sufficient overlap.

converges to one for high evaluation ranks we thereby lose up to 34 observations from

our sample in specification (3). This conservative approach results in a good overlap18

and therefore a balanced distribution of covariates.

In all three specifications we find no significant average treatment effect of R&D

subsidies on employment and sales growth. Point estimates vary slightly depending

on the set of covariates used in the estimation of the propensity score. Standard errors

are quite large which reflects the substantial variation in the outcome variables that was

already visible in the descriptive statistics.

18Overlap plots are shown in the online appendix.
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3.2. Counterfactual situation under a Real Common Pot

Because of the additional national budget constraints under a Virtual Common Pot

(VCP) compared to a Real Common Pot (RCP), the average project evaluation score of

funded projects is lower under a VCP. In the following, we compute the counterfactual

treatment status for firms in our sample if the same total budget paid out in Eurostars

would have been allocated according to an RCP. Figure 1 depicts the treatment propen-

sities depending on project evaluation scores (pooled over all cutoffs in the sample). One

can see that starting from a score of around 440, the probability to receive funding is

higher under an RCP than under a VCP.

Figure 1: Treatment propensities under a VCP vs. RCP
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Notes: Sample probabilities to receive funding at different project evaluation scores under a
VCP compared to an RCP. Probabilities are calculated within 11 equidistant bins of Scores.
As these calculations are pooled over all cutoffs in the sample, the treatment propensity does
not jump to one immediately in the RCP case.

This creates a relative inefficiency of a VCP compared to an RCP if treatment effects

are heterogeneous and increasing in evaluation scores. We analyze treatment effect

heterogeneity for different scores by a two-step regression method. First, we perform a
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nearest-neighbor matching on the entire covariate vector, given in Table 3 specification

(3), instead of the propensity score. Then, we compute the differences in outcomes (for

both emplyoment and sales growth) between matched pairs and regress them on project

evaluation scores (Score) to asses how treatment effects vary with project quality. The

online appendix provides further details on the method and shows nearest-neighbor

matching results, which at the same time serve as a robustness check for our previous

propensity score matching results.

Figure 2 shows results for a fractional polynomial regression (FPR, Royston and Alt-

man, 1994) of treatment effects on project evaluation scores. One can see that the

insignificant average treatment effect conceals substantial heterogeneity for both out-

come measures. For ∆Employment, treatment effects due to R&D grants are basically

zero up to a score of around 430. For proposals with higher scores the treatment effect

becomes larger, up to an average of around two additional employees hired per year.

Confidence bands exclude zero for scores between approximately 465 and 500 but, due

to data limitations, become wider for very high evaluation scores. For ∆Sales point

estimates are almost increasing linearly. Confidence bands exclude zero for scores larger

than approximately 455.

Given the estimated relationship between treatment effects and evaluation scores, a

reallocation of the budget according to an RCP would increase the efficiency of the

program because projects with higher average scores receive funding that, at the same

time, exhibit larger treatment effects. To get an idea about the magnitude of the inef-

ficiency induced by a VCP, we redistribute treatment status in our data and calculate

the counterfactual employment and sales created by Eurostars until 2013 according to

estimated potential outcomes19. Let T = (2013− t+ 1) be the number of elapsed years

19This counterfactual analysis assumes that project applications by firms and financial commitments
by countries would remain unaltered under an RCP. The former is justified if firms choose project
partners according to technological opportunities rather than strategically to increase their funding
proability in a VCP. The latter assumption is particularly strong since one rationale for a VCP is
the reduced incentive for participating countries to free-ride.
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Figure 2: Treatment effect heterogeneity
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Notes: Solid lines show fractional polynomial regressions (Royston and Altman, 1994) of
treatment effects on project scores with powers (2, 3, 3) for ∆Employment and (-2, -2, -2) for
∆Sales. Dotted lines depict pointwise 95% confidence bands.
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from one year before grant application to 2013 for an individual firm in our sample. For

employment we then compute

Additional Employment = TE ∆Employment× T

with TE ∆Employment being the estimated treatment effect depending on Score. Since

∆Sales is a flow variable and the treatment effect we estimate is the yearly increase of

sales, we compute

Additional Sales = TE ∆Sales× 1 + TE ∆Sales× 2 + . . .+ TE ∆Sales× T

= TE ∆Sales× T (T + 1)

2
.

Subsequently, we sum up Additional Employment and Additional Sales and divide it by

the total grant size allocated to the firms in our sample to arrive at the “bang for the

buck” of Eurostars.

Table 4 shows the results of our counterfactual analysis. In the factual situation of a

VCP, a grant size equal to EUR 100 thousand created on average 1.021 jobs and EUR 207

thousand additional sales. Under an RCP the program would have been considerably

more efficient, with 1.393 jobs and EUR 390 thousand per EUR 100 thousand grant.

This would amount to 36% more jobs and 88% more sales under an RCP.

Because a switch to one common budget under an RCP might not be politically

feasible, we investigate the effectiveness of a mixed funding allocation. The European

Commission (EC) committed itself to contribute EUR 100 million to Eurostars, under

the condition that participating countries provided themselves a budget of at least EUR

300 million (Eurostars Final Evaluation, p. 12) . The Commission’s share was then used

to supplement national budgets. We study the effectiveness of the program if instead

25% of Eurostars’ total budget would have been allocated according to an RCP. In this
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Table 4: Counterfactual impact of Eurostars under a VCP vs. RCP

VCP RCP Mixed Mode

Number of funded firms 460 448 441
Average score of funded firms 451.0 459.4 454.3
Additional jobs per EUR 100k grant 1.021 1.393 1.306
Additional sales per EUR 100k grant EUR 207k EUR 390k EUR 317k

Notes: Counterfactual situation given treatment propensities (Figure 1) and average treatment
effects (Figure 2) when total budget is allocated according to an RCP. Mixed mode allocation
assumes 25% of the total budget in a cutoff round are allocated according to an RCP. The
remaining national budgets are allocated according to the VCP funding rule.

counterfactual scenario the EC would have allocated its budget strictly to the highest-

ranked proposals in the evaluation ranking, without taking national budget constraints

into account. The remaining 75% would have been allocated as before, according to the

VCP rule.

Table 4 shows that such a mixed mode works surprisingly well in our sample. A

grant of EUR 100 thousand would create 1.306 additional jobs and EUR 317 thousand

additional sales in a mixed mode allocation, which is close to the RCP outcome. This

is because the major part of the impact on employment and sales growth comes from

projects with high evaluation scores. A mixed mode makes sure that all these projects

receive funding. Put differently, this result demonstrates that a large part of the budget

spent in Eurostars was ineffective in fostering employment or sales growth. Although a

mixed mode allocates grants to projects of lower average quality compared to an RCP,

the resulting employment and sales growth is at a comparable level as long as only the

highest-ranked projects are funded. For the rest the budget allocation does not make

much of a difference because the treatment effect is negligible anyways.

3.3. Financial position of Eurostars firms

Figure 2 reveals that Eurostars grants had no effect on firm growth for a large range

of low-ranked projects. Usually the literature explains the absence of treatment effects
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with the presence of crowding-out. Firms that are perfectly able to finance their R&D

projects by themselves, or with the help of external investors, still have an incentive to

apply for grants because (less application costs) they constitute a net transfer (Almus

and Czarnitzki, 2003). For these firms treatment effects are low. By contrast, financially

constrained firms create high treatment effects because they are unable to fund R&D

projects without public support.

However, it appears unlikely that firms with low-quality projects should be in a better

financial situation to finance their R&D projects than their high-ranked counterparts.

To test the hypothesis that financial constraints were particularly prevalent among high-

ranked firms we study financial records available in the application data of Eurostars.

Applicants had to disclose their net income according to their latest financial statement

at application date. In addition, they were required to report past net income and

expected income for the upcoming year. Firms also had to state their project costs since

the subsidy amount was calculated based on this information. With cutoff round 5, the

application form has been extended to cover the applicant’s age, the receipt of R&D

grants prior to Eurostars, and the number of other R&D projects currently running. We

split our sample in half, at a score of 455, and compare groups means of the respective

variables. In addition, we look at correlations with project evaluation scores.

Table 5 attests no differences related to the financial position of firms between low and

high-ranked firms. There is no statistically significant correlation between evaluation

scores and net income. Firm age, which could facilitate capital market access, is on

average the same across groups. Low-ranked firms also did not apply with less costly

projects that are easier to finance.

Another reason why there could be crowding-out is because low-ranked firms might

find it easier to attract public money form other sources; e.g., because they are located

in less developed regions on which there lies a distinct policy focus. With an average

of around two grants received in the year before application, Eurostars applicants were
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Table 5: Evidence for financing constraints

Score Mean Correlation
≤ 455 > 455 Difference with Score

Registration year 1996.9 1997.6 -0.74 -0.001
(0.83) (1.09) (1.42)

Net income (t− 1, million EUR) 1.63 1.74 -0.11 0.027
(0.07) (0.10) (0.12)

Net income (t, million EUR) 1.56 1.60 -0.04 0.011
(0.06) (0.09) (0.11)

Net income (t+ 1, million EUR) 2.90 3.00 -0.10 -0.045
(0.10) (0.15) (0.18)

Received public R&D grants (t− 1) 1.97 2.52 -0.54 0.042
(0.16) (0.42) (0.37)

Project costs (thousand EUR) 481 490 -9.36 0.136
(15.89) (21.63) (27.16)

Running R&D projects (t− 1) 5.5 9.1 -3.6∗∗∗ 0.179∗∗∗

(0.64) (1.45) (1.40)

Standard errors in parentheses: ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗p < 0.01
Notes: The table provides additional information on the financing conditions of Eurostars firms

depending on their position in the project quality ranking. Data for registration year, received
public grants, and running R&D projects are only available for cutoff 5 to 7. Time t denotes the
year of application. Financial data are according to latest financial statement at application date.
Net income in t+ 1 refers to one-year forecasts.

generally quite successful in attracting public money, yet there is no significant difference

between low and high-ranked firms. Only the number of running R&D projects is posi-

tively correlated with project evaluations. The fact that high-ranked firms were able to

conduct a larger number of projects provides further evidence against their hypothesized

financing constraints.

4. DISCUSSION

Exogenous variation in treatment status, induced by a Virtual Common Pot, allows us

to identify the local average treatment effect of public R&D grants on firm growth and

sales. We find no significant average effects but substantial treatment effect heterogeneity

depending on project quality. A counterfactual analysis reveals that a VCP substantially
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reduces program efficiency compared to a Real Common Pot. A mixed budget allocation

rule, by contrast, partly avoids such an inefficiency.

Our study tackles several of the methodological problems researchers encounter when

estimating the effect of R&D subsidies on firm-level outcomes. Frequently, public au-

thorities only publish data on funded projects. In this case, researchers rely on matched

control samples from the population of all firms. However, firms apply for R&D grants

based on potential outcomes. Therefore, applicants potentially differ from non-applicants

in unobserved characteristics. We avoid this problem by restricting our analysis to firms

that applied to Eurostars. Furthermore, we propose a new instrument that deals with

the problem of cream-skimming. As public authorities are held accountable to make

good use of taxpayers’ money they rarely allocate subsidies randomly but rather try to

choose the best projects from a list of applications. In a VCP, cream-skimming is partly

offset by the additional national budget constraints.

We present empirical support for a conjecture put forward by Einiö (2014), that treat-

ment effects of R&D grants differ substantially even within the same subsidy program.

While the literature is concerned with crowding-out of private investment—which di-

minishes the additionality of grants—firms with a low treatment effect are neither in

a better financial situation, nor do they have easier access to other sources of public

support. Instead, our results highlight the risk of a policy program that is too large.

Although applications were reviewed by independent technical experts and a general

quality threshold was applied, Eurostars still funded a non-negligible share of projects

that proved to be ineffective in pushing a firms’ growth trajectory. Eventually, this re-

duced the impact of the program on average although treatment effects can be large for

a subset of our sample.

Our identification strategy relies on data about a program authority’s evaluation rank-

ing. Therefore, it is close in spirit to a regression discontinuity design which requires the

same kind of information to compute the threshold where funding probabilities jump
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discontinuously (see Howell, 2017, for a recent application). However, as a VCP induces

variation not only at one threshold but in a wider region of the evaluation ranking, we

are able to estimate effects for a larger share of program participants than in an RDD.

The considerable treatment effect heterogeneity we find illustrates the desirability of an

estimation approach which is less local. That is to say, depending on where the fund-

ing threshold lies in the evaluation ranking of a particular program under study, RDD

estimation results may differ substantially.

A limitation of our study is that we only investigate the effect of R&D grants on

job creation and successful commercialization of research (in terms of increased sales).

Other studies in the literature often consider their effect on investment in R&D (Zúñiga-

Vincente et al., 2014). Unfortunately, information about R&D expenditures by firms is

very scarce in databases covering the European economy as a whole (such as Amadeus

used in this paper). We thus cannot contribute to a strain of literature that is con-

cerned with the input additionality of R&D subsidy programs20. Instead, we look at the

output additionality of Eurostars in the policy-relevant dimension of firm growth and

commercialization of R&D (Link and Scott, 2010).

Our results have important implications for the design of future innovation policies in

Europe. In 2014, the successor program Eurostars 2 was launched under the European

Horizon 2020 Framework Programme.21 Its total budget, which is again allocated as a

Virtual Common Pot, increased significantly compared to Eurostars 1 with a contribu-

tion of EUR 287 million over six years by the European Commission. In addition, other

Joint Programming Initiatives are also organized as a VCP.22

A VCP has two distinct advantages when it comes to pooling financial resources

by sovereign states to a common R&D subsidy program. First, it reduces free-riding

incentives and makes sure that countries provide sufficient national budgets. Second,

20For a discussion of the effect of Eurostars grants on firms’ patent applications refer to the online
appendix.

21http://ec.europa.eu/programmes/horizon2020/en/h2020-section/eurostars-programme
22Moretti and Villanova (2012) estimate that around 80% of joint calls are organized as a VCP.
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it avoids debates about “juste retour”—the question whether countries benefit from a

program proportionally to what they pay into it. Thus, a VCP is particularly suited for

reaching the goal of further policy harmonization given the EU’s highly federal structure.

However, our results illustrate that such a rule imposes non-negligible costs. Eurostars

would have been considerably more cost-effective if it had been organized as an RCP.

Although desirable from the point of view of efficiency, a switch from a VCP to an

RCP might not be politically feasible. Therefore, we propose a mixed mode between the

two. Article 185 of the Treaty on the Functioning of the European Union permits the

European Commission to contribute its own financial resources to Joint Programming

Initiatives. In the case of Eurostars the EC’s earmarked contribution amounted to 25%

of the total budget. This share could have been allocated as a RCP, which would have

resulted in 28% more jobs and 53% more sales our sample. Because national budgets

would still remain in a VCP, concerns about free-riding and “juste retour” could likewise

be avoided. We therefore think that a mixed mode represents a better trade-off between

economic efficiency and political feasibility than a pure Virtual Common Pot.
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A. APPENDIX (INTENDED FOR ONLINE PUBLICATION)

A.1. Appendix figures

Figure A.1: Funding in a Virtual Common Pot

Notes: Funding status of Eurostars projects depending on their rank in the quality evaluation
of a given cutoff. Black cells denote funded projects, white cells stand for projects that did not
receive funding, and gray cells indicate projects which did not pass the eligibility threshold.
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Figure A.2: Directed acyclic graph of the empirical model

(1)

(2)

Notes: A graphical representation (Pearl, 2009) of our empirical model in equation (1) of
the paper. Arrows denote the direction of causal relationships between variables. The top
panel shows the full model and the bottom panel depicts the reduced graph when taking our
identifying assumptions and perfect compliance to the instrument into consideration. Hollow
circles are used to indicate unobserved variables in the reduced graph.
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Figure A.3: Earmarked budgets by country (in million EUR)
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Notes: Figure shows the financial contributions of countries in our sample to the Eu-
rostars program, pooled over all cutoffs (1 to 10). Source: Eurostars Final Evaluation,
2014.
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Figure A.4: Histogram of project evaluation scores
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Notes: Figure shows the distribution of project evaluation scores (Score) before adjusting the
sample to comply with common support assumption (see Section 2.2 in the paper).
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Figure A.5: Geographical distribution of project evaluation scores

Notes: Figure shows the geographical distribution of average project evaluation scores (Score)
before adjusting the sample to comply with common support assumption (see Section 2.2 in
the paper).

35



Figure A.6: Overlap plots for propensity matching
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Notes: Kernel estimates of the distribution of propensity scores for the matching results in
Table 3 of the paper (first graph refers to column (1) and so forth). Solid line: density of the
predicted probability that a funded firm is assigned to funding (fP,D=1). Dotted line: density
of the predicted probability that a non-funded firm is assigned to funding (fP,D=0). Kernel=
epanechnikov, bandwidth = plug-in estimate (Silverman, 1986).
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A.2. Appendix tables

Table A.1: Descriptive statistics for sample split according to treatment status

Untreated Treated

Mean Std. Dev. Mean Std. Dev. Difference

∆Employment 1.296 5.308 1.293 6.784 −0.003
∆Sales 0.212 0.681 0.197 0.606 −0.015
Employmentt−1 24.967 38.342 29.787 46.837 4.820
Score 427.672 22.199 453.925 28.661 26.253∗∗∗

Patent Stock 10.648 28.782 11.119 28.906 0.471
Growth Rate -0.001 0.011 -0.003 0.012 −0.002∗∗

Self-funding 0.114 0.077 −0.037∗

ICT 0.278 0.342 0.064∗

Engineering 0.370 0.304 −0.066∗

Bioscience, Pharma 0.194 0.233 0.039
& Chemistry

Other 0.158 0.121 −0.036
Cutoff 1 0.161 0.172 0.011
Cutoff 2 0.136 0.144 0.008
Cutoff 3 0.099 0.186 0.087∗∗∗

Cutoff 4 0.121 0.128 0.007
Cutoff 5 0.150 0.115 −0.035
Cutoff 6 0.176 0.148 −0.028
Cutoff 7 0.158 0.107 −0.050∗∗

DE 0.260 0.148 −0.112∗∗∗

FR 0.062 0.091 0.029
IT 0.055 0.083 0.028
UK, IE 0.040 0.016 −0.024∗∗

NL, BE, LU 0.121 0.115 −0.005
AT, CH 0.044 0.079 0.035∗

FI, SE, NO, DK 0.168 0.170 0.002
GR, PT, ES 0.165 0.180 0.015
EU since 2004 0.084 0.117 0.033

Standard errors in parentheses: ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗p < 0.01
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Table A.2: Propensity score model

(1) (2) (3)

Score 0.02∗∗∗ (0.00) 0.03∗∗∗ (0.00) 0.03∗∗∗ (0.00)
Employmentt−1 0.00 (0.00) 0.00 (0.00) 0.00 (0.00)
Patent Stock 0.00 (0.00) 0.00 (0.00) 0.00 (0.00)
Cutoff 2 -0.15 (0.18) -0.10 (0.19) -0.11 (0.19)
Cutoff 3 0.35∗ (0.18) 0.48∗∗ (0.19) 0.47∗∗ (0.20)
Cutoff 4 -0.16 (0.19) -0.09 (0.20) -0.11 (0.20)
Cutoff 5 -0.05 (0.18) -0.00 (0.20) -0.03 (0.20)
Cutoff 6 -0.24 (0.17) -0.26 (0.18) -0.28 (0.19)
Cutoff 7 -0.50∗∗∗ (0.19) -0.39∗∗ (0.20) -0.41∗∗ (0.20)
Technology Class 1 0.13 (0.17) 0.11 (0.17) 0.12 (0.17)
Technology Class 2 -0.01 (0.16) -0.03 (0.17) -0.02 (0.17)
Technology Class 3 -0.01 (0.18) -0.07 (0.18) -0.05 (0.18)
FR 0.91∗∗∗ (0.23) 0.87∗∗∗ (0.23)
IT 1.08∗∗∗ (0.25) 0.87∗∗∗ (0.30)
UK, IE -0.02 (0.36) -0.09 (0.37)
NL, BE, LU 0.52∗∗∗ (0.20) 0.42∗∗ (0.22)
AT, CH 0.96∗∗∗ (0.25) 0.96∗∗∗ (0.25)
FI, SE, NO, DK 0.72∗∗∗ (0.18) 0.73∗∗∗ (0.18)
GR, PT, ES 0.98∗∗∗ (0.18) 0.77∗∗∗ (0.25)
EU since 2004 1.22∗∗∗ (0.21) 1.12∗∗∗ (0.22)
Growth Rate -9.44 (7.71)
Self-funding -0.16 (0.18)
Constant -9.85∗∗∗ (0.89) -12.52∗∗∗ (1.03) -12.40∗∗∗ (1.04)

Observations 767 767 767

Standard errors in parentheses: ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗p < 0.01
Notes: Probit regression of treatment status on covariates. Base categories: Germany (country

groups) and Cutoff 1.
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Table A.3: Nearest-neighbor matching on mul-
tidimensional covariate vector (exact
matching)

(1) (2) (3)

ATE ∆Employment 0.395 0.027 0.497
(0.500) (0.476) (0.446)

ATE ∆Sales 0.001 0.020 0.035
(0.065) (0.069) (0.066)

Standard errors in parentheses: ∗ p < 0.10, ∗∗ p < 0.05,
∗∗∗p < 0.01
Note: Specifications are analogous to Table 3 in the pa-

per. The Mahalanobis distance is used as metric and a bias-
correction according to Abadie and Imbens (2011) is per-
formed.

A.3. Missing data

Our final estimation sample comprises 767 observations (out of 1,351 given the other
sample restrictions we describe in the main text) for which employment information
could be retrieved in the Amadeus database. Table A.4 reports differences in mean
values of covariates between the sample of firms for which information is available and
the missing sample. Due to several significant differences a hypothesis of “missing at
random” can be rejected. It is not surprising that the coverage of the Amadeus database
varies according to country affiliation and is better for many Western European countries
(with the UK and Ireland being an exception). Our attempt at matching Eurostars’
administrative records with Amadeus seems to have been more successful for later cutoff
rounds. In addition, the coverage of firms in Amadeus appears to be slightly better in
the engineering sector than in ICT and biosciences. What is reassuring, however, is the
fact that there are no differences between groups in terms of funding propensity, project
evaluation scores, initial patent stocks and the probability to self-fund a project. We
therefore conclude that, since missing and non-missing observations are similar in many
important dimensions, the influence of missing data on our estimation results should not
be too large.

A.4. Collaboration network in Eurostars

The following figures and tables describe the network of collaborations between countries
in Eurostars by application cutoff23. From the full sample of applicants we compute
the unique pairwise links between countries in a consortium, excluding links between a
country with itself. For example, for a consortium with partners from country A, B, B,
and C we count the links A-B, A-C, and B-C. Node sizes in the figures are proportional

23Note that the following network graphs do not show realized (i.e., funded) collaborations but those
that were initially applied for.
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Table A.4: Covariate comparison between estimation and missing sample

Information in Amadeus:

Available Missing Difference

Funding 0.644 0.604 0.04
Score 444.581 444.412 0.169
Patent Stock 10.952 9.269 1.683
Growth Rate -0.219 -0.047 -0.172∗∗

Self-funding 0.09 0.09 0

Technology Class:

ICT 0.319 0.366 -0.047∗

Engineering 0.327 0.277 0.05∗∗

Bioscience, Pharma & Chemistry 0.219 0.231 -0.012∗∗

Other 0.134 0.125 0.009

Cutoff Dummies:

Cutoff 1 0.168 0.212 -0.044∗∗∗

Cutoff 2 0.141 0.212 -0.071∗∗∗

Cutoff 3 0.155 0.164 -0.009
Cutoff 4 0.125 0.074 0.051∗∗∗

Cutoff 5 0.128 0.106 0.022
Cutoff 6 0.158 0.118 0.04∗∗

Cutoff 7 0.125 0.113 0.012

Country Groups:

DE 0.188 0.079 0.109∗∗∗

FR 0.081 0.103 -0.022
IT 0.073 0.043 0.03∗∗

UK, IE 0.025 0.158 -0.133∗∗∗

NL, BE, LU 0.117 0.056 0.061∗∗∗

AT, CH 0.066 0.084 -0.018
FI, SE, NO, DK 0.169 0.176 -0.007
GR, PT, ES 0.175 0.125 0.05∗∗∗

EU since 2004 0.106 0.074 0.032∗∗

N 767 584

Standard errors in parentheses: ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗p < 0.01
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to the degree of a node (number of links with other countries) and the thickness of edges
corresponds to their weight (number of projects that have a connection between two
respective countries). Tables A.5 and A.6 show degrees and weighted degrees (number
of projects that have a link with a respective country) of countries in the collaboration
network. Overall, degrees and weighted degrees show a tendency to increase, which
means that the collaboration network became more dense over time.

Figure A.7: Collaboration network in Eurostars (cutoff 1)
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Figure A.8: Collaboration network in Eurostars (cutoff 2)
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Figure A.9: Collaboration network in Eurostars (cutoff 3)
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Figure A.10: Collaboration network in Eurostars (cutoff 4)
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Figure A.11: Collaboration network in Eurostars (cutoff 5)
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Figure A.12: Collaboration network in Eurostars (cutoff 6)
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Figure A.13: Collaboration network in Eurostars (cutoff 7)
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Table A.5: Degree in collaboration network
by cutoff

Cutoff

Country 1 2 3 4 5 6 7

AT 15 26 23 23 21 27 24
BE 3 15 18 19 17 17 20
BG 0 0 0 5 7 7 4
CH 14 11 8 19 13 29 35
CY 7 16 17 20 7 13 13
CZ 22 18 19 11 18 17 7
DE 38 43 42 50 37 42 41
DK 26 20 24 22 25 24 21
EE 14 11 10 6 6 7 4
ES 32 37 30 45 42 47 41
FI 24 15 19 12 10 16 20
FR 37 32 28 27 34 35 30
GR 20 26 27 21 14 13 6
HR 3 8 6 4 0 3 1
HU 19 14 11 21 19 19 9
IE 3 9 9 8 6 8 5
IL 16 29 14 18 20 16 17
IS 2 2 4 1 5 8 6
IT 13 41 38 22 36 29 30
LT 12 13 13 7 12 16 13
LU 0 4 0 2 1 3 3
LV 0 1 6 9 6 3 3
MT 3 0 0 2 3 4 1
NL 25 24 22 28 28 32 28
NO 23 23 18 25 23 27 28
PL 19 19 14 15 15 8 8
PT 19 25 16 21 24 23 19
RO 18 18 17 16 13 25 9
SE 27 29 23 20 24 26 27
SI 15 18 9 9 16 23 17
SK 5 10 8 10 5 7 4
TR 21 19 23 11 8 16 15
UK 13 30 28 27 35 44 37
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Table A.6: Weighted degree in collaboration network
by cutoff

Cutoff

Country 1 2 3 4 5 6 7

AT 27 51 36 56 40 48 45
BE 3 26 29 36 31 28 36
BG 0 0 0 5 8 9 4
CH 21 17 11 28 25 63 75
CY 9 28 23 32 8 16 15
CZ 34 27 23 13 21 23 9
DE 100 148 145 191 126 151 173
DK 33 31 61 39 41 42 53
EE 18 13 12 8 7 7 4
ES 60 103 70 110 108 175 161
FI 30 17 30 19 13 23 29
FR 70 107 70 73 103 108 90
GR 30 76 57 36 25 25 6
HR 4 9 6 4 0 3 2
HU 24 15 15 36 24 25 14
IE 3 11 9 11 9 10 5
IL 20 47 20 24 29 21 22
IS 3 2 5 1 5 8 6
IT 15 97 80 45 96 79 69
LT 15 15 16 8 12 17 14
LU 0 4 0 2 1 3 4
LV 0 1 7 10 6 3 3
MT 3 0 0 2 3 4 1
NL 47 48 40 60 61 78 64
NO 35 53 36 45 44 63 68
PL 24 29 17 18 18 13 9
PT 25 44 22 39 39 48 32
RO 24 26 28 20 20 40 14
SE 49 75 63 43 45 56 64
SI 21 23 10 13 22 30 25
SK 5 11 8 12 6 8 4
TR 26 26 25 17 9 28 31
UK 14 88 66 70 83 125 91
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A.5. Strategic partner choice

In this section we conduct three robustness checks to substantiate the claim that our
estimation results are not affected by strategic partner choice. First, we exclude firms
that, in the course of the final evaluation of the Eurostars program, agreed or strongly
agreed with the survey question (see Section 2.3 of the paper):

“We chose our project partners strategically from certain countries because
we believe that differences in national budgets affect the probability to obtain
funding by Eurostars.”

Results are very similar to those in Table 3 of the paper. This is consistent with our
argumentation that even if firms tried to choose project partners strategically, public
information about earmarked budgets and demand for funds was not sufficiently available
to do so.

Table A.7: Strategic partner choice robustness
check #1

(1) (2) (3)

ATE ∆Employment 0.271 0.344 0.784
(0.518) (0.710) (0.792)

ATE ∆Sales 0.050 0.090 0.087
(0.092) (0.076) (0.073)

Standard errors in parentheses: ∗ p < 0.10, ∗∗ p < 0.05,
∗∗∗p < 0.01
Note: Sample excludes firms that agreed or strongly agreed

with the survey item in Section 2.3 of the paper. Propensity
score matching analogous to specifications in Table 3 of the
paper.

Second, Eurostars’ evaluation report (Makarow et al., 2014, p. 53) mentions five
countries, Italy, Greece, Cyprus, Spain, and Ireland, that were unable to fully provide
their initially earmarked budget. This was due to pressure on public finances caused
by the financial crisis and the subsequent European sovereign debt crisis. Out of this
group only Greece experienced a substantial drop in degree and weighted degree within
the Eurostars collaboration network (see Section A.4). We take this as evidence that
firms were mostly unaware of national budget sizes and thus unable react strategically
to budget changes.

The Greek crisis, however, attracted a lot of media attention all over Europe from
2009 onwards. In this exceptional case a shortfall of public financing was more visible
which might have led certain firms to avoid Greek collaboration partners. The following
table shows estimations if we exclude all firms in projects with a Greek partner from the
sample. Again, our main results in Table 3 of the paper remain robust.
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Table A.8: Strategic partner choice robustness
check #2

(1) (2) (3)

ATE ∆Employment 0.506 0.050 1.001
(0.767) (0.745) (0.848)

ATE ∆Sales 0.013 0.042 0.098
(0.104) (0.079) (0.078)

Standard errors in parentheses: ∗ p < 0.10, ∗∗ p < 0.05,
∗∗∗p < 0.01
Note: Sample excludes all projects with a Greek partner.

Propensity score matching analogous to specifications in Ta-
ble 3 of the paper.

The third robustness check is concerned with learning over time about strategically
favorable partner countries, because Eurostars allowed firms to apply multiple times
for project funding. In our sample we only keep one project application per firm. For
untreated firms this is their first application. Thus, learning can be ruled out for them.
By contrast, for firms that received a grant at one point in time, we retain the first
successful application; otherwise we would risk to classify firms as untreated, although
they were treated later on. Therefore, learning could be a possibility for treated firms.
Nevertheless, we still find insignificant effects of R&D grants on employment and sales
growth if we exclude firms with a prior project application.

Table A.9: Strategic partner choice robustness
check #3

(1) (2) (3)

ATE ∆Employment 0.333 0.049 0.247
(0.493) (0.711) (0.726)

ATE ∆Sales 0.083 0.026 0.084
(0.091) (0.076) (0.078)

Standard errors in parentheses: ∗ p < 0.10, ∗∗ p < 0.05,
∗∗∗p < 0.01
Note: Sample excludes all (treated) firms with a previous ap-

plication to Eurostars. Propensity score matching analogous
to specifications in Table 3 of the paper.

A.6. Robustness to different bandwidth choices

To comply with the common support assumption in our matching procedure we restrict
the sample to firms that received a project evaluation score in the interval of 400 to 510.
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In this section we explore the robustness of our results to different interval choices. For
no reported bandwidth choice we find a statistically significant treatment effects.

Table A.10: Robustness to different bandwidths

[410, 500] [405, 505] [400, 510] [395, 515] [390, 520]

ATE ∆Employment 0.762 0.244 0.900 0.339 -0.100
(0.784) (1.009) (0.797) (0.551) (0.793)

Observations 619 680 733 771 797

ATE ∆Sales 0.006 0.015 0.090 0.063 0.081
(0.085) (0.095) (0.072) (0.069) (0.109)

Observations 471 521 560 591 614

Standard errors in parentheses: ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗p < 0.01
Note: Propensity score matching analogous to specification (3) in Table 3 of the paper for varying

bandwidth choices concerning admissible project evaluation scores.

A.7. Effect of Eurostars funding on patent applications

Employment and sales growth, our dependent variables, are meaningful measures of eco-
nomic success for small and medium-sized enterprises and were a specific policy goal of
the Eurostars program. We also explored treatment effects on patent applications by
firms as a more direct indicator of whether firms increased their innovation activities
due to the receipt of R&D grants. However, we note that the theoretical foundation
for expecting a positive effect on patenting is weak as Eurostars funded applied re-
search projects that were close-to-the-market. Instead, the policy tried to stimulate the
commercialization of existing technologies rather than the production of patentable in-
ventions. Furthermore, Eurostars attracted many applicants from the IT sector where
patents play a lesser role for the protection of intellectual property.

Table A.11 reports propensity score matching results with average yearly patent ap-
plications, (Pat2013−Patt−1)/(2013− t+ 1), as dependent variable. Effects are close to
zero, as expected, and estimated with high precision. In addition, unreported analyses
show no substantial treatment effect heterogeneity. Since there are neither empirical ev-
idence nor compelling theoretical arguments for an effect of Eurostars grants on patent
applications, we decided to keep these analyses out of the main paper.
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Table A.11: Effect on patent applications

(1) (2) (3)

ATE ∆Patents 0.081 -0.009 0.029
(0.082) (0.078) (0.105)

Standard errors in parentheses: ∗ p < 0.10, ∗∗ p <
0.05, ∗∗∗p < 0.01
Note: Propensity score matching analogous to specifi-

cations in Table 3 of the paper.

A.8. Heterogeneous treatment effects

Applied researchers are often interested in how treatment effects of R&D subsidies vary
with other observed characteristics such as firm size or age (Czarnitzki and Lopes-Bento,
2013; Hottenrott and Lopes-Bento, 2014b,a; Balsmeier and Pellens, 2016). To explore
treatment effect heterogeneity, some researchers perform a propensity score nearest-
neighbor matching (PSM) and subsequently regress the difference in outcome variables
of matched pairs, (Y 1

i − Y 0
i,nn), on a covariate of interest, W . In the following we show

that it is preferable to first match on the entire covariate vector rather than the one-
dimensional propensity score when using this method. We additionally perform a Monte
Carlo simulation to substantiate our argument.

Let X = (X
′
−W ,W

′)
′

be the entire vector of covariates and consider the setting of
Section 2.1 in which we restrict attention to the region of common support X ∈ S where
compliance is perfect. Given the conditional independence assumption

(Y 1, Y 0) ⊥⊥ Z|X

we are able to estimate the (local) average treatment effect of Z on Y conditional on the
one-dimensional propensity score (Rosenbaum and Rubin, 1983)

p(X) = Pr(Z = 1|X).

By the law of iterated expectations it holds that

τ = E[Y 1 − Y 0] = E[E[Y 1 − Y 0|p(X)]].

Consider for simplicity that all elements of X are discrete such that exact matching is
possible. Under treatment effect heterogeneity, researchers are interested in the average
treatment effect conditional on W

τ(W ) = E[Y 1 − Y 0|W = w].
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because τ(W = w) 6= τ(W = w′) for w 6= w′. In an exact matching on the whole
covariate vector, matched pairs (asymptotically) share the same values for all elements
of X. The object of interest can then be identified as

E[Y 1 − Y 0|W = w] = EX−W

[
E[Y 1|X−W ,W = w]− E[Y 0|X−W ,W = w]

]
.

where the expectation is taken over all elements of X excluding W . For binary W
an OLS regression of the matched pairs’ differences in Y on W indeed estimates this
conditional expectation.

For the propensity score matching, however, observations and their matched neighbors
do not necessarily share the same values for all components of X. The PSM only creates
a control group of matched observations with the same distribution of X. Because
covariates are balanced in this sense, a confounding effect of X is eliminated on average.
But pairs matched according to the propensity score might possess very different values
of W . Averaging differences for observations with W = w over the distribution of p(X)
only fixes W for the original observation and does therefore not identify the object of
interest

E[Y 1 − Y 0|W = w] 6= Ep(X)

[
p(Z = 1)

{
E[Y 1|p(X),W = w]− E[Y 0|p(X)]

}
+ p(Z = 0)

{
E[Y 1|p(X)]− E[Y 0|p(X),W = w]

} ]
.

For continuous covariates the same basic argument applies although exact matching
is not feasible and the matching becomes less precise. In this case, a bias-correction
proposed by Abadie and Imbens (2011) should be considered because matching estima-
tors are not N1/2-consistent and contain an additional bias term that depends on the
number of continuous covariates (Abadie and Imbens, 2006). In the following section, we
conduct a Monte Carlo simulation to compare the performance of our proposed method
with the standard procedure used in the literature.

A.9. Monte Carlo results

Let (ε0, ε1, X1, X2) be independently standard normal. We consider two cases: (1)
W = 1(ε2 > 0.5) − 0.5 is binary with ε2 ∼ U(0, 1), and (2) W ∼ N(0, 1) is continuous.
We specify treatment heterogeneity to be linear in W : τ(W ) = 0.5 ·W + 1. Thus, the
average treatment effect τ is equal to one and a linear regression should estimate the
heterogeneity parameter, τ(W ) = 0.5, consistently for both discrete and continuous W .
We parametrize the binary treatment indicator Z and the outcome variable Y as follows

Z = 1(−0.5 +W +X1 − 0.3 ·X2
1 + ε0 > 0) (3)

Y = 1 + τ(W ) · Z + exp(X1 + 0.1 ·X2
2 ) +X2

2 + ε1 (4)
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We compare three estimation methods to explore treatment effect heterogeneity. First,
we estimate an OLS regression with interaction terms

Y = β0 + β1Z + β2W + β3Z ·W + β4X1 + β5X2 + ε

which ignores the non-linearity in the data but serves as a benchmark. Second, we es-
timate equation (3) by Probit and conduct a nearest-neighbor matching on the predicted
treatment propensities. Subsequently, we regress the differences in the outcome variable
Y between matched pairs on W . Third, we alter the two-step estimation by not matching
firms based on the estimated propensity score but considering the Mahalanobis distance
in the complete covariate vector (W,X1). Additionally, we perform a bias-correction
to improve the convergence rate of the nearest-neighbor matching (Abadie and Imbens,
2006, 2011).

Table A.12: Monte Carlo simulation

OLS PSM NNM

bias-correction:
without with

(1) W discrete:

τ 0.642 1.015 1.015 0.846
(0.253) (0.364) (0.320) (0.356)

τ(W ) 0.293 0.120 0.468 0.606
(0.408) (0.430) (0.587) (0.617)

(2) W continuous:

τ 0.620 1.091 1.208 0.747
(0.310) (0.485) (0.295) (0.364)

τ(W ) 0.343 0.182 0.395 0.658
(0.214) (0.500) (0.328) (0.400)

Averaged estimation results of 200 repetitions with N = 1000. Stan-
dard deviations in parentheses. (OLS): linear regression of Y on
(Z,W,Z · W,X1, X2). (PSM): propensity score matching and sub-
sequent regression of the difference in Y between matched pairs on
W . (NNM): nearest-neighbor matching on the entire covariate vector
(W,X1), with and without bias-correction, and subsequent regression of
individual differences on W . Theoretical values: τ = 1 and τ(W ) = 0.5.

Table A.12 presents estimated parameters averaged over 200 simulations with 1, 000
observations. Nearest-neighbor matching performs best among all methods in estimating
the treatment effect heterogeneity parameter. Unsurprisingly, estimations are less biased
when W is discrete and exact matching is feasible. Abadie and Imbens (2006) show
theoretically that the bias increases with the number of continuous covariates which is
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mirrored in our simulation results for continuous W . Interestingly, for our setup the
bias-corrected version is further away from the true values of both the ATE and the
heterogeneity parameter compared to the standard nearest-neighbor matching. The
correction is based on a linear regression on the covariates (Abadie and Imbens, 2011)
which seems to harm estimation precision given the non-linear outcome model and the
relatively small sample size. However, we rather regard this as a special case of our
setup.

Although OLS cannot capture the non-linear part of the outcome model (equation 4)
it nevertheless comes closer to the true heterogeneity parameter than the PSM method.
However, point estimates for the average treatment effect τ are far off in OLS. The PSM
method performs particularly poorly in capturing the treatment effect heterogeneity,
which is the main result of this simulation exercise.
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