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Abstract

Innovation policy aims to foster collaborations between science and industry in many countries,
but there is little evidence for the effectiveness of such efforts in developing countries. We use
regression discontinuity to measure the impact of funding from Poland’s In-Tech program on
innovation activities carried out by consortia of firms and research entities. A detailed follow-up
survey of applicants enables us to measure a wider variety of outcomes than typically used in the
literature. We find the grants increase the probability of a project being completed by almost 60
percentage points, lead to more science-industry collaboration, and increase the probability of
domestic patents and publications related to the proposed project. We also find early effects on

commercialization of products related to the proposed project.
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Efforts to foster collaboration between science and industry have long been a part of innovation
policy efforts in many countries (Cunningham and Gok, 2012). Firms stand to benefit from
accessing the specialized infrastructure and expertise available in universities, while researchers
gain access to practical problems that can provide greater relevance for their research, to industrial
capabilities for manufacture, and to assistance in commercializing their ideas to take them to
market. These collaborations are becoming increasingly important for the innovation process, in
part because many new inventions are directly rooted in science, such as biotechnology,
information technology, and new materials (OECD 2002, Albuquerque et al 2015). Yet there are
several barriers that inhibit collaboration, including financing constraints, information
asymmetries which prevent researchers and firms interacting, and transaction costs in negotiating
collaboration agreements. Government subsidies may provide an incentive to seek out these
connections and may foster increased interaction between firms and scientific units.

While such policies have been used for some time in the U.S., Western Europe, and Japan, they
are now also becoming common in middle and high income countries that are attempting to close
the gap with the most developed countries through innovation. For example, Mexico’s National
Council for Science and Technology (CONACYT) operates a program, the Programa de Estimulos
a la Innovacion (PEI), which gives innovation subsidies to either private firms or firms that
collaborate with universities or public research centers.? In 2013, the program funded 703 projects
with a median grant size of USD160,000. About half of these projects went to firms that
collaborated with at least two universities or research institutes. Similarly, Malaysia’s science fund

gives preference to applications that show links with firms; Colombia’s Colciencias is also

2 More information about this program is available on CONACYT’s website
http://www.conacyt.gob.mx/index.php/fondos-y-apoyos/programa-de-estimulos-a-la-innovacion
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attempting to generate more linkages between industry and research; and the World Bank is
working with the government of Kazakhstan to implement a similar project.

However, despite the increasing popularity of such policies, there is currently little empirical
evidence on the causal effects of R&D subsidies for science-industry consortia (Cunningham and
GOk, 2012). Most common are case studies without counterfactuals as in Hayashi’s (2003) study
of Japanese programs. The limited available attempts at causal evidence focus on developed
country experiences using propensity score matching. Such an approach is used by L66f and
Brostrém (2008) for Sweden and Scandura (2016) for the U.K.2 Both studies find some positive
effects, but are subject to the concern that firms choosing to participate and then selected in such
programs may differ on unobservables from those choosing not to participate. It is also unclear the
extent to which these findings will translate to emerging economies, where the constraints to
industry-research collaboration may be stronger.

This paper adds to this literature by studying the effect of the In-Tech program in Poland on
science-industry collaboration, research and innovation, and product commercialization. The In-
Tech program provides grants to consortia of research entities and firms for proposed research
projects. Applications receive a score based on peer reviewer ratings and those with a score above
a threshold are offered funding. Based on this funding rule, we use a regression discontinuity (RD)
design to estimate the effects of receiving In-Tech funding for applicants to the 2012 and 2013
calls for proposals. We use data from In-Tech application forms to show that applicants above and

below the cutoff have similar characteristics, suggesting that the RD approach is valid.

3 Another type of program attempts to form connections between firms. Branstetter and Sakakibara (2002) and
Sakakibara and Branstetter (2003) also use matching techniques to examine the impact of these programs in Japan
and the U.S. They find a positive impact on patenting, but this is again subject to the concern that matching is not able
to account for selection on unobserved characteristics.



Follow-up information on projects and consortia outcomes comes from a 2016 survey of 400
applicants both above and below the funding cutoff that was specifically designed to measure the
impact of In-Tech. The consortium leaders in our sample have a mean of 100 and median of 28
research employees and a mean of 140 and median of 41 technical and administrative staff
members. Most projects are in a field of engineering, with the largest field being electrical,
mechanical, or materials engineering.

Our findings show that receiving In-Tech funding increases the probability of a project being
completed by almost 60 percentage points (from about 20% completed to close to 80% completed).
The survey responses regarding collaboration reveal that most consortia had already collaborated
before applying to the program (about 85 percent of applications). However, the impact estimates
show a 14 to 18 percentage point increase in the likelihood of a new collaboration taking place
within the consortia since applying. We also examine whether In-Tech funding crowds out
collaboration with entities outside the consortia and do not find this to be the case, suggesting that
In-Tech led to more science-industry collaboration overall.

Looking at innovation outputs, we find that receiving In-Tech funding increases the probability
that the consortium applied for a patent related to their proposed project (from about 15% to 60%)
and there is no effect on applying for a patent for another project. The patents are domestically
issued, with no impact on patenting at the European level. Similarly, members of a consortium that
received In-Tech funding are more likely to publish a paper related to their proposed project, with
no significant effect on publications related to other projects. We do not find an effect on other
measures of innovation, such as having developed a new industrial design, new prototype, new

products, or new process during the past five years. The lack of impact on these measures may be



due to the fact that about 80% of consortia in our sample report doing at least one of these activities,
so the baseline level of innovation is quite high.

Finally, for commercialization, we find that receiving In-Tech funding leads to about a 20
percentage point higher probability of a product related to the proposed project being ready for
sale or currently being sold in Poland. However, these products currently only account for about
1% of firm sales, which may be the case since our follow-up period is relatively short, covering
only 3 to 4 post-funding years.

Although there is relatively little literature on the effectiveness of research grants to foster industry-
science collaborations, our paper is related to a broader literature that has studied the effects of
grants to firms, or to researchers separately. This has again largely focused on the most developed
countries. The early literature on R&D subsidies to firms typically relied on panel estimation,
instrumental variables (IV) techniques or propensity score matching to estimate these effects and
may be subject to estimation bias.* More recent papers use regression discontinuity designs and
find that government policies to promote R&D by firms have increased patent applications by
these firms in Italy (Bronzini and Piselli 2016), the UK (Dechezleprétre el al. 2015), and the US
(Howell 2017). In terms of grants to researchers, the literature has examined the impact of National
Science Foundation (NSF) or National Institute of Health (NIH) grants in the US on publications
and patents using a mix of OLS , IV, and RD methods, and found mixed evidence (Arora and
Gambardella, 2005; Jacob and Lefgren, 2011; Azoulay et al., 2015). In a similar vein, Ganguli
(forthcoming) conducts regression discontinuity analysis of a large-scale grant program for
scientists in the former Soviet Union, funded by financier George Soros, and finds that the grants

more than doubled researcher publications.

4 See ZUiiga-Vicente el al, 2014, for a summary of this literature, as well as Hall and Maffioli (2008), Czarnitzki,
Hanel, Rosa (2011), Cappelen, Raknerud, and Rybalka (2012), and Jaffe and Le (2015).
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Our findings are thus in line with previous findings suggesting that grants to firms and researchers
individually can have positive impacts on publications and patents. We show these positive
impacts also hold in an emerging economy setting when funding consortia of researchers and
firms. Moreover, while previous studies have typically had to rely on firm balance sheet data and
patent and publication databases, our use of a specialty survey allows us to consider a broader
range of outcomes than previous studies, and, in particular, to document the positive effect of
Poland’s In-Tech program on science-industry collaboration, thus adding a new finding to the

literature.
. Context and the In-Tech Program

Poland’s per capita income in 2012 was just under $24,000 in PPP terms, which places it at the
average for the Europe and Central Asia region, and at a level of development similar to that of
Argentina, Chile, Malaysia, Russia and the Seychelles. Poland’s economy grew rapidly following
the end of communism and accession to the European Union. However, much of this growth was
driven by low labor costs that allowed industrial catch-up towards the technological frontier (MSP,
2013), and like many of these other countries of similar income levels, the challenge for
development is now how to move beyond pure cost competitiveness to innovation as a source of
growth.

Poland’s technical capacity in the sciences is relatively high due to the emphasis placed on physics
and chemistry during communist times. However, this research was government sponsored and
theoretical, with hardly any market linkages (Arogyaswamya, and Koziolb, 2005). R&D spending

amounted to less than 0.8 percent of GDP in 2012, one of the lowest rates in the European Union.®

5> The World Bank, 2012 Poland Enterprise Innovation Support Review: From Catching Up to Moving Ahead.
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A Kkey opportunity to invest more in R&D arose from European Union funding, which allocated
nearly €10 billion in financing for innovation activities over the 2007-2013 period. During this
period, Poland established the National Center for Research and Development (NCBIR), with a
mandate to finance applied research and commercialization programs. Its programs now account
for around 40 percent of the national research and development budget. One of the programs it
offers is Innotech, which is designed to support research entities and businesses in carrying out
innovative projects in scientific and industrial areas. Innotech has two program tracks, In-Tech and
Hi-Tech. Our focus is on In-Tech, the larger of the two program tracks.®

In-Tech has three main objectives. The first is to increase the number of developed and
implemented innovative technologies in Poland, the second is to increase funding spent by
companies on research and development projects that can benefit the economy, and the third is to
strengthen collaboration between the scientific community and firms. The goal is to take ideas
from the research stage through to commercialization. Beneficiaries can receive funding for two
phases: a research phase of up to 24 months, and an implementation phase of up to 12 months.’
They could apply for both research and implementation, or for the research phase only.

The program provides funding for each project of up to 10 million PLN (approximately USD2.9
million), with a median grant size of 2.3 million PLN (approximately USD660,000).8 Funding can
be used to support research expenses during the research phase, including payroll, scientific
equipment, research services, operating costs and overheads; and in addition during the

implementation phase can also cover costs associated with getting a product ready for market,

6 The Hi-Tech program is designed for businesses in advanced technology areas, and funded 60 firms over two funding
cycles. We do not study this program given how small the sample size is.

7 Beneficiaries could receive funding for up to 36 months if they applied only for the research phase, and have the
possibility of extending the implementation phase to 12 months if they can provide sufficient justification.

8 The Polish Zloty has fluctuated between 3 and 4 PLN to the USD over the period 2011-2016. We use 3.5 for these
conversions to provide an approximate sense of the USD value during the lifetime of the program.
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including advisory services, legal fees, administrative fees, market research, compliance
certification with national or international standards, and activities involved with obtaining
industrial property rights. Recipients are given the grants, but the program does not provide any
additional capacity building activities such as mentoring, training, connections to angel investors
and Venture Capital funds, etc. Up to 100% financing of research institutions for research tasks is
provided, while firms receiving funding are expected to contribute between 10 and 35 percent of
the costs depending on firm size and type of expenditure.

Public funding for these projects is potentially justified as addressing several market failures. The
first is a standard failure in the credit markets for financing risky innovation — where asymmetric
information and the risk of failure make banks reluctant to lend for research and development
activities. Second, if innovation has spillover benefits for other firms due to copying or building
on research findings, then the social benefits may exceed the private benefits leading firms to
underinvest. A third market failure is a coordination failure between industry and research units.
Advanced technological research can require costly equipment and experts that may be beyond the
reach of many firms. Universities and other research units have this equipment (typically publicly
financed) and research experts, but may not have the right links to firms or knowledge of market
needs. While the program doesn’t directly provide match-making services, the funds may
incentivize industry and research units to come together in order to be able to apply for funding.
Application Process

The program was established in November 2011, and was advertised in national newspapers as
well as through the website of NCBIR. Applicants could apply as a scientific consortium consisting
of at least one research unit and at least one enterprise, or otherwise as an enterprise or as a center

for industry and science. There were two annual calls for proposals, with a one month period to



apply online, the first in April 2012, and the second in July 2013. There was no restriction on the
sectors in which firms could be operating, so long as the proposal was for developing and
implementing innovative technologies. Applications are detailed, with information about the
qualifications and prior experience of the applicants, the proposed research tasks, how the partners
in a consortia will work together, the possibilities for commercialization, and a detailed budget.
The two calls attracted 968 applications, of which 808 were from consortia, 158 from enterprises,
and 2 from scientific units. It funded 164 of these, with 159 of those funded coming from consortia,
and only 5 applications from enterprises being funded. As a result, our impact evaluation focuses
only on consortia, since there are too few applications from enterprises funded to allow estimation
of the impact of receiving In-Tech funding on that group.

Scoring

Proposals were sent to three peer reviewers, who were typically Polish experts in the area of the
application. A World Bank process evaluation noted that many of these experts had limited
industrial expertise and business background, leading to the potential favoring of the scientific
value of the projects over their commercial value. These reviewers were asked to grade each
proposal on eight criteria, each of which they would score on a 5 point scale, for a maximum score
of 40. Proposals were scored on i) the scientific value of the project; ii) the level of innovation of
the product that the project would result in; iii) the previous achievements and experience of the
project team; iv) the extent to which they have the necessary material and human resources to
implement the project; v) the degree of cooperation between scientific units and industry; vi) the
expected economic results; vii) the commercialization potential; and viii) the extent to which
enterprises are contributing their own funds towards the project. Reviewers were also asked to

verify the proposed budgets and discuss the extent to which the costs proposed were justified.



The scores from these peer reviewers were then averaged to give an overall score for the
application. Applications were ranked on this score, and a cutoff point was set separately for each
call for proposals, determined by the available budget for that funding round. This resulted in
cutoff scores of 32 for the first call for proposals and 30.5 for the second. In addition to exceeding
this threshold, to get funded applicants had to also achieve minimum scores of at least 2 or 3 out
of 5 on most of the score sub-components. NCBIR program managers would then negotiate
budgets with those selected if reviewers had identified queries on budget items. Applicants were
provided with their scores and had the right to appeal. We use the initial score which does not
reflect any revisions from these appeals, and has the advantage of not being influenced by
endogenous applicant responses to their scores.

This review process took 5 to 7 months, after which successful applicants signed funding
agreements. Successful applicants for the first round received their funding starting in December
2012, while those in the second round received this funding starting February 2014. Eligible costs
for the project could be incurred from the day of application, and refunded once the project was
selected and a financing agreement signed. As a result, some of the second round projects could
still be ongoing at the time of our study, although in practice we show the majority had been

completed.
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1. Regression Discontinuity Design and Survey

This scoring process has several features that make it suitable for use in regression discontinuity
analysis. The score is a clear cutoff used to decide funding, and the cutoff score is unknown to
peer reviewers and determined by funding availability. There is not a sharp discontinuity at the
threshold for two reasons. First, there were two consortia applications that received scores at or
above the threshold which were not funded — one withdrew their application and decided not to
sign a funding agreement, and one was rejected to avoid a risk of double-funding. Second, 14 of
the 159 funded applications had initial scores below the cutoff, and were approved following
appeals on the original scores.

We combine the two rounds for analysis by subtracting the round-specific cutoff scores. Figure 1
then plots the proportion of applications with each score receiving funding, showing a large jump
at the standardized cutoff point of zero.® The size of the jump is between 0.68 and 0.82 depending
on the bandwidth and whether a local linear or local mean is fit, and is always highly significant.

{Figure 1 about here}

Manipulation Tests

We conducted two different manipulation tests to check for potential sorting around the cutoff.
These tests estimate the density of scores on each side of the cutoff and then check whether there
is a jump in these densities at the cutoff, which would suggest that the scores may have been
manipulated. The first test, the McCrary test, gives an estimated log difference in the density
functions at the cutoff of 0.382 (standard error 0.191). The second test uses the rddensity command
in Stata and gives an estimated difference of -0.236 in the density at the cutoff (p-value 0.813).

While the McCrary test suggests that there is an upward jump in the density at the cutoff, the

® For scores that were not integers, we rounded down to the nearest integer when plotting Figure 1.
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rddensity test does not show a significant difference in the density at the cutoff and in fact the sign
of the coefficient here suggests a downward jump. We believe that the difference in results is due
to the different procedures for smoothing the discrete score variable used in both approaches.

As a further check, we plot the distributions of scores on each side of the cutoff in Figure 2. The
distributions look very similar on both sides of the cutoff.1® Also, based on program information
we have no reason to believe that scores could be manipulated around the cutoff since judges did
not know the cutoff at the time of scoring applications. Overall, we thus conclude that a regression
discontinuity approach is valid for estimating the impact of In-Tech.

{Figure 2 about here}

Estimation and Bandwidth Selection

We estimate the average treatment effect of receiving In-Tech funding for firms with scores at the
cutoff using the bias-corrected inference procedure of Calonico et al. (2014a), implemented with
the Stata rdrobust package of Calonico et al. (2014b). This procedure estimates the sharp
regression discontinuity (sharp-RD) treatment effect by using kernel-based local polynomials
within a specified bandwidth or neighborhood (h) on either side of the score cutoff. Since the
discontinuity in our case is fuzzy, not sharp, the treatment effect we estimate is the ratio of the
sharp-RD estimate from local regression of the outcome of interest on the score, to the sharp-RD
estimate from local regression of funding outcome on the score. Robust bias-corrected p-values
are then obtained which account for the bias involved in estimating the optimal h to use.

The choice of bandwidth or neighborhood in which to do the RD estimation is the most important
task in carrying out estimation in practice, since empirical results can at times be sensitive to which

observations are used in the analysis (Cattaneo and Vazquez-Bare, 2016). We use the Calonico et

10 Most scores have integer values or a 0.5 decimal point, but there are some values with 0.17, 0.33, 0.67 and 0.83
decimal points, which account for the short bars in Figure 2.
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al. (2014a) optimal mean-squared error bandwidth selection procedure with a uniform kernel for
local linear estimation on the few variables available for the full sample from the application data
(grant size, technical field, whether they applied for both the research and implementation phase,
and whether the leader of the consortia is an enterprise or research institute). This gives optimal
bandwidths between 5.0 and 8.9. Coupled with power calculations which showed that relatively
wide bandwidths are necessary to have sufficient statistical power, this led us to choose a
bandwidth of 8 points on either side of the cutoff for our main specifications, and for surveying.!
This results in keeping 158 out of 159 of the funded applications, and 301 out of 596 of the non-
funded applications (51%), for a total sample size of 459 projects. These 459 projects had further
information manually coded from their application forms, and were the target sample for a follow-
up survey (described below).

We then also consider three additional specifications for robustness. The first is to do further
bandwidth selection for local linear estimation of the treatment effect on each outcome variable
that we collect within this interval of 8 points on either side of the cutoff. This will give a different
optimal bandwidth for each outcome considered, and may give a smaller bandwidth than we would
have chosen had data first been collected on the full sample before choosing the bandwidth. It has
the advantage of potentially further reducing bias, but, by taking a smaller bandwidth than 8 points,
will have less statistical power. Second, we consider local mean estimation with the optimally
chosen bandwidth within the 8 point interval. This will typically choose an even smaller bandwidth
than that chosen for the local linear estimation, and then just compare means on either side of the

cutoff within this small bandwidth. Thirdly, we go back to the 8-point bandwidth, and add a set of

11 These calculations and bandwidth for surveying were done when we were operating under the belief that the cutoff
for funding for the second round for proposals was a score of 30. We later learned that it was 30.5, and use the corrected
cutoff in our analysis, dropping six projects from the second funding round that had scores of 22.
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controls for key application data variables that may be correlated with the outcomes of interest
(call for proposals round, whether the leader of the consortia is an enterprise or not, the number of
partners in the consortium, whether they applied for just the research phase or also the
implementation phase, whether the proposal noted a plan to export, and the number of research
employees at the consortia leader). We are interested in whether the magnitude of the estimated
treatment effects is similar across specifications, even if the p-values lose significance when
smaller bandwidths and smaller samples are used.

Approach to Multiple Hypothesis Testing

We examine the impact of receiving In-Tech funding on a number of different outcome variables.
We use two approaches to deal with multiple hypothesis testing. The first is to group the outcomes
into domains or families (e.g. collaboration, research, commercialization), and then examine the
impact on an aggregate standardized index measure within each domain. Following Kling et al.
(2007) we create these aggregates as the average z-score (obtained by subtracting the mean of each
variable and dividing it by its standard deviation). This approach is useful for answering questions
like “Did In-Tech have a significant effect in the collaboration domain on average?” A second
approach is to construct sharpened g-values following Anderson (2008) and Benjamini et al.
(2006). This process uses a two-stage procedure to control the false discovery rate when reporting
results for specific outcomes. This is useful for answering questions like “After accounting for
multiple hypothesis testing, did In-Tech funding have a significant impact on the likelihood that
members of a consortia collaborated together on a research and development project?”’

Placebo Tests and Applicant Characteristics

We use data from In-Tech application forms to examine whether applicants on each side of the

cutoff have similar characteristics. Table 1 shows averages of these characteristics for funded and
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non-funded proposals, as well as RD estimates for the difference in these characteristics at the
cutoff, using the different bandwidths discussed above. These can be thought of as placebo tests,
to detect whether there is a discontinuity in variables that are predetermined and hence that should
not be affected by the program.

{Table 1 about here}

The averages show that the characteristics of funded and non-funded projects are very similar.
About 25% of projects applied only for the research phase (as opposed to research and
implementation), which lowers the average project duration across all projects to 32 months
instead of the 36 months that are the standard for research plus implementation. The majority
(54%) had two consortium partners, with 33% having three partners and only 13% having four or
more partners. In slightly less than half of the consortia the leader was an enterprise, as opposed
to an R&D institute, scientific unit or a public university. About 26% of leaders were based in
Warsaw and they had on average 73 to 99 research employees and close to 140 technical and
administrative staff. The first partner had about 140 research employees on average. Close to 80
percent of project managers had experience abroad.

Leaders had received on average 50 million PLN (US$14 million) in research funds from the
government budget for science during the last three years before the In-Tech application. The
requested grants size for the In-Tech project was about 2.5 million PLN (US$714,000) on average.
For about half of the projects, the application forms stated that they plan to develop a new product
or process as opposed to improving an existing product or process. About 14% of projects had the
aim of improving a business process. Finally, 44% projects had plans to sell their innovation on

the export market.
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The RD coefficients in Table 1 show a statistically significant difference in project characteristics
at the cutoff for only two variables. First, the specification with bandwidth 8 suggests that project
leaders above the cutoff are more likely to be based in Warsaw. Second, both the specifications
with bandwidth 8 and with the local linear optimal bandwidth suggest that projects above the cutoff
are more likely to develop a new product or process vs. improve an existing product or process.
However, both of these characteristics do not show a statistically significant difference in the
specification with the local mean optimal bandwidth. Also, since we are looking at differences for
16 characteristics, we can expect a couple of them to be statistically significant due to chance. To
account for multiple hypothesis testing we calculate sharpened two-stage g-values as suggested in
Benjamini et al. (2006). The results do not show any statistically significant differences in project
characteristics at the cutoff. In fact, all sharpened g-values are above 0.7 (i.e. the probability that
the observed differences are due to chance is 70% or greater —for the specifications with bandwidth
8 and the local mean optimal bandwidth this probability is 100% for all variables).

Table S1 (in the supplemental appendix, available at https://academic.oup.com/wber) replicates

Table 1 keeping only the applicants that we are using in our impact analysis, i.e. the applicants
who replied to the follow-up survey described in the next subsection. The results are very similar
to those in Table 1. We find only a handful of statistically significant differences in applicant
characteristics at the cutoff and none of the sharpened g-values are statistically significant at
conventional levels (the lowest sharpened g-value is 0.452).

To further describe the projects in our sample, Table S2 shows the distribution of projects across
fields of science and technology. The majority of projects are in either electrical, mechanical, or

materials engineering. The distribution of projects looks similar across funded and non-funded
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projects, but funded projects are more likely to be in material or mechanical engineering and less
likely to be in electrical engineering.

Survey Design, Timing, and Attrition

In collaboration with NCBIR staff, we designed a follow-up survey questionnaire of In-Tech
applicants. The survey asked specifically about the project that was the focus of their In-Tech
application, and asked whether this project had been started, whether it had been completed, and
the different outputs. It also asked about forms of collaboration, research and development, and
commercialization activities for other projects. It took place between June and September 2016.
This timing corresponds to over four years since application and approximately 3.5 years since
funding was given for those in the first call for proposals; and three years since application and
approximately 2.5 years since funding was given in the second call for proposals. As such, all
projects under the first round should be completed, while those under the second funding round
should have completed the research phase, but some may still be in the implementation phase.
The advantage of using a survey to measure outcomes is that it enables us to measure a much richer
set of outcomes than has been possible in studies in developed countries which have relied just on
publication and patent data. A typical concern with the use of surveys is whether individuals have
incentives to strategically mis-report outcomes. We took several steps to mitigate this concern and
do not believe this to be a significant factor in our case. The survey was administered by an
independent survey firm, GfK, and respondents were told that the results would be kept strictly
confidential and were to be used for research purposes only. NCBIR only received a report
containing the results of our analysis, and not the raw data, so would not be able to use it to judge

grantees nor to influence future funding decisions.
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The sample frame for the survey was all projects with scores within the selected bandwidth of 8
points on either side of the funding cutoff. For each project, an attempt was made to interview the
leader of the consortia, and the main partner. When there were two or more partners in the
consortia, the main partner was defined as the one who received the highest budget share among
all partners to the project. We therefore receive up to two responses per project. We aggregate
these responses up to the project level for analysis. Some of the questions are specific to either the
enterprise or the research partner, while other questions are asked of both. Where a question is
asked of both, and the responses differ, we follow a rule of defining an outcome as having had
occurred if at least one of the two parties says it has occurred. For example, if one of the two parties
in the consortium says a patent was obtained, we code this as there having been a patent obtained
for the project.

Table 2 shows the survey response rates by respondent type and funding status, and tests whether
there is a significant difference in response rates at the discontinuity. Overall, responses were
received for 87.1 percent of projects, including 93.7 percent of funded projects and 83.7 percent
of non-funded projects. The difference in response rates at the discontinuity ranges from 0.5 to 6.4
percentage points, and is not statistically significant under any of our four specifications.
Examining responses by respondent type, we see that leaders had higher response rates than
partners, and enterprises higher response rates than research institutions, but that there was no
significant difference in the response rates at the discontinuity for any of the respondent types.
Coupled with the analysis in Table S1 which showed applicant characteristics also seem similar
for the sample responding to the survey, this leads us to treat attrition as missing-at-random in our
analysis.

{Table 2 about here}
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I11. Results

We begin with examining the question of additionality, that is, whether the In-Tech funding causes
projects to be started and completed that would not otherwise be undertaken, or whether In-Tech
funding merely crowds-out other funding sources. We then examine impacts on the three main
objective domains for the Innotech program: collaboration, research and innovation, and
commercialization.

Impact on Additionality

Table 3 examines the additionality impacts of In-Tech funding. In addition to considering both
rounds pooled together, we also examine outcomes by funding round to see whether there are large
differences in project completion rates due to the difference in time since funding was received.
{Table 3 about here}

We first consider whether the project received any public money, whether from NCBIR or another
funding agency. One hundred percent of funded projects should answer yes to this question,
although in practice a couple of projects that the administrative data say were funded say they did
not receive public funding in the survey. Projects which do not receive In-Tech funding are seen
to be unlikely to receive other public funding. At the discontinuity the difference in the likelihood
of funding is 75 percentage points, which is statistically significant and robust to bandwidth choice
and specification. This is illustrated graphically in the left panel of Figure 3, which shows that
projects with higher scores are more likely to get funded even without the In-Tech grant, but also
that there is a clear jump at the funding threshold. In-Tech is thus mostly funding projects that
would otherwise not get funded by another program or agency.

{Figure 3 about here}
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We next examine whether the proposed project on the application was started, and whether it was
completed. Projects not funded through In-Tech may be started by applicants using internal or
external funding sources. We find that 99 percent of the projects funded by In-Tech were started,
compared to only 39 percent of those not funded, with a statistically significant gap of 53 to 59
percentage points at the discontinuity. The impact at the discontinuity on starting is similar for
both calls for proposals. Projects funded under the first call for proposals are more likely to have
been completed by the time of the survey than those funded under the second call (90 percent
versus 76 percent). However, since those not-funded are also less likely to have been completed
by the time of the survey if they were from the second call, the treatment impact is only slightly
smaller for the second round at 50 percent, compared to 57 percent for the first round. That is,
around the scoring cutoff, slightly more than half of all projects funded by In-Tech would not have
been started and would not have been completed had their scores been slightly lower and they had
not been funded This is illustrated graphically in the right panel of Figure 3. Since the impact on
completion is similar across funding rounds, we continue to pool funding rounds for the remainder
of the analysis. Finally, our aggregate summary index of additionality outcomes is large, positive,
and statistically significant, showing a 1.2 standard deviation increase.

When asked the main reason for not completing the research, the modal answer of those not funded
was that they lacked funding (80%). In contrast, for those which received funding, the main reasons
for not completing the project were either that the research idea did not work in practice (32%),
that implementation was not economically feasible even though the technical results had been
promising (15%), and collaboration problems (15%).

Impact on Collaboration
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Table 4 examines whether In-Tech funding has induced more collaboration between enterprises
and researchers within a consortium. In most cases the leader and partner had collaborated before
applying to the program: 87 percent of funded applications were to consortia in which this was the
case, with no significant difference in this prior involvement at the funding threshold. The median
length of time for this prior collaboration is 6 years. Those funded almost all collaborate together
within their consortia after applying, at least working on the In-Tech project. This results a
statistically significant 8 to 20 percentage point increase in the likelihood of collaboration taking
place within the consortia since applying, and a 14 to 18 percentage point increase in the likelihood
of a new collaboration taking place between the leader and partner, which is statistically significant
at the 10 percent level over the full 8-point range, and at the 5 percent level with narrower
bandwidths.

{Table 4 about here}

The two top panels in Figure 4 illustrate graphically this impact on collaboration, and where the
sensitivity in bandwidth choice is coming from. We see that the likelihood of any collaboration
within the consortia taking place since applying is increasing with score below the cutoff if we use
the full 8 point range, but appears flat or even decreasing if we were to consider only half this
bandwidth. Hence the estimated impact is larger for the optimal bandwidth methods that consider
narrower ranges. We see this is less of an issue for new collaborations, but the issue here is that
many of the consortia with scores 4 points or more above the cutoff had been collaborating already,
so that there was no possibility of their collaboration being new.

{Figure 4 about here}

The next six rows of Table 4 consider in greater depth the nature of this collaboration. The most

common form of collaboration is for research and development, and receiving In-Tech funding
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increases the likelihood of this type of collaboration by a statistically significant 22 to 27
percentage points at the cut-off in three out of four specifications. The increase is even larger when
local linear estimation is done using the optimal bandwidth. The bottom left panel of Figure 4
shows why — when looking in a very narrow bandwidth, the linear fit would actually be downward
sloping to the left of the cutoff, rather than upward sloping as estimated with the full data. We see
positive, but not statistically significant, impacts for other forms of collaboration such as
prototyping, technological consulting, and research publications, with the estimated effect sizes
between 2 and 7.7 percentage points using our preferred specification with the full 8-point
bandwidth.

When asked the main reason they didn’t collaborate with their leader or partner since applying for
the In-Tech program, the main reason given is a lack of funding for the project. Receiving In-Tech
funding results in a significant 11.9 percentage point reduction in the likelihood that parties didn’t
collaborate due to a lack of funding.

The survey also asks whether the leader and first partner have collaborated together since applying
on other projects, and whether they currently work together. There is no significant impact on
either outcome, indicating that the specific collaboration for the In-Tech project has not led to
further collaboration outside of the project.

Fifty-four percent of the sample have only two parties in their consortium. Those with two or more
partners were also asked about collaboration with the second major partner in the consortium. We
see that, similar to the first partner, this second partner was typically an entity that was already
collaborating with others in the consortium prior to applying. There is a positive, but small and
statistically insignificant impact on the likelihood that they collaborate since applying, with the

sample small for this analysis.

22



Finally our overall summary index of collaboration between the leader and principal partner shows
that In-Tech funded resulted in a 0.2 to 0.3 standard deviation increase in collaboration, which is
statistically significant at the 1 percent level for three out of four specifications, and at the 10
percent level for the local linear estimation with the smaller optimal bandwidth. The bottom right
panel of Figure 4 shows this increase graphically.

We then turn in Table 5 to examining research-industry collaborations outside of the consortia that
had applied for In-Tech. Our interest here is in seeing whether the In-Tech collaboration crowded
out other types of collaboration that might have occurred, or conversely, whether the experience
of collaboration between research and industry through the In-Tech project spurred additional such
collaborations.

{Table 5 about here}

Most applicants are also involved in other collaborations apart from the one for which they applied
for In-Tech. The first row shows a reduction of 4 to 13 percentage points in the likelihood they
have collaborated with another entity outside of their consortium over the past year, which is
statistically significant at the 10 percent level when using the full 8-point bandwidth, but not with
smaller bandwidths. When we examine specific types of collaboration, this shows up in a lower
likelihood of a research publication with another partner and a lower likelihood of technological
consulting with others.

When researchers are asked if they are collaborating as much with enterprises as they would like
to, only half of them say that they are. Receiving an In-Tech grant has a negative, but not
statistically significant effect on this response. When asked what the most important reason for not
collaborating more with firms is, less than one-third say the problem is lack of financing. The other

main reasons given are bureaucratic barriers to this cooperation, that firms are difficult to work
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with or have no incentives to collaborate, and that they lack information about the needs of firms
or knowledge of how to talk about business.

Firms are more likely to say they are doing as much collaboration with researchers as they would
like, with only one-quarter of In-Tech funded firms saying they are not. In-Tech funding has a
positive, but not statistically significant, impact on the likelihood of doing as much collaboration
as they would like with researchers. The main barriers that those who would like to collaborate
more identify are again mostly non-financial: only 19 percent say lack of funding is the main
constraint, whereas the modal response is that researchers don’t understand the needs of firms,
while other frequent reasons given are lack of knowledge about the capabilities of researchers, and
being too busy with day-to-day operations to set up these collaborations.

Almost all firms say they know of researchers they can ask for ideas or help in solving problems,
and likewise almost all researchers say they know of firms in their industry they could talk to if
they had ideas to take to market. In-Tech funding has a statistically significant 7 to 13 percentage
point increase in the likelihood researchers around the cutoff have knowledge of firms they can
ask, and a positive, but not statistically significant impact on firms’ knowledge of researchers.
Considering all these non-consortia forms of collaboration together, in which some forms of other
collaboration appear to have been crowded out, while other forms of overall collaboration-ability
may have increased, we see that the impact on the summary index varies between -0.07 and +0.04
standard deviations, and is not statistically significant. Thus any overall impact on other
collaboration is small in magnitude.

Impact on Research and Innovation

Table 6a examines the impact of In-Tech funding on research and innovation achievements over

the past five years. The first five rows consider patenting activity. Survey participants were asked
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about patent applications related to the In-Tech project, as well as those related to other projects.
65 percent of funded In-Tech projects had applied for a patent related to their project, with this
rate similar across both funding rounds. To date 41 percent have a patent approved, with only 2
percent of those applying having had their patent rejected, and almost all of those who applied but
had not had their patent approved in the process of still waiting for an answer on their application
(32 percent of patent applicants from the first funding round, and 44 percent of those from the
second funding round, were still awaiting the decision). Almost all those applying for a patent
apply at the Polish patent office, while approximately one-quarter additionally apply at the
European patent office.

{Table 6a about here}

In-Tech funding has a treatment effect of 41 to 57 percentage points on the likelihood of applying
for a patent for the In-tech project, and a 21 to 44 percentage point increase in the likelihood of
having received a patent to date. Both effects are large and statistically significant. The top-left
panel of Figure 5 illustrates this jump graphically. In-Tech funding has a small and not statistically
significant impact on the likelihood of applying for, or receiving, patents for other projects (top
center panel of Figure 5). There is a positive, but not statistically significant, impact on the
likelihood that they had applied for any patent in Europe across all their different projects.
{Figure 5 about here}

The next five rows of Table 6a consider research publication outcomes. 73 percent of In-Tech
funded projects have published at least one research article related to the project, which represents
a statistically significant treatment effect of 53 to 63 percentage points. This is illustrated in the
top right panel of Figure 5. There is a small negative, but statistically insignificant, impact on the

likelihood of publishing research articles on other projects during this time, also seen in the bottom
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left panel of Figure 5. Considering the number of publications, we see no significant effect on the
likelihood that the research team has published at least 10 articles in total over this time.!2

We then ask survey respondents to list their five most major publications produced in the last five
years from any project, and search for these in Google Scholar. We construct two proxies for
overall research quality: the number of these five top publications which were in English, and the
number of citations their work has according to Google Scholar. 57 percent of the non-funded
projects have produced no publications in English, and 63 percent have no citations. This compares
to 44 percent of the funded projects having no publications in English, and 41 percent having no
citations. We see positive impacts of funding on the likelihood of producing research that meets
either measure of quality at the discontinuity when we use the full range or local mean, but the
impacts are not statistically significant. Since these publications are relatively recent, the number
of citations is currently low on average (with a mean of 13 and median of 9, conditional on having
any citations), but with high variability (standard deviation of 15). The center panel of Figure 5
shows the variation in citations at each score level, which makes detecting any impact difficult.
The next rows of Table 6a examine different types of innovative activities. Survey participants
were asked if they had done any of six different types of innovation in the past five years, whether
related to the In-Tech project or not. The most common type of innovation for funded projects was
to develop a new product prototype, which 84 percent had done. The next most common forms of
innovation were developing a new product (78%), and developing a new process (78%), while

developing a new industrial design was the least common form (41%). In-Tech funding has small,

12 We use 10 or more publications, since the distribution of reported number of publications in the last 5 years is
heavily skewed, with a 25" percentile of 3, median of 12, mean of 41, and 90™ percentile of 100. The treatment
effect is also insignificant for the number of publications, with an extremely wide confidence interval of (-32.8,
32.0) as a result.
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and not statistically significant, impacts on all of these measures, suggesting that it did not lead to
an overall increase in these types of innovative activities.

The overall summary index of research and innovation shows a 0.13 to 0.31 standard deviation
increase in research and innovation. This impact is only statistically significant when we use the
local mean specification within the optimal bandwidth, and not using a local linear specification.
The bottom right panel of Figure 5 shows why this variation in treatment effect arises — the research
and innovation index increases with score, and so controlling for this increase lowers the treatment
effect.

To further examine the effects of In-Tech funding on patenting, we collected administrative data
from the European Patent Office through the PATSTAT website. In particular, we collected the
number of patents that the enterprise partners listed on an In-Tech application form have applied
for since 2012 (for up to three enterprises per application form). Table 6b reports the results for
this administrative data, starting with a dummy variable that is equal to one if enterprises listed on
the In-Tech application have applied for at least one EU patent. On average, 14% of applications
applied for at least one EU patent according to the administrative data which is lower than the 30%
we obtained from the survey data (Table 6a). We may not be capturing all applications in the
administrative data due to mismatches in enterprise names or if the patent applicant was different
from the three enterprises we have from the In-Tech application forms. For example, we did not
consider patents where the applicant was a university since the information in PATSTAT was
often not detailed enough to assign the patent application to a specific department or institute
within the university, implying that we could be capturing patents unrelated to the In-Tech
consortium. The results in Table 6b show no effect of In-Tech funding on the likelihood of

applying for at least one EU patent. We then also examine the effect on having at least one EU
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patent granted and find evidence of a positive and significant effect here for two out of our four
specifications. Finally, we use the number of EU patent applications and EU patents granted as
outcome variables. With an average of close to 0.5 patents, this number is quite low in our sample.
Here again, we find only very weak evidence that In-Tech funding increased the number of EU
patents granted. These results are thus consistent with the ones obtained from the survey data
reported in Table 6a.

{Table 6b about here}

Taken together, the results show that In-Tech funding resulted in more research and innovation
taking place for the particular project that was put forward on the application, with this research
leading to publications and patents. However, total research and innovation output by the consortia
does not appear to have significantly increased, suggesting some potential crowd-out of other
research activities, or at least a lack of complementarities.

Impact on Commercialization

Commercialization refers to the process of introducing newly developed processes or products to
market. Table 7 and Figure 6 examine the impact of In-Tech funding on different measures of
commercialization. Fifty-three percent of funded projects have developed a product or process out
of their In-Tech project to the stage where it is ready to be sold or is being sold. Eighty percent
have achieved a broader measure of commercialization potential, which also includes having the
product or process ready to implement for use in their own firm, or having a working prototype
that is almost ready to be sold. In-Tech funding is found to have positive and statistically
significant impacts on both these measures: a 23 to 34 percentage point increase in actually having

something ready to be sold or being sold, and a 40 to 53 percentage point increase in terms of

28



broader commercialization potential out of the project. These large jumps are clear in the top left
and top center panels of Figure 6.

{Table 7 about here}

{Figure 6 about here}

Some examples of some of these products or processes being sold include: armor which is resistant
to grenades and bullets; a computer modelling method that can be used in shale gas exploration;
liquid crystalline film to be used in breast cancer diagnosis; a special transport vehicle for
underground mines; new chemical composites; modified orthopedic implants; a new process for
continuous casting in manufacturing; a system for adjusting and monitoring wheel suspension
components; a laser diode chamber that allows adjusting the wavelength; a new yeast feed for the
production of biodiesel; a low pressure turbine blade motor; a new blade for rock drills; different
combustion and adhesive components; and technology for making engine components.

One-third of funding applicants are currently selling in Poland a product or process developed
through the In-Tech project, and one-sixth are selling outside Poland, with Western Europe the
main market. This is a 14 to 25 percentage point increase in the likelihood of having sales in Poland
arising from the project for those receiving funding at the discontinuity, with this statistically
significant in three out of four specifications. The point estimate is actually larger still in local
linear within an optimal bandwidth specification, but the small bandwidth reduces the sample size
and results in a lack of statistical significance. The impact on sales outside of Poland is more
sensitive to specification, and is not statistically significant with the full eight point range.
Conditional on selling the product or process, the mean sales in 2015 coming from this product or
process was 2.92 million PLN (approx.. USD830,000), and median was 1.5 million PLN (approx..

USD430,000). For the median funded project, these sales only constitute 1.0 percent of total sales
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in 2015, while the mean is 10.3 percent. At present then, sales from these products and processes
are small relative to existing business for the firms. The small number of projects with reported
sales and large skewness of the outcome makes the treatment impact sensitive to bandwidth choice,
and the standard errors large, so that the impact is not statistically significant. The bottom left panel
of Figure 6 shows how large, but variable, sales to the right of the cutoff lead to this sensitivity.
Another commercial use of the research from the project has been to develop a new or improved
process that the enterprise in the consortia can use in their own production. 76 percent of funded
firms have done this out of the project, which is a statistically significant 44 to 50 percentage point
treatment effect. This large jump is seen in the bottom center panel of Figure 6.

The commercialization activities through the In-Tech project do not appear to have significantly
crowded out commercialization from other projects, but nor have they spurred additional efforts.
Coupling this lack of impact on other commercialization with the positive impact on
commercialization of the In-Tech project leads to an overall positive impact on our summary index
measure: a 0.19 to 0.20 standard deviation increase in commercialization. This increase is
statistically significant using the full 8-point range on either side of the cutoff, and of similar
magnitude, but not significant, using the narrower ranges chosen by the optimal linear and optimal
local mean estimators within this range. The bottom right panel of Figure 6 shows the jump in
commercialization around the discontinuity.

Summary and Multiple Testing

Across Tables 3 through 7 we have estimated the impact of In-Tech funding on five different
summary indices, and 52 different individual outcomes.™® Table 8 re-examines our estimates using

the sharpened g-values of Anderson (2008) and Benjamini et al. (2006) to control for this multiple

13 We exclude here the breakdown in Table 3 by call for proposals, and their respective summary indices.
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testing. When we look at the overall summary index level, we see strong impacts of the In-Tech
funding on additionality, and on collaboration within the consortia. There is no significant impact
on collaboration outside the consortia. The impact on research and innovation is significant when
we use our full bandwidth with controls, or the local mean specification, and has a sharpened g-
value of 0.109 using the full bandwidth without controls. The impact on commercialization
remains significant after multiple-testing adjustment when either specification with the full eight-
point range is used.

{Table 8 about here}

When we switch to examining individual outcomes, we see all 13 individual outcomes with p-
values below 0.05 using the full bandwidth have sharpened g-values below 0.10 after accounting
for testing 52 different outcomes. The four outcomes with p-values between 0.05 and 0.10 are no
longer significant at conventional levels after the multiple testing correction. Eleven of these 13
significant outcomes are specific to the particular project proposed for In-Tech — they show the
project proposed is more likely to have been funded, started, and completed if it was awarded
funding (additionality); that it generated more collaboration within the consortia on R&D; it lead
to publications and patents being more likely to be produced relating to this project; and that it
lead to a product or process out of this project being commercialized. The other two outcomes
show some broader collaborative benefits — researchers receiving funding now are more likely to

know firms to talk to, and lack of finance is less likely to be a barrier to collaboration.

V. Conclusions and Discussion

Our regression-discontinuity analysis shows that the In-Tech project did have measurable impacts
on the core outcomes of innovation it was designed to foster. It resulted in more collaboration,

more patents and publications, and some commercialization of the resulting product that came out
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of the project. There is thus clear additionality, as the grant led research and innovation activities
to be undertaken that would not otherwise have occurred. This additional innovation does not
appear to have significantly crowded out other research activities, but, to date, nor has it had
positive spillovers within consortia in terms of additional research and innovation success on other
projects.

Nevertheless, while more research and innovation has occurred, some of this appears to be very
firm-specific in nature, and not necessarily of a quality that contributes to the world innovation
frontier. The majority of the parents are registered just at the Polish patent office, and not at the
European office as well, and most commercialized products are currently just sold in Poland. Just
over 40 percent of the funded projects have no research publications in English, and no citations.
Given the dearth of evidence on the effectiveness of science and technology grants in developing
countries, we believe the findings of this work are likely to be of interest to many middle and
upper-middle income developing countries that are trying to move beyond factor accumulation
towards innovation-led growth. Our findings do show both the promise and limitations of funding
consortia in generating new innovations. Like all evaluations from a single country, there is a
question of external validity in terms of whether these findings will translate to other countries
running similar programs. Two key features of the Polish context that are likely to be important
are the strong basic scientific infrastructure in the country which provides a supply of talent with
the skills to innovate, and the demand opportunity offered by Poland’s accession to the European
Union. Impacts may be weaker in poorer countries which have less developed university systems,
or in small middle-income countries without access to external market opportunities. Evaluations

of these programs in other contexts are therefore important.
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A further important caveat in interpreting these results is that research and innovation is a long-
term process. Our analysis measures outcomes 2.5 to 3.5 years after funding was received. This
captures the time needed for the initial research activities to have occurred, but it can take more
time for patents to be granted, publications to be cited, and new innovations to achieve commercial
success. We are not able to measure whether the innovation had spillover benefits for other firms
or researchers in the economy, but suspect that any such benefits would also require longer time
horizons to materialize. In future work it would therefore be of interest for policymakers to attempt

to track grant applicants over longer time horizons.
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Figure 1: Discontinuity in the Likelihood of Being Funded at the Cutoff
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Notes: scores rounded down to nearest whole number for graphical presentation purposes. Source: own
analysis based on NCBIR administrative data. Standardized score subtracts funding cutoff score.
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Figure 2: Distribution of Scores
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Figure 3: Funding Resulted in Additionality
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Notes: plots show sample means and sample 95 percent confidence intervals within one-unit-interval bins
on either side of the funding cutoff. Local linear regressions over the 8-point range plotted on either side
of the cutoff. Source: authors’s analysis of survey data.
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Figure 4: Impact on Collaboration
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Local linear regressions over the 8-point range plotted on either side of the cutoff. Source: authors’s analysis of survey data.
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Figure 5: Impact on Research and Innovation
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Figure 6: Impact on Commercialization
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coming out of the project proposed to In-Tech, except for summary index which also includes whether other projects have commercialized a product
as one of the components. Source: authors’s analysis of survey data.
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Table 1: Do Project Characteristics Differ at the Cutoff (Based on Data from Application Forms)?

Local linear full

Local linear MSE

Local mean MSE

Means RD coef. BW RD coef. BW RD coef. BW
Funded Not-Funded (p-value) (N) (p-value) (N) (p-value) (N)
Applied only for research phase 0.259 0.226 0.039 8 0.900 141 0.042 1.13
0.997 459 0.052 104 0.674 103
Implementation period in months 32.0 311 0.806 8 0.763 2.89 1.004 1.04
0.568 459 0.928 220 0.618 103
Two parties in consortium 0.544 0.545 0.020 8 0.276 2.47 0.137 1.06
0.254 459 0.149 189 0.191 103
Three parties in consortium 0.329 0.319 -0.040 8 0.234 1.54 -0.126 1.95
0.601 459 0.276 143 0.198 145
Four parties in consortium 0.127 0.136 0.020 8 -0.172 2.37 -0.072 1.50
0.268 459 0.187 189 0.299 104
Leaderis an enterprise 0.487 0.449 -0.115 8 -0.096 5.00 -0.092 1.91
0.643 459 0.653 329 0.233 145
Leader has Warsaw address 0.266 0.256 0.191 8 0.172 6.91 0.223 0.99
0.068 459 0.113 419 0.159 62
Leader research employees 73 99 -1.879 8 79.367 3.43 N/A N/A
0.519 459 0.449 246 N/A N/A
Leader technical & admin staff 133 140 -23.431 8 46.788 3.07 70.103 0.66
0.827 459 0.557 245 0.438 60
1st partner research employees 132 148 -33.509 8 -0.920 4.24 -41.725 1.87
0.946 459 0.806 295 0.795 145
Project manager has experience abroad 0.791 0.748 0.007 8 0.063 2.60 0.036 1.12
0.479 459 0.735 220 0.992 103
Leader value of projects funded 54,839,388 46,927,429 13,135,652 8 2,916,982 4.98 6,226,447 2.64
by budget for science for last 3 years 0.845 459 0.923 329 0.599 220
Requested grant size 2,518,561 2,339,972 325,498 8 845,834 4.08 409,514 2.59
0.338 224 0.271 148 0.172 110
Project develops a new product or process 0.519 0.472 0.301 8 0.324 5.85 0.185 1.41
vs. improving existing product or process 0.043 459 0.042 379 0.119 104
Project aims to improve business process 0.146 0.133 -0.058 8 -0.009 2.74 -0.054 1.66
0.260 459 0.775 220 0.371 143
Plan to sell on export market 0.437 0.439 -0.029 8 0.015 4.35 0.025 1.66
0.847 459 0.249 295 0.894 143
Sample Size 158 301

Notes: Requested grant size is only available for CFP 1.
The local mean estimate for "leader research employees" is not available since there are not enough observations in the optimal bandwidth.




Table 2: Survey Response Rates by Respondent Type and Funding Status

Local linear full Local linear MSE Local mean MSE  Local linear with controls
Means RD coef. BW RD coef. BW  RD coef. BW RD coef. BW
Overall Funded Not-Funded| (p-value) (N) (p-value) (N)  (p-value) (N) (p-value) (N)
Surveyed 0.871 0.937 0.837 0.064 8 0.005 2.95 0.057 1.70 0.056 8
0.927 459 0.483 220 0.644 144 0.913 459
Leader Surveyed 0.778 0.854 0.738 0.008 8 -0.046 2.79 0.042 2.04 -0.004 8
0.788 459 0.217 220 0.988 184 0.775 459
Partner Surveyed 0.603 0.715 0.545 0.001 8 -0.084 2.82 0.078 1.59 0.005 8
0.971 459 0.707 220 0.910 143 0.936 459
Enterprise Surveyed 0.739 0.797 0.708 0.038 8 -0.048 3.14 0.023 1.51 0.012 8
0.524 459 0.579 245 0.740 143 0.494 459
Research Institute Surveyed 0.638 0.766 0.571 -0.029 8 -0.032 2.84 0.089 1.55 -0.014 8
0.769 459 0.914 220 0.984 143 0.671 459
Sample Size 459 158 301
Notes:

Surveyed indicates that at least one entity in the consortium was surveyed.

Uniform kernel used.

RD coef. Is the estimated fuzzy-RD treatment effect. P-value is the bias-adjusted robust p-value. BW is the bandwidth, N the sample size.

Local linear full is estimated over full survey sample within 8 points of cutoff; local linear MSE and local mean MSE use MSE-optimizing bandwidths for

local linear and local mean estimation within this interval. Last column adds the following controls: whether the leader is an enterprise, whether
application is for research phase only, number of parties in consortia, whether the project aims for an export market, and number of researchers employed.

MSE denotes mean-squared error.
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Table 3: Does Innotech Funding Have Additionality in Terms of Projects Being Funded and Started?

Local linear full Local linear MSE Local mean MSE  Local linear with controls
Means RD coef. BW RD coef. BW RD coef. BW RD coef. BW
Funded Not-Funded| (p-value) (N) (p-value) (N) (p-value) (N) (p-value) (N)
Both Funding Rounds Combined
Project Publicly Funded 0.986 0.183 0.752 8 0.725 4.69 0.779 3.02 0.761 8
0.000 400 0.000 288 0.000 219 0.000 400
Project Started 0.986 0.385 0.526 8 0.590 2.77 0.579 3.25 0.533 8
0.000 400 0.000 197 0.000 219 0.000 400
Project Completed 0.824 0.194 0.541 8 0.529 5.69 0.665 6.20 0.537 8
0.000 400 0.000 332 0.000 349 0.000 400
Summary Index 0.863 -0.507 1.224 8 1.199 6.37 1.278 2.16 1.232 8
0.000 400 0.000 349 0.000 164 0.000 400
Call for Proposals 1
Project Publicly Funded 0.986 0.244 0.753 8 0.639 3.09 0.738 3.61 0.771 8
0.000 201 0.001 115 0.000 126 0.000 201
Project Started 0.986 0.466 0.517 8 0.495 6.61 0.513 3.70 0.526 8
0.000 201 0.002 182 0.000 126 0.000 201
Project Completed 0.900 0.252 0.566 8 0.506 5.61 0.630 4.43 0.567 8
0.007 201 0.014 169 0.000 135 0.006 201
Summary Index 0.913 -0.372 1.235 8 1.235 8.80 1.289 2.77 1.254 8
Call for Proposals 2 0.000 201 0.003 201 0.000 100 0.000 201
Project Publicly Funded 0.987 0.116 0.754 8 0.821 4.47 0.800 1.89 0.757 8
0.000 199 0.000 129 0.000 67 0.000 199
Project Started 0.987 0.298 0.542 8 0.568 7.36 0.623 2.07 0.548 8
0.000 199 0.000 188 0.000 80 0.000 199
Project Completed 0.756 0.132 0.500 8 0.500 35.93 0.607 2.10 0.497 8
0.004 199 0.007 199 0.001 80 0.005 199
Summary Index 0.818 -0.653 1.209 8 1.209 10.90 1.419 1.70 1.212 8
0.000 199 0.000 199 0.000 66 0.000 199
Notes:

Uniform kernel used.

RD coef. Is the estimated fuzzy-RD treatment effect. P-value is the bias-adjusted robust p-value. BW is the bandwidth, N the sample size.

Local linear full is estimated over full survey sample within 8 points of cutoff; local linear MSE and local mean MSE use MSE-optimizing bandwidths for

local linear and local mean estimation within this interval. Last column adds the following controls: whether the leader is an enterprise, whether
application is for research phase only, number of parties in consortia, whetheﬁr\’she project aims for an export market, and number of researchers employed.



Table 4: Does Innotech Funding Increase Collaboration within Consortia?

Local linear full

Local linear MSE

Local mean MSE

Local linear with controls

Means RD coef. BW RD coef. BW RD coef. BW RD coef. BW
Funded Not-Funded| (p-value) (N) (p-value) (N) (p-value) (N) (p-value) (N)

Collaborated with Consortia before applying 0.872 0.844 -0.180 8 -0.123 3.45 -0.066 2.26 -0.177 8
0.131 398 0.455 219 0.052 164 0.144 398

Collaborated with Consortia since applying 0.993 0.843 0.078 8 0.203 3.53 0.133 0.82 0.080 8
0.015 395 0.011 242 0.186 57 0.017 395

New Collaboration between leader and first partner 0.122 0.081 0.140 8 0.183 3.95 0.138 1.62 0.138 8
0.080 395 0.036 244 0.026 125 0.091 395

Collaborated with consortia on R&D 0.973 0.694 0.223 8 0.524 2.85 0.270 0.90 0.226 8
0.000 400 0.000 197 0.023 59 0.000 400

Collaborated with consortia on technological consulting 0.797 0.611 0.046 8 0.306 2.69 0.302 0.95 0.045 8
0.151 400 0.126 197 0.131 59 0.146 400

Collaborated with consortia on licensing or patents 0.432 0.282 0.077 8 0.383 2.39 0.129 2.26 0.073 8
0.216 400 0.097 167 0.258 165 0.236 400

Collaborated with consortia on prototyping 0.689 0.480 0.020 8 0.200 2.87 0.138 1.79 0.021 8
0.318 400 0.278 197 0.410 130 0.331 400

Collaborated with consortia on research publication 0.628 0.405 0.023 8 0.320 2.54 0.133 2.56 0.026 8
0.446 400 0.098 197 0.748 197 0.428 400

Collaborated with consortia on selling products 0.297 0.198 0.041 8 0.019 2.33 0.082 1.36 0.023 8
0.816 400 0.993 165 0.634 97 0.875 400

Don't collaborate with consortia due to lack of funding 0.000 0.194 -0.119 8 -0.169 5.08 -0.138 2.13 -0.119 8
0.025 400 0.067 307 0.032 164 0.027 400

Collaborated with Consortia since on other projects 0.755 0.706 -0.010 8 0.125 4.07 0.061 2.40 -0.008 8
0.318 395 0.313 260 0.666 163 0.329 395

Currently collaborate with consortia 0.878 0.730 0.078 8 0.204 3.27 0.141 2.88 0.075 8
0.205 400 0.148 219 0.222 197 0.221 400

Collaborated with partner 2 before applying 0.800 0.736 0.010 8 -0.072 4.89 0.011 3.07 0.016 8
0.696 170 0.719 120 0.706 89 0.700 170

Collaborated with partner 2 since applying 0.983 0.787 0.046 8 0.047 4.71 0.117 3.64 0.058 8
0.934 168 0.846 118 0.642 98 0.888 168

Summary Index 0.205 -0.144 0.190 8 0.308 5.58 0.286 3.78 0.186 8
0.003 400 0.086 330 0.003 246 0.004 400

Notes:
Uniform kernel used.

RD coef. Is the estimated fuzzy-RD treatment effect. P-value is the bias-adjusted robust p-value. BW is the bandwidth, N the sample size.

Local linear full is estimated over full survey sample within 8 points of cutoff; local linear MSE and local mean MSE use MSE-optimizing bandwidths for

local linear and local mean estimation within this interval. Last column adds the following controls: whether the leader is an enterprise, whether

application is for research phase only, number of parties in consortia, whether the project aims for an export market, and number of researchers employed.

Summary index does not include prior collaboration, reverse-codes "do not collaborate with consortia due to a lack of funding", and does not include collaboration

outcomes with partner 2.



Table 5: Does Innotech Funding Increase or Crowd-Out Other Types of Collaboration?

Local linear full

Local linear MSE

Local mean MSE

Local linear with controls

Means RD coef. BW RD coef. BW RD coef. BW RD coef. BW
Funded Not-Funded| (p-value) (N) (p-value) (N) (p-value) (N) (p-value) (N)

Collaborated with entity outside consortia 0.878 0.828 -0.075 8 -0.125 3.52 -0.044 1.60 -0.078 8
0.074 398 0.219 245 0.262 129 0.080 398

Collaborated with others on R&D 0.811 0.762 -0.051 8 -0.037 3.52 -0.063 1.12 -0.055 8
0.314 400 0.884 246 0.549 96 0.341 400

Collaborated with others on technological consulting 0.696 0.679 -0.133 8 -0.203 4,91 -0.121 1.15 -0.129 8
0.112 400 0.086 290 0.258 96 0.120 400

Collaborated with others on licensing and patents 0.439 0.440 -0.118 8 -0.044 3.55 -0.042 3.14 -0.116 8
0.723 400 0.945 246 0.325 219 0.725 400

Collaborated with others on prototyping 0.561 0.508 0.009 8 0.267 2.71 0.221 0.69 0.002 8
0.334 400 0.263 197 0.189 57 0.316 400

Collaborated with others on research publication 0.574 0.579 -0.145 8 -0.212 3.00 -0.053 2.68 -0.156 8
0.072 400 0.262 219 0.144 197 0.079 400

Collaborated with others on selling products 0.284 0.218 -0.070 8 0.174 3.18 0.104 1.38 -0.076 8
0.683 400 0.252 219 0.338 97 0.675 400

Doing as much collaboration with firms as would like 0.476 0.512 -0.165 8 -0.198 3.95 -0.078 3.50 -0.160 8
0.305 339 0.214 217 0.267 191 0.218 339

Doing as much collaboration with researchers as would like 0.760 0.692 0.205 8 0.192 3.68 0.140 1.29 0.232 8
0.355 293 0.503 185 0.591 68 0.372 293

Know firms in industry could talk with to take ideas to market 0.944 0.939 0.098 8 0.126 5.98 0.067 2.67 0.096 8
0.022 339 0.031 285 0.044 170 0.020 339

Know researchers could talk with to solve problems 0.959 0.948 0.072 8 0.061 3.32 0.061 1.15 0.080 8
0.237 293 0.781 162 0.462 68 0.249 293

Summary Index 0.027 -0.043 -0.069 8 -0.018 3.44 0.040 2.51 -0.069 8
0.673 400 0.895 220 0.771 197 0.701 400

Notes:
Uniform kernel used.

RD coef. Is the estimated fuzzy-RD treatment effect. P-value is the bias-adjusted robust p-value. BW is the bandwidth, N the sample size.
Local linear full is estimated over full survey sample within 8 points of cutoff; local linear MSE and local mean MSE use MSE-optimizing bandwidths for

local linear and local mean estimation within this interval. Last column adds the following controls: whether the leader is an enterprise, whether

application is for research phase only, number of parties in consortia, whether the project aims for an export market, and number of researchers employed.
Summary index is the average of standardized z-scores of all other outcomes in the table.
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Table 6a: Impact on Research and Innovation

Local linear full

Local linear MSE

Local mean MSE

Local linear with controls

Means RD coef. BW RD coef. BW RD coef. BW RD coef. BW
Funded Not-Funded| (p-value) (N) (p-value) (N) (p-value) (N) (p-value) (N)

Applied for at least one patent for Innotech project 0.649 0.123 0.413 8 0.565 2.77 0.463 0.98 0.419 8
0.000 400 0.002 197 0.008 59 0.000 400

Applied for at least one patent for another project 0.736 0.726 -0.040 8 0.067 3.47 0.029 2.13 -0.045 8
0.599 400 0.864 220 0.924 164 0.564 400

Applied for a patent in Europe 0.304 0.286 0.107 8 0.150 4.67 0.192 1.90 0.118 8
0.203 400 0.253 288 0.041 131 0.183 400

Received at least one patent for Innotech project 0.412 0.079 0.206 8 0.438 2.83 0.370 0.87 0.213 8
0.002 400 0.003 197 0.010 59 0.001 400

Received at least one patent for other projects 0.561 0.571 0.046 8 0.155 3.52 0.063 1.92 0.048 8
0.538 400 0.390 246 0.502 131 0.514 400

At least one publication for Innotech project 0.730 0.143 0.593 8 0.530 4.63 0.631 291 0.591 8
0.000 400 0.007 288 0.000 197 0.000 400

At least one publication for other projects 0.784 0.774 -0.070 8 -0.028 5.25 -0.021 2.81 -0.085 8
0.295 400 0.687 308 0.461 197 0.295 400

Published 10 or more articles in last 5 years 0.547 0.508 -0.023 8 -0.094 4.03 0.002 1.60 -0.042 8
0.240 400 0.466 264 0.627 129 0.257 400

Number of main publications in English in last 5 years 2.055 1.325 0.017 8 -0.002 5.23 0.348 2.99 -0.024 8
0.447 389 0.486 302 0.797 193 0.479 389

Google Scholar citations for top 5 papers in last 5 years 7.281 5.086 1.670 8 -0.713 2.18 1.029 2.90 1.466 8
0.915 389 0.879 162 0.495 193 0.908 389

Developed new industrial design in last 5 years 0.412 0.337 -0.061 8 0.087 2.17 0.062 3.70 -0.061 8
0.676 400 0.850 165 0.659 246 0.709 400

Developed new prototype in last 5 years 0.838 0.710 0.010 8 0.077 3.60 0.064 2.13 0.009 8
0.724 400 0.485 246 0.785 164 0.725 400

Developed new productin last 5 years 0.777 0.675 -0.017 8 0.129 3.09 0.146 1.86 -0.014 8
0.438 400 0.537 219 0.305 131 0.420 400

Upgraded productin last 5 years 0.757 0.683 -0.179 8 -0.232 3.39 -0.129 1.30 -0.170 8
0.106 400 0.202 220 0.160 96 0.109 400

Developed new process in last 5 years 0.777 0.675 -0.017 8 0.129 3.09 0.146 1.86 -0.014 8
0.438 400 0.537 219 0.305 131 0.420 400

Upgraded process in last 5 years 0.703 0.599 -0.086 8 0.017 2.60 0.129 1.12 -0.088 8
0.912 400 0.858 197 0.474 96 0.929 400

Summary Index of Research and Innovation 0.203 -0.119 0.125 8 0.233 3.54 0.312 1.91 0.123 8
0.195 400 0.137 246 0.046 131 0.164 400

Notes:
Uniform kernel used.

RD coef. Is the estimated fuzzy-RD treatment effect. P-value is the bias-adjusted robust p-value. BW is the bandwidth, N the sample size.

Local linear full is estimated over full survey sample within 8 points of cutoff; local linear MSE and local mean MSE use MSE-optimizing bandwidths for

local linear and local mean estimation within this interval. Last column adds the following controls: whether the leader is an enterprise, whether

application is for research phase only, number of parties in consortia, whether the project aims for an export market, and number of researchers employed.

Summary index is the average of standardized z-scores of all other outcomes in the table.



Table 6b: Impact on EU Patents (Administrative Data from European Patent Office)

Local linear full

Local linear MSE

Local mean MSE

Local linear with controls

Means RD coef. BW RD coef. BW RD coef. BW RD coef. BW
Funded Not-Funded|(p-value) (N) (p-value) (N) (p-value) (N) (p-value) (N)

At least 1 EU patent application 0.139 0.143 -0.035 8 -0.035 8.89 -0.030 2.48 -0.015 8
0.281 459 0.281 459 0.385 189 0.297 459

At least 1 EU patent granted 0.044 0.030 0.016 8 0.166 2.17 0.082 1.25 0.019 8
0.569 459 0.017 184 0.033 103 0.559 459

Sum of EU patent applications 0.462 0.243 0.473 8 0.418 4.17 0.268 3.20 0.520 8
0.663 459 0.550 295 0.355 245 0.636 459

Sum of EU patents granted 0.082 0.047 0.075 8 0.201 2.81 0.033 5.20 0.079 8
0.570 459 0.076 220 0.657 350 0.566 459

Notes:

Uniform kernel used.

RD coef. Is the estimated fuzzy-RD treatment effect. P-value is the bias-adjusted robust p-value. BW is the bandwidth, N the sample size.
Local linear full is estimated over full survey sample within 8 points of cutoff; local linear MSE and local mean MSE use MSE-optimizing bandwidths for
local linear and local mean estimation within this interval. Last column adds the following controls: whether the leader is an enterprise, whether

application is for research phase only, number of parties in consortia, whether the project aims for an export market, and number of researchers employed.
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Table 7: Impact on Commercialization

Local linear full

Local linear MSE

Local mean MSE Local linear with controls

Means RD coef. BW RD coef. BW  RDcoef. BW RD coef. BW

Funded Not-Funded| (p-value) (N)  (p-value) (N) (p-value) (N) (p-value) (N)

Has Innotech product ready for sale 0.527 0.095 0.231 8 0.248 6.83 0.339 1.50 0.232 8
0.009 400 0.544 367 0.014 129 0.009 400

Broad commercial potential of Innotech product 0.797 0.175 0.397 8 0.423 3.86 0.529 4.36 0.402 8
0.001 400 0.043 248 0.000 264 0.001 400

Selling Innotech product or process in Poland 0.331 0.071 0.141 8 0.235 3.43 0.251 15.06 0.142 8
0.054 400 0.151 220 0.029 400 0.061 400

Selling Innotech product or process outside Poland 0.155 0.052 -0.157 8 -0.245 2.76 0.009 4.41 -0.148 8
0.364 400 0.012 197 0.004 264 0.342 400

Value of sales from Innotech product in 2015 458321 70125 -435924 8 -11724 1.62 418310 26.03  -443996 8
0.712 364 0.983 111 0.465 364 0.687 364

Percent of sales from Innotech product in 2015 1.176 0.252 -1.243 8 0.016 2.37 0.381 2.01 -1.211 8
0.133 354 0.791 139 0.295 136 0.133 354

Innotech process being used commercially 0.757 0.166 0.441 8 0.453 4.69 0.495 1.99 0.443 8
0.001 379 0.013 271 0.000 125 0.001 379

Commercialized product from other project 0.603 0.573 -0.105 8 -0.029 4.13 0.003 6.14 -0.111 8
0.699 339 0.745 229 0.928 295 0.676 339

Summary index of Commercialization Activities 0.456 -0.225 0.186 8 0.200 2.30 0.185 0.72 0.191 8
0.019 400 0.931 165 0.975 57 0.019 400

Notes:

Uniform kernel used.

RD coef. Is the estimated fuzzy-RD treatment effect. P-value is the bias-adjusted robust p-value. BW is the bandwidth, N the sample size.
Local linear full is estimated over full survey sample within 8 points of cutoff; local linear MSE and local mean MSE use MSE-optimizing bandwidths for
local linear and local mean estimation within this interval. Last column adds the following controls: whether the leader is an enterprise, whether

application is for research phase only, number of parties in consortia, whether the project aims for an export market, and number of researchers employed.
Summary index is the average of standardized z-scores of all other outcomes in the table.
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Table 8: Sharpened g-values

Local linear full Local linear MSE Local mean MSE Local linear with controls
unadjusted sharpened unadjusted sharpened unadjusted sharpened unadjusted sharpened

Summary Indices

Table 3 (Additionality Index) 0.000 0.001 0.000 0.001 0.000 0.001 0.000 0.001
Table 4 (Collaboration Within Consortia Index) 0.003 0.007 0.086 0.207 0.003 0.008 0.004 0.009
Table 5 (Collaboration Outside Consortia Index) 0.673 0.323 0.895 0.594 0.771 0.627 0.701 0.257
Table 6a (Research and Innovation Index) 0.195 0.109 0.137 0.223 0.046 0.049 0.164 0.090
Table 7 (Commercialization Index) 0.019 0.020 0.931 0.594 0.975 0.640 0.019 0.020

Individual outcomes significant at 10 percent levels

Project Publicly Funded 0.000 0.001 0.000 0.001 0.000 0.001 0.000 0.001
Project Started 0.000 0.001 0.000 0.003 0.000 0.001 0.000 0.001
Project Completed 0.000 0.001 0.000 0.003 0.000 0.001 0.000 0.001
Collaborated with consortia on R&D 0.000 0.001 0.000 0.003 0.023 0.097 0.000 0.001
Applied for at least one patent for Innotech project 0.000 0.001 0.002 0.020 0.008 0.045 0.000 0.001
At least one publication for Innotech project 0.000 0.002 0.007 0.052 0.000 0.001 0.000 0.002
Broad commercial potential of Innotech product 0.001 0.005 0.043 0.163 0.000 0.001 0.001 0.005
Innotech process being used commercially 0.001 0.009 0.013 0.064 0.000 0.001 0.001 0.008
Received at least one patent for Innotech project 0.002 0.011 0.003 0.022 0.010 0.051 0.001 0.008
Has Innotech product ready for sale 0.009 0.041 0.544 0.846 0.014 0.067 0.009 0.039
Collaborated with Consortia since applying 0.015 0.063 0.011 0.064 0.186 0.431 0.017 0.072
Know firms in industry could talk with to take ideas to market 0.022 0.082 0.031 0.134 0.044 0.127 0.020 0.077
Don't collaborate with consortia due to lack of funding 0.025 0.085 0.067 0.228 0.032 0.106 0.027 0.095
Selling Innotech product or process in Poland 0.054 0.179 0.151 0.402 0.029 0.106 0.061 0.206
Collaborated with entity outside consortia 0.074 0.220 0.219 0.502 0.262 0.530 0.080 0.243
Collaborated with others on research publication 0.072 0.220 0.262 0.517 0.144 0.361 0.079 0.243
New Collaboration between leader and first partner 0.080 0.227 0.036 0.145 0.026 0.101 0.091 0.264

Note: Sharpened g-values for indices control false discovery rate when testing the five different summary indices; sharpened g-values for individual outcomes
control false discovery rate when testing the 52 separate individual outcomes across Tables 3 through 7.
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