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Abstract

Innovation to reduce the cost of clean technologies has large environmental and societal benefits,
and governments can play an important role in helping cleantech startups innovate and overcome
risks involved in technology development. Here we examine the impact of the U.S. Advanced
Research Projects Agency — Energy (ARPA-E) on two outcomes for startup companies:
innovation (measured by patenting activity) and business success (measured by venture capital
funding raised, survival, and acquisition or initial public offering). We compare 25 startups
funded by ARPA-E in 2010 to rejected ARPA-E applicants, startups funded by a related
government program, and other comparable cleantech startups. We find that ARPA-E awardees
have a strong innovation advantage over all the comparison groups. However, while we find that
ARPA-E awardees performed better than rejected applicants in terms of post-award business
success, we do not detect significant differences compared to other cleantech startups. These
findings suggest that ARPA-E was not able to fully address the “valley of death” for cleantech
startups within 10-15 years after founding.

ARPA-E was established in the U.S. Department of Energy (DOE) in 2009, in recognition of
the urgent need for accelerating energy technology innovation. The agency was created to fund
breakthrough energy research with greater flexibility to overcome the stovepiping that afflicts
traditional DOE funding offices.!~ For over two decades, experts have called for increased

government spending on energy research and demonstration (R&D)*” and for stronger mission-



oriented innovation support policies, including government action to create and shape markets.?’
It is well known that market failures due to knowledge spillovers lead to underinvestment in
research by the private sector.!%!! In addition, experimentation is fundamental to innovation and
entrepreneurship, which are characterized by high uncertainty and low success rates,'>!* and
thus, public intervention can be essential for encouraging radical innovation when the cost of
experimentation is high.'* Particularly for cleantech, where societal benefits are generally high
compared to private returns because of the environmental externalities of air pollution and
climate change, governments can be seen as a risk-tolerant investor with the ability to de-risk or
shape markets for new technology.’

However, concerns over the effectiveness of government subsidies for applied energy R&D
in private firms have long been part of the political and academic debate. Very recently, for
example, a proposal by the U.S. Office of Management and Budget to eliminate funding for
ARPA-E claimed that “the private sector is better positioned to finance disruptive energy
research and development and to commercialize innovative technologies.”'> Nevertheless, a vast
amount of past research from various European countries has generally indicated that public
R&D grants do not substitute private R&D spending.'¢~'° Public direct investments can rather
mobilize private investments in specific sectors such as renewable energy.?’ Studies have found
that U.S. government partnerships in the form of joint development and licensing?! and federal
research subsidies for small businesses?? can increase patenting and private financing for U.S.
cleantech firms. In a recent study of UK firms across all sectors, small firms significantly
increase their internal R&D spending in response to direct grants and tax credits for R&D,
whereas the contrary holds for larger firms.?}

Even though the positive effect of direct public R&D grants to startups has been highlighted
in recent studies, we still know little about how specific government R&D programs impact
cleantech startups—especially programs that provide more than just the financial resources, such
as R&D grants and tax credits, offered by traditional subsidy programs. ARPA-E was designed
in the model of the U.S. defense agency DARPA, with expert program staff who are hired on
short-term rotation and empowered to craft solicitations in an area of technical need, select
proposals, and actively manage projects.?*?3 Based on DARPA’s long track record of
accomplishments, this funding model was expected to produce breakthrough innovations with

the potential to transform the energy market. In the case of ARPA-E, which has become the



often-discussed posterchild of mission-oriented innovation in the U.S. and abroad,?®? it is

important to understand whether and how ARPA-E has supported innovation, for the sake of
learning and informing future initiatives.?%?

We are particularly interested in innovation outcomes for startup companies, which can be
more flexible and agile than larger firms or public organizations. Startups have the ability to
quickly respond to market opportunities and can provide solutions to urgent problems as long as
they have access to adequate resources.’*! Public organizations and incumbent firms also play a
key role for energy innovation, given their scale and breadth of capabilities. However, previous
research suggests that larger organizations respond to innovation opportunities later than
entrepreneurial firms, due to inertia and legacy systems; and when they do move into new
products or markets, they often harvest innovation from startups.’?=33 Exploring the drivers for
startup innovation and success is therefore a valuable pursuit, especially given these firms’
growing potential for transforming the energy sector.3® Moreover, startups typically operate
under a short-term imperative for achieving success as a result of resource constraints. Thus,
although innovation in the energy sector can take many years (and sometimes even decades),
there are important outcomes for startups in cleantech that can be observed in the relatively
short-term.?!

In this paper, we investigate these short-term (5-10 years) outcomes—specifically
innovation, as measured by patenting activity, and business success, as measured by acquisition
or initial public offering (IPO), survival, and venture capital (VC) raised—tfor the earliest cohort
of ARPA-E startups, funded in 2010. Using a dataset combining information from Cleantech
Group’s i3 platform, DOE financial assistance records, as well as substantive information on
startups from public information sources, we ask whether and to what extent the performance of
the cleantech startups funded by ARPA-E differs from that of comparable firms, controlling for
key characteristics, including cleantech sub-sector, age, prior patenting, and prior VC
investment. We find that ARPA-E’s startup awardees produced significantly more patents post-
2010 than similar companies did. However, while ARPA-E awardees performed better than the
group of rejected ARPA-E applicants in terms of their ability to attract VC investment post-
award, likelihood of surviving, being acquired, or going public, they had no advantage over the
average similar cleantech company in these dimensions. These findings indicate that barriers

remain for innovative cleantech companies in gaining market traction.



ARPA-E in the context of U.S. cleantech innovation

Before ARPA-E was established, there was a rise of VC funding for cleantech from 2006 to
2008 in the U.S. VC investors accustomed to funding commercialization of medical and software
technology turned their attention to cleantech, expecting to earn positive returns from a few high-
value companies in a portfolio. Returns on these cleantech investments, however, turned out to
be comparatively low, due to longer development cycles and high capital intensity of energy
innovation, as well as competition from incumbent technologies producing the same
commodities (e.g. electricity and liquid fuels).?” Subsequent VC funding for cleantech dropped
dramatically.

Shortly after the exodus of cleantech VCs, there was a surge in U.S. funding for public
energy R&D through DOE. The American Reinvestment and Recovery Act (ARRA), which was
passed to address the financial crises of 2009, also authorized roughly USD 60 billion of
stimulus spending on clean energy investments in the 2010 fiscal year (Oct. 1, 2009 — Sep. 30,
2010).38 A portion of ARRA funding established ARPA-E to fund high-risk R&D on energy
technologies. Other ARRA funds were distributed through applied technology offices such as the
Office of Energy Efficiency and Renewable Energy (EERE); Supplementary Figure 1 illustrates
the funding surge for U.S. DOE R&D and demonstration in 2010.

We construct a dataset containing 1,287 U.S. cleantech companies founded from 2005 to
2010, i.e. firms that were startups (five years old or younger) in 2010.2! These firms are assigned
to one of four groups: (i) startups funded by ARPA-E in 2010 (listed in Supplementary Table 2);
(i1) startups whose applications for funding were denied by ARPA-E in 2010—importantly, our
sample only includes rejected applicants who were “encouraged” by ARPA-E, suggesting that
they were judged to be high quality relative to the larger pool of rejected applicants; (iii) startups
funded by EERE in 2010; and (iv) startups that were not identified as ARPA-E applicants and
also did not receive EERE funding in 2010, although they may have received other types of
federal assistance (labeled as “other cleantech™). Supplementary Table 1 provides descriptive
statistics of each group, and Supplementary Data 1 contains a de-identified dataset of all 1,287
firms and their post-2010 patenting and business outcomes.

We also collect data on companies that received awards from the DOE Small Business
Innovation Research (SBIR) program. Previous research on this program found it had a positive

impact on the likelihood of VC investment and patenting for small businesses.?? However, in our

4



data, we find that SBIR startups as a whole are fairly dissimilar to ARPA-E awardees and other
cleantech startups. Of the 82 startups funded by DOE SBIR in 2010, we are only able to identify
60% of them as cleantech companies, compared to 93% of EERE startups and 100% of ARPA-E
startups from the same year. When we perform coarsened exact matching on the ARPA-E 2010
awardees (see Methods for more detail), only five SBIR companies remain in the matched
sample. For this reason, we exclude SBIR awardees from our main analysis; more information
on these companies is provided in Supplementary Note 1.
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Figure 1. Sub-sectors represented in our dataset of U.S. cleantech startup firms in 2010.
Each company was assigned to one of 19 cleantech sub-sectors used by Cleantech Group’s i3

platform. See Methods for more detail on these categorizations.

Among the four groups of cleantech startups in our main dataset, we find differences in
emphasis across various cleantech sub-sectors (Figure 1 and Supplementary Table 3). Both
ARPA-E awardees and ARPA-E rejected applicants were concentrated in energy storage;
ARPA-E funded nine storage startups in 2010—over one-third of its awards in that year, while
such companies comprised only 6% of all cleantech startups. This emphasis arises largely from
two targeted technical programs at ARPA-E for battery technology in 2010—one for electric

vehicles and one for grid-scale storage.



One important reason for this emphasis is that technology priorities at ARPA-E are
determined in a bottom-up fashion, as they aim to fund “white space”, i.e. technical areas that are
overlooked by other funding sources.*” This is a complementary approach to that of other offices
in DOE, like EERE, where funds are allocated based on road-mapping of existing technological
trajectories—in other words, EERE funds are more likely to be subject to path dependencies in
the programs when compared to ARPA-E. EERE’s top-down approach is reflected in its 2010
startup portfolio, which was more similar to the overall makeup of U.S. cleantech companies.
Solar photovoltaics, for example, comprised one-fifth of all cleantech startups in 2010; EERE
funded eight solar startups, whereas ARPA-E funded only one.

We also find differences across groups in terms of the pre-2010 company profile: over half of
ARPA-E awardees had already received private VC investment (56%), and over half had filed at
least one patent (also 56%). Among ARPA-E rejected applicants, the proportion of companies
with pre-2010 patenting and private funding were lower (38% and 18%, respectively). It appears
that ARPA-E selections were preferential toward companies with pre-award patents or financing,
either because these attributes were used directly by ARPA-E staff as a signal of quality, or

because they happen to correlate with the actual selection criteria.

ARPA-E startups patented more than similar firms

Patents are an important part of the value chain for new ideas in energy technology, and
protecting intellectual property allows startups to demonstrate their value to potential investors
and/or companies that might acquire them.***? If the ARPA-E funding mechanism is effective at
supporting breakthrough R&D, then ARPA-E startups should show a higher rate of post-award
patenting compared to rejected ARPA-E applicants as well as to similar cleantech startups.

We count the successful U.S. patent applications that were filed by each company in a given
year, and we find that 80% of ARPA-E-funded startups had filed a patent after their award in
2010—a greater proportion than any other group. However, it is not clear from these descriptive
statistics whether ARPA-E’s advantage in patenting is simply a result of selecting companies
with more prior patenting activity. To test this possibility, we model post-2010 patenting activity
using Poisson regression with a control variable for pre-2010 company patenting, as well as age,

sub-sector, and pre-2010 VC activity (Table 1).



We find that the patenting advantage for ARPA-E startups holds in regression analysis

controlling for various factors, including pre-award patenting behavior. A coefficient of 0.7

corresponds to an incidence rate ratio of 2, meaning that startups who received ARPA-E awards

in 2010 went on to file successful patent applications at twice the rate of similar cleantech

companies on average (Models 2 and 3 in Table 1), even accounting for their pre-2010 patenting

activity. We repeat the regressions using a sub-sample of companies that has been balanced on

observable co-variates between ARPA-E and non-ARPA-E companies, using coarsened exact

matching.** The matched results confirm our finding (Models 4 and 5 in Table 1); after their

award in 2010, ARPA-E companies filed patents at roughly double the rate that would be

expected based on their age, sub-sector and pre-2010 company profile. Confidence intervals for

ARPA-E 2010 in Model 5 (not shown) indicate an incidence rate ratio between 1.5 and 3.2.

Table 1. ARPA-E patenting outcomes

Dependent Variable Post-2010 Post-2010 Post-2010 Post-2010 Post-2010
Patents Patents Patents Patents Patents
Form Poisson Poisson Poisson Poisson Poisson
Model €Y (2) 3) 4) (%)
Group: ARPA-E 2010 1.393%** 0.716%** 0.712%** 0.805%** 0.793%**
(0.391) (0.223) (0.208) (0.193) (0.196)
ARPA-E Rejected 0.392 0.343 -0.525
(0.365) (0.312) (0.377)
EERE 2010 0.419 0.081 -0.171
(0.370) (0.175) (0.184)
Company Age in 2010 0.160%** -0.140** -0.141** -0.128 -0.170
(0.053) (0.060) (0.060) (0.108) (0.117)
Ln(Pre-2010 Patents + 1) 0.843 %4 0.842%#* 1.047%** 1.073%%*
(0.101) (0.101) (0.090) (0.090)
Ln(Pre-2010 VC + $1) 0.035%** 0.035%** 0.007 0.006
(0.012) (0.012) (0.020) (0.021)
Sub-Sector Fixed Effects Y Y Y Y Y
Coarsened Exact Matching Y Y
Observations 1287 1287 1287 238 238
Pseudo R? 0.128 0.401 0.402 0.560 0.563

Note: Direct coefficients reported. Robust standard errors in parentheses. Incidence rate ratios for binary variables

can be obtained by exponentiating the coefficient.

*p<0.10, ** p < 0.05, *** p <0.01
Non-matched sample is the full dataset of U.S. cleantech startups in 2010. Pre-2010 counts are cumulative from
company founding through 2009. Post-2010 patent counts are cumulative 2011 through 2014. Base group is Other
Cleantech. Coarsened exact matching for ARPA-E vs. non-ARPA-E companies was performed using the following
criteria: sub-sector, company age (3 cohorts), any pre-2010 patent, and any pre-2010 VC.

Because companies that apply for government grants differ from other companies in several

ways, 443

we compare ARPA-E awardees in 2010 to companies that were rejected by ARPA-E



in the same year. These rejected applicants were publicly “encouraged” by ARPA-E, which
indicates that they were close to receiving the award. We take this approach to be approximating
the idea behind regression discontinuity design methods, although the agency does not assign
differentiated scores within the rejected group or the awardees. We find that rejected ARPA-E
applicants were no more likely to patent than other cleantech startups. This indicates that the
increased post-award patenting activity of ARPA-E companies is not a product of self-selection
of more innovative companies into the applicant pool. We also test whether increased patenting
is observed in the set of companies funded by EERE in 2010; these companies showed no
advantage over other companies in terms of post-award patenting activity.

Panel regressions of annual patents filed illustrate the consistently elevated patenting activity
by ARPA-E-funded startups from 2011 to 2014 (Figure 2a; regression coefficients are in
Supplementary Table 4). In Supplementary Table 5, we test for the likelihood of any patenting
from the four groups of startups, and we compare citation-weighted patent counts as well. The
increased patenting activity for ARPA-E startups compared to rejected applicants, EERE
awardees, and the wider pool of cleantech startups is robust to these alternative measurements.
Although our main analyses exclude SBIR awardees, results from an expanded dataset including
those companies is shown in Supplementary Table 6; SBIR awardees produced patents at

roughly half the rate of other cleantech startups, on average.
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Figure 2: Annual outcomes for 2010 cleantech startups by company type. Plots of predictive
margins for (a) patents filed and (b) VC funds raised are based on panel regressions controlling
for sub-sector, company age, and pre-2010 levels of patenting and VC funding, within a matched
sub-sample of cleantech companies; see Supplementary Table 4 for more detail. Outcome data
are cut off in 2014 for patents and 2017 for funding due to a lag in observations. Predictive
margins are the average predicted outcomes for companies in each group, using the observed

values of all other variables. Error bars show 95% confidence intervals.

The increased patenting by ARPA-E companies could be explained by either a treatment
effect or a selection effect. If participation in the ARPA-E program causes companies to produce
more patents, this treatment effect could be ascribed to ARPA-E’s unique program design.
ARPA-E and EERE both provide financial resources in the form of direct grants, but when
ARPA-E was established in 2010, it was set apart by offering commercialization assistance and
active project management by staff with technical expertise; these interventions can be
considered additional resources for the firm. Furthermore, program directors are empowered to

modify or terminate award agreements based on project performance.*® This leverage may allow
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them to induce greater patenting simply by encouraging awardees to patent; patents are a
celebrated output for ARPA-E as a whole.*’

However, we are not able to rule out the explanation that ARPA-E chooses to fund
companies with a higher propensity to patent. We address some obvious potential selection
effects by controlling for pre-award company profiles and comparing to rejected applicants, but
it is still possible that ARPA-E staff select more innovative companies based on attributes other
than prior patenting activity or VC funds. A previous study of ARPA-E project selection
practices revealed that the main driver of funding decisions at ARPA-E was the individual
judgment of the program director, rather than observable characteristics or even external peer
review scores.*® This use of individual discretion by ARPA-E staff may allow them to judge
research proposals on future patenting potential based on additional information beyond previous

patents and private funding.

ARPA-E startups were no more successful than similar firms

ARPA-E has highlighted the ability of its awardees to leverage their ARPA-E award into
follow-on funding.*’ One of the agency’s goals is to fill a funding gap by de-risking technologies
enough to make them suitable for private investment and commercialization. If this mission were
fully accomplished, then we would expect to see an increased likelihood of success (measured in
different ways) for ARPA-E startups compared to similar companies, perhaps commensurate
with the increased patenting activity measured above.

We measure three post-2010 business outcomes associated with increased likelihood of
market success for our sample of cleantech startups: acquisition/IPO, survival through 2019, and
amount of VC funding raised through 2017 (Table 2). As with our patenting analysis above, we
run regressions for these outcomes, with controls for firm age and cleantech sub-sector to
account for age- and sector-specific effects, as well as prior patenting and VC funds raised. We
find no statistically significant differences between ARPA-E companies and non-ARPA-E
companies for the three market success indicators, in either the whole sample or the matched
sub-sample. A greater proportion of ARPA-E startups (52%) raised VC funds post-2010
compared to other cleantech startups (40%), but this difference is within the error of
measurement when accounting for the firm’s pre-award profile. This non-significant difference

could be masking an actual effect, due to the small sample size and large standard error;
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confidence intervals for ARPA-E 2010 in Model 2 of Table 2 (not shown) yield an incidence rate
ratio between 0.7 and 5.1. Thus, this is a tentative result and we hope that future research with a
larger sample of companies will be able to either identify an effect or better establish the lack

thereof, for VC funding as well as acquisition/IPO and survival.

Table 2. ARPA-E business outcomes

Dependent Variable Post-2010 VC Acquired or IPO Survival
Form Poisson Poisson Logit Logit Logit Logit
Model €)) @ (©)) 4 (6] 6
Group: ARPA-E 2010 0.053 0.643 -0.663 -0.330 0.250 0.308
(0.620) (0.506) (0.528) (0.632) (0.501) (0.645)
ARPA-E Rejected  -1.407** -2.231%* -1.716%** -1.420* -1.010%*** -1.165%*
(0.641) (1.068) (0.615) (0.784) (0.347) (0.589)
EERE 2010 -0.665 0.569%* -0.057 -0.029 -0.321 -0.176
(0.432) (0.229) (0.296) (0.729) (0.296) (1.274)
Company Age in 2010 -0.620%* 0.093 0.186%** 0.217 0.065 -0.241
(0.374) (0.161) (0.044) (0.187) (0.048) (0.213)
Ln(Pre-2010 Patents + 1) 0.536 0.291** 0.109 0.315 0.234** 0.820**
(0.339) (0.129) (0.092) (0.253) (0.114) (0.327)
Ln(Pre-2010 VC + $1) 0.169%** 0.044 0.010 0.018 -0.023** -0.057*
(0.046) (0.032) (0.010) (0.028) (0.011) (0.035)
Sub-Sector Fixed Effects Y Y Y Y Y Y
Coarsened Exact Matching Y Y Y
Observations 1287 238 1282 238 1287 228
Pseudo R? 0.456 0.370 0.047 0.109 0.033 0.164

Note: Direct coefficients reported. Robust standard errors in parentheses. Incidence rate ratios for binary variables
can be obtained by exponentiating the coefficient.

*p<0.10, ** p < 0.05, *** p <0.01

Non-matched sample is the full dataset of cleantech startups in 2010. Pre-2010 counts are cumulative from company
founding through 2009. Post-2010 VC funding totals are cumulative U.S. dollars 2011 through 2017. Coarsened
exact matching for ARPA-E vs. non-ARPA-E companies was performed using the following criteria: sub-sector,
company age (3 cohorts), any pre-2010 patent, and any pre-2010 VC.

We show two sets of alternative tests in Supplementary Table 7: logit regressions for the
binary outcome of any VC funding, and Poisson regressions for all private finance deal totals
(including common stock and private equity as well as VC). The results are consistent—ARPA-
E-funded companies were not measurably more successful at raising private funds than similar
startups from Other Cleantech, despite their increased patenting activity post-award. Panel
regressions also show no clear difference between ARPA-E companies and others in annual VC
funding 2011-2017 (Figure 2b; regression coefficients are in Supplementary Table 4).

We find a positive and significant rate of VC funding for EERE 2010 compared to Other
Cleantech, but a Wald test fails to reject the hypothesis that the coefficients for ARPA-E 2010
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and EERE 2010 are equal (p = 0.90). On the other hand, we find significantly less business
success for firms whose application for ARPA-E was denied in 2010. The coefficient on ARPA-
E Rejected is significantly negative even when accounting for their lower rates of prior VC
funding; the rate of VC funding for this group is roughly one-tenth the funding rate of Other
Cleantech (Model 2 of Table 2). A Wald test rejects the hypothesis that the coefficients for
ARPA-E 2010 and ARPA-E Rejected are equal (p = 0.014), meaning that ARPA-E rejected
applicants performed significantly worse than awardees.

The average rejected ARPA-E applicant was therefore less likely to succeed than other
cleantech firms, while ARPA-E awardees performed on par with similar cleantech firms. As with
our patenting results, we are not able to fully establish whether the difference between ARPA-E
awardees and rejected applicants is due to treatment, selection, or both. However, also as with
patenting, several factors would seem to contradict a strong selection effect. First, the rejected
applicants in this study are relatively high quality, having been encouraged by ARPA-E.
Furthermore, the comparison already accounts for prior patenting and VC funding, which
eliminates some obvious mechanisms for selection. Finally, ARPA-E markets itself as a funder
of high-risk ideas,* and previous research on ARPA-E selection practices indicates that they do

in fact prefer to fund proposals with greater uncertainty.*®

Discussion

Startups with an ARPA-E award were issued more patents in the years following their award
compared to similar cleantech companies. Although we are cautious in over-interpreting the size
of the effect, given the small sample of 25 ARPA-E companies, the trend toward greater
patenting is significantly positive. We show that the higher rate of patenting is not shared by
rejected ARPA-E applicants, indicating that the effect is not caused by a higher propensity to
patent among firms that self-select into the ARPA-E applicant pool. Furthermore, the patenting
advantage is not shared by similar startups with R&D awards from elsewhere in DOE, indicating
that increased patenting is not caused simply by the infusion of public financial resources.
However, two possible explanations remain: treatment (ARPA-E awards caused cleantech
startups to produce more patents) and/or selection (ARPA-E provided a subsidy to more

innovative startups who would have produced more patents anyway).
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Without a randomized assignment of ARPA-E awards among a set of eligible firms,**-°

we
are not able to disentangle selection and treatment as possible explanations for the increased
patenting post-2010 among ARPA-E awardees relative to other cleantech startups. Given our
understanding that ARPA-E awardees are selected to be the best proposed ideas for solving a
technical challenge, the treatment is far from random. Therefore, we face an unavoidable risk of
bias from omitted variables, like project quality.

And yet, if ARPA-E program directors are skilled at predicting future patenting outcomes
and choose to fund those companies with the greatest potential for future patenting, this could be
an important result in itself given the environmental and societal importance of cleantech
innovation. Predicting research outcomes and success of technical projects is notoriously
difficult, even for industry experts or venture capitalists.’! Although many ARPA-E startups had
private funding prior to their award, those investors may not have been willing to support the
particular R&D projects funded by ARPA-E——projects with transformative potential but greater
risk. In a report from the U.S. Government Accountability Office, investment firms stated that
they “generally do not fund projects that rely on unproven technologies.”? One public company
said that ARPA-E projects would not meet the criteria for internal investment because “the rate
of return on investment required by its management was at least 20 percent per year.”>> ARPA-E
funding allowed startups to pursue mission-aligned R&D projects without requiring short-term
profitability, and we find that these startups were more inventive than others.

Despite the demonstrated advantage of ARPA-E awardees in producing inventions, we find
no clear evidence that they perform differently from similar cleantech startups as a whole in
terms of acquisition/IPO, survival, or VC funding post-award within 10-15 years of founding.
We face the limitations of a small sample of ARPA-E companies, which partly explains the large
standard error on these measurements, and a relatively short period of time following ARPA-E
funding for cleantech innovations to pay off. Nonetheless, we do measure significantly better
business outcomes for ARPA-E startups than our sample of high-quality rejected applicants.
Although we cannot confirm the presence of a treatment effect, we note that such an effect could
be consistent with the lack of business advantage for the kinds of firms that apply for ARPA-E
support. If ARPA-E attracted applicants whose plans for technology development were riskier or
more capital-intensive, then these firms may have been generally at a disadvantage in terms of

business success. A positive treatment effect could have allowed ARPA-E awardees to overcome
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negative factors afflicting ARPA-E applicants and catch up with other firms, while not fully
closing the gap between public and private funding sources for these innovative cleantech
startups.

Hardware-based energy technology innovation requires large amounts of capital and long
timescales to become fully commercialized. Private investors have shown some renewed interest
in energy technologies, but their interest appears limited to digital innovations such as demand-
management software.>* More than half of the startups in our dataset are manufacturing firms,
according to their North American Industry Classification System (NAICS) codes. It is not
surprising if ARPA-E alone has not fully solved the “valley of death” problem for innovative
cleantech companies, which has been shown to be especially acute in the demonstration phase.>
Complementary innovation policies, such as increased funding for demonstration and
commercialization, in-kind support from national laboratories, and targeted procurement
programs, may be needed to allow scale-up beyond the R&D phase and to ensure that cleantech
innovations can leverage additional private finance and transition to the market.

Ten years after ARPA-E first began issuing awards, our findings provide important
contributions to the ongoing discussions in the U.S. about the role of governments as early
investors in clean energy technologies. Our results will also inform other governments around
the world that are interested in replicating or adapting the ARPA model as a mechanism for
supporting mission-oriented innovation, as well as researchers interested in the design of public

funding mechanisms for supporting R&D to advance energy-related and industrial policy goals.

Methods

Identification of cleantech companies

Cleantech is not a conventional market category; it cuts across many traditional industries
and sectors, including agriculture, electricity, transportation, water and waste management.
While “clean energy technology” does not fully encompass the range of technologies that can be
considered cleantech, the two terms are sometimes used as interchangeably.?” Cleantech
companies are distinguished by offering reduced environmental impact compared to the status

quo, although this reduced environmental impact of a cleantech company’s product or service
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may or may not have market value. The label of “clean” has value to the extent that customers
and investors recognize the environmental harm from existing technologies. For this reason, it
can be difficult to identify a given company as cleantech, even knowing its product offerings,
without knowing how the company signals its environmental value and impact.

In this work, cleantech firms were identified from three data sources: the Cleantech Group 13
dataset, recent DOE awardees, and applicants for ARPA-E funding in FY 2010. The commercial
13 dataset contains a list of cleantech companies, “focused on emerging and innovative
companies.” The Cleantech Group website states that they “typically track start-ups and SMEs
from the seed stage to late-stage private equity — and everything in between.”> This database
was selected for its inclusion of detailed information on sub-sector and founding year and its
focus on entrepreneurial firms.

To identify companies recently funded by DOE, we obtained transaction data on federal
financial assistance from fiscal years 2009-2016 on USAspending.gov. Following the method of
Goldstein and Narayanamurti,’ we removed duplicate transactions and combined transactions to
create an award-level dataset. This dataset includes grants, which entail relatively unfettered
financial support, as well as cooperative agreements, which require substantial involvement of
the funding agency; we refer to these collectively as “awards.” We exclude contracts, which are
used for government procurement. We limit our analysis to awards given to businesses by
ARPA-E and EERE, with a start date in the range of FY 2010-2015. In our analysis, we pay
special attention to awards that began in FY 2010 (Oct. 1, 2009 through Sep. 30, 2010), which
was the year of the ARRA stimulus and the first year of operation for ARPA-E.

A final set of cleantech startups are identified as rejected ARPA-E applicants. Unfunded
applicants are typically not publicly announced, but in 2011 and 2012, ARPA-E posted a list of
“encouraged applicants” on its website. These applicants agreed to make a description of their
proposed technology publicly available, in order to “help foster connections that will accelerate
technology development.” In total, 100 unfunded projects were listed prior to September 2011.
Based on the dates when various ARPA-E awards were announced, we conclude that these
applications were to one of ARPA-E’s first seven technical programs, all of which were initiated
in FY 2010: OPEN 2009, BEEST, Electrofuels, IMPACCT, ADEPT, BEETIT, and GRIDS.
Based on internal data obtained from ARPA-E,*® we find that the “encouraged applicants”

sample is only 18% of the 565 rejected applications to the 2010 ARPA-E funding opportunities.
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One startup in our dataset were funded by both ARPA-E and EERE in FY 2010, and one
ARPA-E rejected applicant was funded by EERE in that same year. For the purpose of panel
regressions and the bar plots in Figure 1, companies are assigned to only one group; these

overlapping cases are assigned ARPA-E 2010 and ARPA-E Rejected respectively.
Company characteristics

We combined several datasets to determine the founding year of each cleantech company
identified by the methods above. The i3 dataset contains data on company founding year.
USAspending.gov does not include information on the age of a business; DOE awardees and
rejected ARPA-E applicants required manual research to determine founding year. When not
available on the company’s website, founding year was obtained from Orbis, Factset, public
news sources, and/or state business registration documents. We limit our dataset to companies
that were startups in 2010, i.e. with a founding year in the range 2005-2010.

We also used manual research to determine each company’s sub-sector within cleantech. The
13 dataset includes a categorization for “primary sector” with 19 distinct labels; this label allows
greater cohesion than the NAICS subsector, of which there are at least 50 unique categories
represented within our dataset. The 19 cleantech sub-sectors include clean energy categories,
which comprise the majority of the companies in our dataset (88%), as well as several categories
that have broader application beyond clean energy: Advanced Materials, Agriculture & Food,
Air, Recycling & Waste, Water & Wastewater, and Miscellaneous Cleantech.

We checked the categorization for each company, based on the company website and other
publicly available information online. For companies that were not in the 13 dataset, the
cleantech sub-sector was determined by a review of the company’s website as of 2017. If the
website was not active as of 2017, we used the most recent archive on The Wayback Machine

(https://web.archive.org/). We focused on the company’s self-description and degree of emphasis

on various cleantech applications for their technology; our determination does not account for
possible changes in technology area over time.
Some companies were found to operate primarily outside the 19 cleantech sub-sector

classifications. We exclude these non-cleantech companies from our dataset.

Outcome variables — Patents
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We searched the U.S. Patent and Trademark Office website for patents assigned to each
cleantech startup, issued on or before April 20, 2017. Design patents were excluded from the
dataset. Observations were manually reviewed if the name of the assignee was not an exact
match for the name of the company, or if the year of the patent filing was prior to the recorded
founding year of the company. Patents are counted by the year in which the application was
filed. Observations were collected through Dec. 31, 2014, to account for the lag in observing a
successful patent application. A citation-weighted count was also generated, following
Trajtenberg’s method of adding the annual patent count to a sum of all forward citations to those

patents.’® Citations to patents were observed through April 1, 2017.
Outcome variables — Private investments

We collected data on private funding from three sources: Thomson ONE, Crunchbase, and
Preqin. To obtain the total funding received by a company at the end of a given calendar year, we
use the maximum amount recorded from any of the three sources. We limited our observations to
funding deals announced between Jan. 1, 2004 and Dec. 31, 2017. For VC funding, we include
the following deal types: Venture Capital Equity Investment (Thomson ONE); Seed, Series A-I,
Venture — Series Unknown (Crunchbase); Seed, Series A-I (Preqin). For private funding
variables, we include all VC funding deals, plus the following deal types as well: Common
Stock, Convertible Preferred Stock, Preferred Shares, and Warrants (Thomson ONE); Angel,
Convertible Note, Corporate Round, Equity Crowdfunding, Funding Round, Post-IPO Equity,
Pre-Seed, and Private Equity (Crunchbase); Add-on, Angel, Growth Capital/Expansion, Private
Investment in Public Equity (PIPE), and Unspecified Round (Preqin).

Because funding decisions may be influenced by the signaling effect of government grants,
we aim to observe fundraising activities for DOE awardees before their grants were announced
publicly. We consider funding announced on or before Dec. 31, 2009 to be pre-award funding.
This method introduces two countervailing sources of error. On one hand, it overestimates pre-
award funding for companies whose awards were announced in 2009, by including investments
that may have been influenced by that announcement; for example, ARPA-E grants in the OPEN
2009 program were announced on Oct. 26, 2009. On the other hand, our method underestimates
pre-award funding for companies whose awards were announced in 2010, by excluding

investments that were made before the announcement. For example, some ARPA-E programs
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announced awards in spring and summer of 2010 (April 29 for BEEST, Electrofuels, and
IMPACCT; July 12 for BEETIT, GRIDS, and ADEPT.)

For consistency with the funding data, we limit pre-award patent observations to those filed
on or before Dec. 31, 2009. For both patents and private funding, we ignore observations
(patents filed or funding announced) in calendar year 2010. We test the main results for
robustness with two alternative specifications in Supplementary Table 8: pre-award outcomes

including 2010, and post-award outcomes including 2010.
Outcome variables — Exit and survival

We further collected data from public sources on two events for each company in the dataset:
whether a company had been acquired or issued an IPO (indicating an “exit” for investors), and
whether they remained in business as of December 2019. Data on acquisition and IPO were
collected from i3, Crunchbase, Thomson ONE, Orbis, and complemented with a web search. The
outcome was operationalized as a binary variable equaling 1 for either an acquisition or an IPO,
and 0 otherwise.

Survival is an important indicator of performance in the startup context where many
companies end in failure (bankruptcy, closures, or liquidations).>’*® We compiled data on
whether or not a company was still in business as of December 2019 in three steps. First, we
searched for each company on the web using keywords for bankruptcy, closure, and liquidation.
We also checked whether the firms still had webpages and when they were last updated, using
The Wayback Machine and Google cached results. Finally, for companies with outdated or
nonexistent online records, we searched their status in state-level business registration databases.
Acquired companies may be absorbed into their new parent company and no longer observable
as an independent entity, so we operationalized firm survival to also account for acquisition/IPO
outcomes; survival is a binary variable that takes on the value 1 if a firm was still active or had

undergone acquisition/IPO, and 0 otherwise.
Regressions

To estimate differences between ARPA-E-funded firms and the other groups of cleantech
startups, we conduct a set of regression analyses. We estimate post-2010 patent counts and

funding amounts (Y;) for firm i using the following Poisson model:
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[1] In(Y;;) = Bo + BARPA — E; + B,ARPA — E Rej.;+ B:EERE; + B,Age +
BsIn(P; + 1) + s In(Z; + 1) + ¢;

where £33 are the coefficients of interest for three groups of cleantech startups, compared to
Other Cleantech. P; is the number of patents filed pre-2010, Z; is the amount of pre-2010 VC
funding, and ¢y is a fixed effect for the cleantech sub-sector of the firm (j). Sub-sector fixed
effects are not reported for brevity, but outcomes differ dramatically across sub-sectors;
descriptive statistics are shown in Supplementary Table 9.

All regression tables report the coefficients directly. For Poisson regressions, coefficients can
be converted to incidence rate ratios between firms in different groups—for example, ARPA-E
and non-ARPA-E firms—by calculating exp(/). We estimate likelihood of acquisition/IPO and
firm survival using a logit model, with the same set of explanatory and control variables in
Equation 1. Here, the exponentiated coefficient for binary independent variables (e.g. ARPA-E
2010) indicates the odds ratio of an event for startups in a given group compared to Other
Cleantech.

Coarsened exact matching is performed to reduce imbalance between ARPA-E and non-
ARPA-E cleantech startups. The cem package in Stata is used to determine importance
weights.>® The criteria for company matching are: 19 individual cleantech sub-sectors, 3 age
cohorts (founded 2005-2006, 2007-2008, and 2009-2010), whether they had any pre-2010
patents, and whether they had any pre-2010 VC funding. The matched dataset contains 238
companies (including 23 of 25 ARPA-E companies) across 17 matched strata. The multivariate
L; distance is reduced to 1.25e-16 from 0.731 pre-matching.*3

Alternative regression models are used to check for robustness. We convert our cross-
sectional data on startups to a panel dataset, and we repeat the Poisson regressions above with
company-years as the unit of analysis, for years starting in 2011 (Supplementary Table 4). We
estimate logit regressions for whether or not a firm patented or received any VC funding
(Supplementary Tables 5 and 7). We conduct Tobit analysis to account for left-censored data on
the latent variable of propensity to patent or raise VC funds (Supplementary Table 10), with a
lower limit of 0 patents filed or $0 raised. The coefficient in this case is an estimate of linear

increase in the uncensored latent variable. We also estimate difference-in-differences to account
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for pre-2010 and post-2010 time trends (Supplementary Table 11), where the coefficient is an

estimate of linear increase in the outcome variable.

Data Availability

The data on cleantech firm identification used in this study were made available to us by
Cleantech Group under a restricted license and are therefore not publicly available.
Supplementary Data 1 contains an anonymized version of our company-level analytical sample
with the names of the firms removed. Supplementary Data 2 contains the company-year panel
dataset. Supplementary Code 1 contains the Stata code that enables the reproduction of our main
analysis. The full dataset is available from the authors upon reasonable request and with

permission of Cleantech Group.
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