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Abstract

Despite theoretical predictions to the contrary, corporate innovation is strongly
pro-cyclical. In this paper, we compare innovation in the economy as a whole to
that of firms backed by venture capital (VC), a source of capital associated with the
most impactful young firms. We show that (1) patents filed by VC-backed firms are
of significantly higher quality and economic importance than those in the broader
economy, (2) venture-backed innovation is even more pro-cyclical than innovation in
general, and (3) the higher innovative pro-cyclicality of VC-backed firms is driven by
early-stage investments located in startup hubs. Our findings are consistent with a
view that VCs—particularly in hubs—make in booms more innovative investments,
which aee more susceptible to financing risk in downturns. During downturns, VCs
in hubs are more likely to shift early-stage funding to less innovative firms that are
closer to profitability. Rather than countering the pro-cyclicality of innovation in the
broader economy, VC finance appears instead to amplify this pattern. Moreover, the
geographic concentration of venture capital appears to have important implications
for both the the quality and the cyclicality of innovation.
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1 Introduction

The cyclical nature of innovation has long puzzled economists. On the one hand, a large
body of theory predicts that high-quality innovation should be counter-cyclical, for
example, if creative destruction occurs during recessions (Schumpeter|1939; Hall||1991;
Caballero and Hammour| 1994; Aghion et al| 2012). One rationale is that the
opportunity cost of investing in future productivity growth is lower during recessions,
creating incentives for innovative activity (Cooper and Haltiwanger||[1993; |Aghion and
Saint-Paul| [1998). On the other hand, a large empirical literature, beginning with
Griliches (1984)), documents that innovation is pro-cyclical, a fact that we confirm and
extend using long-horizon patent data (Figure |I).  Existing work on firm-level
pro-cyclicality has primarily relied on mid-twentieth century data and focused on
publicly traded firms.

In recent years, there has been increasing attention to the role of young, private firms
in driving innovation. This shift reflects the declines in basic research and in research
efficiency at large corporations, which have traditionally accounted for the bulk of R&D
expenditures (Bloom et al.|2020; |Arora, Belenzon, and Sheer||2021)). In addition, evidence
that young, private firms are disproportionately responsible for new products and job
creation (Decker et al.|2014; Acemoglu et al.2018)). Venture capital (VC) is perhaps the
most important source of financing for such firms. VC has been shown to be a key source
of innovation (Kortum and Lerner|2000; Gornall and Strebulaev|2015)), and is growing in
volume; in 2024, for instance, $215 billion was invested in U.S. venture deals, while U.S.
R&D expenditures were $993 billion (Association[2025; [NSF|2025). Despite the growing
academic and policy interest in VC, we know little about how venture-backed innovation
varies over the business cycle and how this relates to innovation in the broader economy.

In this paper, we explore—to our knowledge for the first time—the relative

contribution of VC to the pro-cyclicality of innovation. On the one hand, VC is



well-suited to be an instrument of Schumpeterian creative destruction, given these
investors’ taste for risk and its long-term structure that locks away funds for about ten
years (Lerner and Nandal [2020). These factors might make VC-backed innovation
relatively stronger during downturns. Anecdotally, many innovative firms backed by
venture funds were founded during recessions, ranging from Microsoft in 1975 to iRobot
in 1990 to Uber, Slack, and Airbnb in 2008-09.

On the other hand, VC-backed innovation might decline during downturns. This could
reflect the supply of ideas if entrepreneurs propose less risky and innovative ideas during
recessions. Alternatively, it could reflect shifts in the supply of capital if venture investors
are less willing to finance innovation, either because they must conserve capital for existing
portfolio companies or because fundraising from their limited partner investors becomes
more challenging.

Moreover, a distinctive feature of VC investment is its geographic clustering. For
example, in 2024, the three states of California, Massachusetts, and New York accounted
for 74% of U.S. VC investment dollars (Association| 2025). If clusters contribute to
information flows, risk-taking, and herding, they may amplify pro-cyclicality.

In this paper, we take a first step towards addressing this gap, by empirically exploring
shifts in VC investment during recessions and the role this might have on the nature of VC-
backed innovation. We examine whether the volume and quality of VC-backed innovation
are higher or lower during recessions, and the potential reasons for these patterns. To shed
light on these questions, we use data on VC financing matched to the patenting of VC-
backed startups over the period from 1976 to 2017. An important difference in our analysis
from most prior work on VC and innovation is that we examine all U.S. patents, thereby
comparing innovation among VC-backed firms to innovation conducted more broadly in
the economy. Our study of how VC-backed innovation has evolved relative to the broader
economy over macro-economic cycles in this time period reveals four patterns.

First, patents filed by VC-backed startups are of higher quality and economic



importance than the average patent. Citation counts provide one indicator. For
instance, 22% of the VC-backed patents are in the top 10% of most-cited patents
(defined relative to all patents whose applications were filed in the same month), and
2.9% are in the top 1% most highly-cited patents. VC-backed firms are also
disproportionately likely to have more original patents, more general patents, and
patents more closely related to fundamental science. This finding is consistent with
VC-backed firms playing a disproportionately important role in terms of job creation
and productivity growth (Puri and Zarutskie |2012; |Akcigit et al.|[2024)).

Second, we find that VC-backed innovation is pro-cyclical, and even more so than
the broader economy. Specifically, relative to all other patent filings within a technology
class, the number of patents applied for by VC-backed firms, as well as the quality of
those patents, declines during recessions. Patent activity among VC-backed firms is also
positively correlated with the amount of VC investment into startups in a given month.
Even after controlling for the lower amount of VC finance available to startups in
recessions, we find that recession periods are associated with particularly low levels and
quality of innovation.

Third, we trace the cyclicality of VC-backed innovation to innovation being conducted
by early-stage startups. The higher likelihood of VC-backed startups having patents in
the upper tail of novelty and impact during normal times is more pronounced for patents
filed by startups whose most recent round of financing was a Seed or Series A investment,
as opposed to Series B, C, etc. The disproportionate declines in novelty and impact of VC-
backed startups during recessions are also due to early-stage startups. Conversely, startups
that most recently received late-stage VC investments exhibit no significant differences
in innovation over the business cycle relative to innovation being conducted across the

broader economy!l|

!The fact that late-stage VC appears to be more insulated from the public markets is consistent with
Bernstein, Lerner, and Mezzanotti| (2019)), who find that investment at private equity-funded companies
was less sensitive to the 2008 financial crisis.



Fourth, we find that the VC ‘hubs’ of Silicon Valley, Boston and New York City are
primarily responsible for the pro-cyclicality of VC-backed innovation. In other words,
VC-backed startups in VC hubs are disproportionately more likely to have innovations in
the upper tails of patent citations during booms, but are also more sensitive to downturns.

Thus, rather than being insulated from downturns as a common narrative suggests,
venture-backed firms appear particularly sensitive to these cycles, and even more so in
VC hubs. Potential mechanisms can be grouped into two broad categories. One is that
investment opportunities for venture investors are more cyclical relative to the broader
economy. This is no doubt a factor, at least during some recessions. A second mechanism
is that venture capitalists’ willingness to fund more novel innovation may decline during
recessions. We find substantial support for this channel in our data. Venture investors
appear to delay new investments, particularly into more risky or novel investments, when
faced with uncertainty or due to anticipated constraints in the capacity to deploy capital.
We find that the decline in innovation among early-stage startups during recessions is
driven by venture capitalists financing less innovative firms, rather than them pushing
their existing portfolio companies to become less innovative.ﬂ These deal selection results
are also consistent with our findings that changes in venture-backed innovation occur
fairly rapidly with the onset of recessions, as deal selection can likely change more quickly
than the nature of existing startups.

Prior work suggests at least two reasons that venture investors may change their
investment focus during downturns towards startups that enable them to conserve capital.
First, limited partners, who are the ultimate source of capital for venture funds, typically
reduce their alternative asset allocations during recessions as public market asset values
decline, which can make the raising of follow-on funds more difficult. [Townsend, (2015)

shows that venture capitalists with heavy exposure to information technology after the

2These results are also consistent with survey evidence suggesting that venture capitalists view deal
selection as being more important to their role than post-investment monitoring activities (Gompers et al.
2020).



dot com collapse of the early 2000s were more likely to terminate funding for non-IT
companies (e.g., biotechnology), suggesting that their inability to raise capital after the
bust led to the failure of companies with positive net present values. Second, venture
investors face pressure to provide additional capital to their existing portfolio companies
during recessions, as other funding sources and exit opportunities for these firms are
diminished in the near-term.

Facing a need to conserve capital to fund existing portfolio companies and
uncertainty about raising new funds from limited partners due to the unpredictable
length and severity of recessions, even venture groups that have abundant capital may
anticipate future liquidity constraints and act accordingly. This mechanism is similar to
the rollover risk problem identified in the corporate debt literature, where a firm’s cost
of debt reflects not only its own credit risk but also a liquidity premium due to
illiquidity of the secondary debt market (Acharya, Gale, and Yorulmazer|[2011; [He and
Xiong| 2012; Brunnermeier and Oehmke [2013). In the VC context, Nanda and
Rhodes-Kropf| (2017) show theoretically that a forecast of limited future funding from
other venture firms can lead otherwise healthy startups to not receive an initial round of
financing, even if the VC firm itself is not constrained. In their model, innovative firms
are most exposed to this risk.E]

These sources of capital constraints—fundraising uncertainty and pressure to support
existing portfolio companies—can lead venture funds to preserve cash and shift the focus
of their early-stage investments toward less risky or novel startups that are closer to
achieving cash flow break-even within a short period of time{ Late-stage firms are more

likely to be cash-flow positive and should also benefit from venture capitalists’ strategy of

3In the companion paper to Nanda and Rhodes-Kropf (2017) (and the closest work to our paper),
Nanda and Rhodes-Kropf| (2013) shows that firms receiving their first venture financing in more active
markets are more likely to go bankrupt, but conditional on going public, are valued more highly and have
more patents. However, their focus on VC investment in boom times and importantly, do not consider
innovation by VC-backed startups relative to innovation in the broader economy, nor do they look at the
geographic pattern of such cyclicality.

4See, for example, https://www.sequoiacap.com/article/rip-good-times.
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shoring up existing portfolio companies in downturns, implying that they should be less
affected during recessions. Consistent with these predictions, we show that early-stage
VC deal activity declines on average by about 30% during recessions, while on average,
late-stage activity is relatively unaffected. Even in startups in VC hubs, which appear to
drive this pattern, the effects are stronger for early-stage than late-stage investments. To
our knowledge, this is a new fact in the literature, alongside our novel innovation findings.
If changing technological opportunities were the primary mechanism for declining early-
stage VC investment, we might expect to see variation across industries that is related
to sensitivity to the business cycle. However, we find that the decline in VC investment
during recessions exhibits surprisingly little variation across industries.

We offer the first systematic analysis of the cyclicality of VC-backed innovation.
Contrary to a common narrative in which VC-backed startups are relatively insulated
from downturns, we document that deal activity is in fact highly pro-cyclical and that
the relative quality of innovation declines more for VC-backed firms than for other types
of firms during downturns. This is important because VC-backed startups play a
disproportionately large role in economy-wide innovation, long-term job creation, and
value formation. Our results imply that VC-backed firms, particularly those receiving
their first early-stage investment, often do not have the luxury of shifting their
innovation investments or types of innovation across the business cycle. Furthermore, we
offer evidence that the shift away from high-quality innovation among early-stage
VC-backed startups during recessions reflects changes in the types of firms that VC
funds are willing to finance. The most plausible explanation for our findings is a
perceived need to conserve capital during recessions, both to finance existing portfolio
companies which may struggle and because the fundraising environment may become
more challenging. In sum, the nature of financing in the VC industry means that it
pushes overall innovation in the economy to be relatively more pro-cyclical.

The geographic variation—where the effect of shocks are amplified in the large tech



clusters—may stem from differences in risk preferences. If investors in hubs tend to
fund higher-risk startups, their investments will face relatively more financing risk while
also yielding more novel technologies. Greater appetite for risk may motivate VCs to
fund especially risky companies during booms, when follow-on capital appears plentiful.
However, the higher risk tolerance makes VC investment in hubs especially vulnerable
to the decline in later-stage capital availability during contractions. Other dimensions of
VC behavior may also contribute. For example, VCs in hub cities have especially dense
information networks (Sorenson and Stuart 2001). In booms, these networks may lead
to coordinated optimism, with information about investment opportunities propagating
faster and causing greater herding and risk-taking. During recessions, the same forces may
act in reverse, as as information quickly spreads about a decline in perceived investment
opportunities.

Overall, our paper helps to shed light on the nature of innovation in downturns,
which has long been puzzling to researchers. As noted above, these findings are
consistent with many studies documenting the pro-cylicality of innovation in public
firms and households, though the mechanisms may be quite different. For instance,
Barlevy| (2007) and |Fabrizio and Tsolmon| (2014) suggest that reduced ability during
downturns to profit from commercializing ideas before competitors copy the insights
may deter innovation; similarly, Comin and Gertler, (2006 suggests profits from
innovations may be greater during booms. Brown, Fazzari, and Petersen| (2009) suggests
that recently public firms may depend on cash flow and stock offerings to fund R&D,
both of which are pro-cyclical. Studying individual inventors, Bernstein, McQuade, and
Townsend, (2021) find that household financial distress deters risky innovation, and
Babina, Bernstein, and Mezzanotti (forthcoming) find that independent invention
declined during the Great Depression. Related to the mechanism of capital supply,

Moreira and Granjal (2023)) argue that financing constraints lead consumer goods firms



to introduce fewer novel products during recessionsEl
Finally, we contribute to the literature on the geography of innovation and VC, which

has emphasized the importance of a few large clusters. This literature includes

(2010)), Cumming and Dai (2010), |Chen and Ewens (2025) (see Chatterji, Glaeser, and

(2014)) for a review). Our results suggests that the dense networks, herding, and
risk-taking in these clusters amplify economic shocks, leading VC-backed innovation in

the clusters to be relatively more pro-cyclical.

2 Data

To identify VC-backed firms and analyze how VC-backed innovation responded to past
recessions, we combine the data from the Refinitiv VentureXpert database over the period
1976 to 2019 with patent data from the U.S. Patent and Trademark Office (USPTO).
VentureXpert, along with Dow Jones’ VentureSource (formerly VentureOne), are the two
primary venture capital databases. We use VentureXpert because it starts earlier (1962
vs. 1994) and has been found to be more comprehensive in terms of investment coverage,
which is important for our purposesﬂ VentureXpert records detailed information about
the dates of venture financing rounds, the VC firms and startups involved, the amounts
invested by each party, and the ultimate startup outcome, which allows us to understand
how VC deal activity responded to past recessions.

VentureXpert is merged with patent data from the U.S. Patent and Trademark Office

(USPTO) following the procedure outlined in Bernstein, Giroud, and Townsend| (2016)).

5This paper also contributes to the literature on cyclicality in venture capital and private equity,
including |Gompers and Lerner| (2000)), Kaplan and Schoar| (2005), [Axelson et al. (2013), Nanda and|
[Rhodes-Kropf| (2013)), and [Robinson and Sensoy| (2016)) and on the relationship between venture investors
and their portfolio companies, including the important role of financial constraints (Kaplan and Stromberg]
2003, 2004; [Howell 2017, 2020; |[Ewens, Gorbenko, and Korteweg 2022).

“Maats et al[(2011) and|Kaplan, Stromberg, and Sensoy| (2002) compare VentureXpert against samples
of financing rounds obtained from original sources and find reasonably good coverage, albeit with concerns
about valuation and outcome data (the former of which is not used here).




Due to the time lag associated with granting of patents, we restrict the patent analyses to
U.S. utility patents issued between January 1, 1976 and December 31, 2017. We examine
citations to these patents through the end of 2019. Because we are studying the effects
of U.S. recessions, we also further restrict the analysis to patents assigned to U.S. firms.
The merged dataset consists of 2.68 million domestic utility patents. For each patent, we
can observe the date it was applied for, the firm it was assigned to, its primary four-digit
CPC field classification, the backward citations it made to other patents, and the forward
citations other patents made to it.

We define recessions as the months from the peak to the trough identified in NBER
business cycle data (https://www.nber.org/cycles.html). We proxy for innovation dates
with patent application dates throughout our analysis. Thus, we consider an innovation
to have originated during a recession if a patent based on that innovation was applied for
during a recession. (The results are very similar if we move recession start and end dates
forward two or three months, in case the market does not “know” it is in a recession at the
beginning.) While there may be some lag time between when an innovation is discovered
and a patent is applied for, it would not be in a firm’s interest to delay. Hall, Griliches,
and Hausman (1986) also provide evidence that such lags are not typically very long. In
particular, they find that there is a strong relationship between contemporaneous R&D
expenditures and patent applications, but a much weaker relationship between lagged
R&D expenditures and patent applications. Perhaps more importantly, even if do we
measure innovation timing with error, this would not bias us toward finding differential

pro-cyclicality for VC-backed relative to non-VC-backed innovation.

2.1 Key Dependent Variables

We next outline the key variables used in our analysis:

VC-backed patent. We wish to examine innovation among firms that are in the



portfolios of venture capitalists, not those that were financed by venture groups many
years (or even decades) beforehand. Therefore we define a patent to be VC-backed if
the firm it was assigned to was financed by a VC and its application date was between
the assignee’s first and last venture round dates. Of course, some patenting firms may
continue to have active involvement of a VC in the years after its last venture round.
In unreported analyses, we find that the results are robust to an alternative definition,
which considers a patent to be affiliated with a VC if its application date is in the first
four years after its assignee’s first VC financing round. This period corresponds to the
average period that a firm remains in a venture-capitalist’s portfolio (Metrick and Yasuda
2010).

Top-cited patent. We characterize patents based on several measures from the
innovation literature. The first measure is the number of forward (subsequent) citations a
patent received from other patents granted through the end of 2019[] Forward citations are
widely viewed as a good proxy for the quality of a patent and indicative of its knowledge
spillovers. We define a top-cited patent to be one that is in the top 1% among all patents
applied for in the same month.

Top originality score patent. Patent originality is a measure of how dispersed a
patent’s backward citations are across different fields, where fields are based on patents’
primary four-digit CPC classifications. Thus, a patent is considered more original if it
combines knowledge from many different areas. This measure is defined as one minus the
sum of the squared ratio of (a) the number of backward citations going to patents with a
primary assignment in each patent class and (b) the total number of such citations. We
define a top originality score patent to be one that is in the top 1% among all patents
applied for in the same month.

Top generality score patent. Patent generality is a measure of how dispersed a

"Although the patent data only run through the end of 2017, we extend the citation data through the
end of 2019
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patent’s forward citations are across different fields. A patent is considered more general
if it influences subsequent innovations in many different areas. This measure is defined
analogously to originality. We define a top generality score patent to be one that is in the
top 1% among all patents applied for in the same month.

Top “closeness to science” patent. We consider a patent to be closer to
fundamental science the more that it cites academic publications. We define a top
“closeness to science” patent to be one that is in the top 1% in terms of citations to
academic research, among all patents applied for in the same month. The data on
citations to academic citations comes from Marx and Fuegi (2020).

Top “closeness to quality science” patent. We consider a patent to be closer
to high-quality fundamental science the more that it cites academic publications from
journals whose impact factor is in the top quartile. The impact factor is calculated for
year t as the number of times articles from years t — 1 and ¢t — 2 were cited by other articles
during year t, divided by the number of articles published during years ¢t — 1 and ¢ — 2.
We define a top “closeness to quality science” patent to be one that is in the top 1% in
terms of citations to high quality academic research, among all patents applied for in the

same month.

3 Analysis of VC, Recessions, and Innovation

We begin by documenting the overall pro-cyclicality of innovation, before turning to our
main focus on the relative innovativeness of VC-backed firms. In doing so, we confirm
and extend existing research. Some studies have focused on the cyclicality of R&D
expenditure, such as [Barlevy (2007) and Ouyang (2011), while others have tested
specific cross-sectional predictions that emerge from pro-cyclicality, such as industry
variation (Fabrizio and Tsolmon| [2014; Moreira and Granjal 2023). Much of the

literature on pro-cyclicality relies on the Carnegie Mellon Survey or mid-twentieth
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century data and thus does not extend past the early 2000sf| The literature is also
focused almost exclusively on publicly traded ﬁrmsﬂ Therefore, it is an open question
whether pro-cyclicality has persisted through the 2010s.

To fill in this gap, Figure[l|shows the relationship between the stock market and patent
production between 1945 and 2020. The top panel contains two raw time series: utility
patents granted to U.S. inventors alongside the real S&P 500 Index, in 2023 prices["”] The
correlation is 0.91, which mostly reflects the rapid increase in both series post-1980. In
the bottom panel, we normalize patents by the U.S. population and replace the level of
the S&P with the Shiller cyclically adjusted P/E ratio (CAPE)['T| The correlation here
is 0.62. It is clear that innovation is by no means countercyclical, as the Schumpeterian
theory would predict. Conversely, there is a tight positive relationship between long-
horizon innovative activity and the business cycle as measured by the stock market, a
relationship that has persisted to the present day. This fact sets the stage for exploring

whether VC dampens or contributes to the pro-cyclicality of innovation.

3.1 Comparing VC-Backed Firms to the Broader Economy

We first characterize the relative innovativeness of venture-backed firms by comparing
their patents to the patents of other assignees. Table [I| presents, for domestic U.S. patent
awards made between 1976 and 2017, the share of all patents and VC-backed patents that
fell into each category defined in Section

Venture-backed patents are more frequent in each of the areas of importance than the

8For example, |Geroski and Walters (1995) examine major inventions in the UK between 1948 and
1983.

9There is also work on individual inventors, which has not examined long term dynamics (Bernstein,
McQuade, and Townsend|[2021} |Babina, Bernstein, and Mezzanotti|[forthcoming)).

UWe gather long-horizon patent data from here. To account for the fact that there is typically a
roughly two-year lag between when a patent is applied for and when it is ultimately granted, the patent
time series in both graphs are shifted back by two years.

' The CAPE is a version of the price-to-earnings ratio that values a stock price relative to its earnings
per share. The Shiller adjustment is to divide the price by the 10-year average inflation adjusted earnings
to smooth fluctuations in corporate profits.
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non-venture-backed ones. For instance, while 1% of all patents were unsurprisingly in
the top 1% of most-cited patents, 2.9% of the venture-backed firms WGI‘G.H Put another
way, VC-backed patents were 2.9 times over-represented among these top-cited patents.
The ratio is similar using other metrics, such as the top 1% in generality, originality, and
academic citations. To ensure this is not an anomaly of the top 1%, the second half of
the table finds similar over-representation in the top 10% of patents. For example, 22%
of VC-backed patents are in the top 10% of most-cited patents.

Next, we examine how these patterns change over time. In particular, we seek to
understand how the relatively greater innovativeness of VC-backed firms varies over the
business cycle. Figure [2| takes a first look at the data, plotting the share of patents
assigned to venture capitalists that are in the top 1% of citations (relative to all patents
awarded that month) less the VC share of all patents. The figure does not control for the
changing technology mixture, nature of the patent assignees, or level of venture financing,
but suggests that a number of recessions saw declines in the share of high-impact patents

awarded to VC-backed firms.

3.2 Sources of VC-Backed Pro-Cyclicality
3.2.1 Stage of Investment

We then turn to examining these patterns in a regression framework, where each

observation is a single patent. We begin in Table [2| by estimating equations of the form:

1(VC-Backed,) = P11 Recession;) + Palog(VC Investment) + e + €iet (1)

where 7 indexes patents, ¢ indexes patent classes, and ¢ indexes application months. The

key variable of interest 1(Recession;) is an indicator equal to one if the month the patent

12In some cases, a share may be greater or less than 1%, due to the bunching in the distribution of
citations and other metrics.
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was applied for was during a recession (recall this is defined as being in a month from the
peak to the trough as identified by the NBER). 1(VC Backed,) is an indicator equal to
one if patent i is VC-backed, log(V C Investment,) is the log of aggregate VC investment
during month ¢, and . represent four-digit CPC patent class fixed effects. We use OLS
models here and for subsequent binary outcomes because many of the groups defined by
fixed effects — such as patent classes — have no successes (e.g. no VC-backed firms). Non-
linear models such as logit drop the groups without successes. |Angrist| (2001)) notes that
OLS regressions do as well as logit ones in estimating marginal effects and often better
with binary treatment variables. In settings with many fixed effects, Beck (2011) finds
that OLS is superior. Standard errors are clustered by month.

The tables tell a consistent story. The estimates in Table [2] show that the share of
patents associated with venture-backed firms falls during recessions. Moreover, this
remains true after controlling for the reduced VC investment activity associated with
recessionary periods. Specifically, the estimate in column 3 indicates that during
recessions there is a 5.6% fall in the share of patents that are VC-backed (note the
mean, 0.036, is shown in Table .

The production of high-impact patents follows a similar pattern. In Table [3, we

estimate equations of the form:

Cites;y = [11(VC-Backed;e) x 1(Recession) + B2 1(V C-Backed;e) + Ve + Vi + €ict, (2)

where C'ites;; is a measure of the citations received by patent ¢, v; represent month fixed
effects, and all other variables are defined as in Equation 1.@
In columns 14, our measure of citations is an indicator equal to one if the patent was

in the top percentile among patents with the same application month. Beginning with

13The main effect of recessions is absorbed by the month fixed effects, but the interaction between
recessions and VC-backed patents is identified.
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column 1, we estimate [3; to be negative and statistically significant at the 10% level.
This means that the probability of a VC-backed patent being in the top percentile is
lower during recessions than during normal times. In column 2, we also estimate a more
stringent specification, controlling for patent class by month fixed effects. In this case,
we are comparing patents from the same four-digit CPC patent class, which were applied
for in the same month. With this more stringent specification, the result is similar, but
significant at the 5% level.

To interpret the magnitudes, we first note that we estimate 35 to be strongly positive
and statistically significant. This means that during normal times, VC-backed patents
are significantly more likely to be top cited among their cohort. For example, in column
2 the estimates suggest that VC-backed patents are 1.5 percentage points more likely
to be top cited than the average non-VC-backed patent. By construction, the baseline
probability is 1%. In other words, VC-backed patents are 2.5 times more likely to be
top-cited patents during normal times. However, during recessions, VC-backed patents
are only 1 percentage point, or 2x, more likely to be top cited.

In columns 3-4, we partition the VC-backed indicator into two variables: an indicator
for whether the patent was assigned to an early-stage VC-backed firm; and an indicator
for whether the patent was assigned to a late-stage VC-backed firm. As elsewhere in
the paper, the stage of the firm is based on VentureXpert’s categorization of its most
recent financing round preceding the patent application date. We find that the decline
in citations for VC-backed firms during recessions is strongly concentrated among those
still at an early stage of development. Column 3 indicates that early-stage VC-backed
patents are 2 percentage points more likely to be top cited than the average non-VC-
backed patent, but this falls to just 1 percentage point in recessions. Indeed, we find no
decline in citations during recessions for VC-backed firms at a later stage of development.

Finally, in columns 5-8, rather than examining whether a patent is top cited among

its cohort, we change the dependent variable to the log of the number of citations the
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patent received. With this dependent variable, we again find that there is a decline among
V(C-backed early-stage firms during recessions and no decline among VC-backed late-stage
firms. This means that not only are patents of VC-backed early-stage firms less likely to
be in the right tail of the citation distribution during recessions, but they are less cited
on average as well. For most of our analysis, we focus on the right tail, however, because
that is where the most consequential patents are located. To illustrate, an increase in
mean citations could be entirely driven by changes in the left tail of the distribution, but
this would be less economically important.

We demonstrate that our results are robust to different definitions of the right tail
in Appendix Table [A.1] First, we find similar results when we define cohorts based on
application year rather than month. Second, we find similar results when we examine the
top 10% within a cohort as opposed to the top 1%. In unreported analysis, we find very
similar results to the main estimates when we move forward the recession dates by two or
three months, indicating that the results are not sensitive to when precisely the beginning

of the recession is specified. []

3.2.2 The Role of Geography: VC Hubs vs. Non-Hub Locations

The results thus far establish that the pro-cyclicality of VC-backed innovation is
concentrated among early-stage startups. We next explore whether this pattern varies

across geography, in particular examining whether it varies by startup locaion in a

HM1p Table we repeat the analysis of Tableusing patent originality and generality as the dependent
variables. As defined in Section 2.2, patent originality is a measure of the breadth of the technology fields
on which a patent relies. In columns 1-4, we find that patent originality significantly declines during
recessions among VC-backed firms. In particular, the estimates in column 2 suggest that VC-backed
patents are 2.2 times more likely to be in the right tail of the originality distribution during normal times
but only 1.7 times more likely during recessions. In Table[A 4] we consider how closeness to fundamental
science changes for VC-backed patents over the business cycles. As described in Section 2.2, we define
closeness to science based on the number of citations a patent makes to academic publications. In columns
14, we find that closeness to science also significantly declines during recessions for VC-backed firms.
This time, the estimates in column 2 suggest that VC-backed patents are two times more likely to be in
the right tail of the closeness to science distribution during normal times but only 1.6 times more likely
during recessions.
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major VC hub. This analysis is motivated by differences in the depth of capital markets
across locations, which may affect the risk tolerance of venture investors and, in turn,
the types of startups they finance.

VC activity in the United States is highly concentrated in a small number of geographic
hubs, most notably Silicon Valley, the Boston metro area, and New York City (Moretti
2012; |[Florida and King|2016; Chatterji, Glaeser, and Kerr|2014; |(Chattergoon and Kerr
2022)). In 2024, the three states of California, Massachusetts, and New York accounted
for 52% of all U.S. VC deals and 74% of U.S. VC investment dollars (Association 2025).
This in part reflects the location of VCs. For example, (Chen et al. (2010) show that
VC-backed firms typically have at least one investor in the same metro region. (Cumming
and Dail (2010) also find strong local bias in VC investments, with the average distance
between a company and its venture investor being less than 200 miles. More VC in a
cluster stimulates new startup creation (Samila and Sorenson 2011). In recent research,
Chen and Ewens| (2025)) show that a change in local VC supply causally affects the ability
of local startups to raise financing, as well as their valuation and propensity to stay in
the city.

These hubs are characterized by deep capital markets, dense networks of investors
and entrepreneurs, and a large pool of experienced VCs. In such environments, the
abundance of risk capital may encourage VCs to fund higher-risk startups pursuing more
novel technologies—precisely the types of firms that are most exposed to the financing
risk channel we describe. During boom periods, deep capital markets in hubs may amplify
risk-taking by venture investors, who are more willing to back firms in rapidly growing
sectors. During downturns, the same depth of capital market activity may amplify the
contraction, as VCs in hubs pull back sharply from financing the riskiest early-stage firms.

Outside of major hubs, by contrast, the relative dearth of local capital markets may
lead venture investors to favor less risky innovation even during normal times. VCs in

non-hub locations may be more likely to back firms that are closer to profitability or
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that prioritize near-term cash flow, making their portfolios less sensitive to business cycle
fluctuations. If non-hub VCs are already selecting startups with lower financing risk, then
recessions may have a smaller marginal effect on the innovativeness of the firms they back.
To test these predictions, in Table [ we repeat the analysis of Table [3] separately for
patents assigned to firms located in major VC hub regions and those located elsewhere.
We define hub locations as patents whose assignees are located in the areas surrounding
Silicon Valley, Boston, or New YorkE For patents with multiple assignees, we classify a
patent as being in a hub location if any of its assignees is located in one of these areas.
Panel A of Table [ presents results for hub locations. In column 2, which includes
patent class by month fixed effects, the interaction between recessions and VC-backed
status is negative and highly significant. Decomposing by stage, column 4 shows that
early-stage VC-backed patents in hubs are approximately 3.8 percentage points more
likely to be in the top percentile of citations during normal times (relative to the baseline
probability of 1 percent). However, during recessions, this premium falls by nearly half.
Panel B of Table {4| presents a starkly different picture for non-hub locations. The
interaction between recessions and VC-backed status is near zero and statistically
insignificant across all specifications. There is no evidence that the relative quality of
V(C-backed innovation declines during recessions in non-hub regions, either for
early-stage or late-stage firms. Comparing the two panels, the results reveal a striking
geographic divide: the decline in the relative quality of VC-backed innovation during
recessions is concentrated in hub locations. The heightened pro-cyclicality that we
document in the aggregate results is essentially absent outside of major VC hubs.
In Appendix Table [A.2] we further sharpen the geographic analysis by isolating
Silicon Valley—the single most important hub for venture capital activity. The results

are even more pronounced. Panel A shows that for patents assigned to firms in Silicon

15Specifically we focus on Santa Clara, San Francisco, San Mateo, or Alameda counties (Silicon Valley);
Middlesex, Suffolk, Norfolk, or Essex counties (Boston); or New York, Kings, Queens, Bronx, Richmond,
or Westchester counties (New York)
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Valley, the recession interaction with VC-backed status is large and significant.
Early-stage VC-backed patents in Silicon Valley exhibit the steepest declines in quality
during recessions. When we use log citations as the dependent variable (columns 5-8),
the recession interaction for all VC-backed firms in Silicon Valley is negative and
significant, suggesting that the effect extends beyond the right tail of the citation
distribution. Panel B of Appendix Table confirms that outside of Silicon Valley,
there is no significant relationship between recessions and the quality of VC-backed
innovation.

These geographic patterns are consistent with the capital supply mechanism described
above, and may also reflect differences in VC investment styles across locations. In major
hubs, the greater depth of capital markets supports a VC ecosystem in which investors
have higher risk tolerance and are willing to fund more novel, capital-intensive startups
during expansions. This risk appetite generates disproportionately high-impact innovation
during normal times—early-stage VC-backed patents in hubs are substantially more likely
to be in the top percentile of citations than their non-hub counterparts. However, this
same risk tolerance makes hub-based VC activity especially vulnerable to the capital
supply frictions that arise during recessions. When venture investors face pressure to
conserve capital for existing portfolio companies and uncertainty about raising new funds,
the adjustment in deal selection falls most heavily on the riskiest early-stage investments—
which are concentrated in hubs.

By contrast, in non-hub locations, venture investors may adopt a more conservative
approach to deal selection even in normal times, backing startups that are less innovative
but also less dependent on continued access to risk capital. This lower baseline risk
tolerance implies a smaller gap between boom and bust behavior, and consequently less
pro-cyclicality in innovation outcomes.

Other forces may also play a role. For example, investors often herd into particular

“hot” startups or sectors (Scharfstein and Stein| 1990). Amid severe information
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asymmetry and power-law type deal return distributions, such herding is thought to be
more intense in VC relative to other asset classes, and has been shown to be more
dramatic in hub areas (Gompers and Lerner 2000). VC hubs have especially dense
networks of investors and concentration in certain sectors, such as biotech in Boston or
enterprise software in Silicon Valley. |Sorenson and Stuart| (2001)) show how information
about potential investment opportunities circulates among VCs within geographic areas.
These information networks enable deal sourcing and diligence, and perhaps coordinated
optimism in booms, with information about investment opportunities propagating faster
and causing greater herding and risk-taking. During recessions, the same forces may act
in reverse, as as information quickly spreads about a decline in perceived investment
opportunities.

Taken together, these results suggest that the geographic concentration of venture
capital has important implications for the aggregate cyclicality of innovation. The most
impactful VC-backed innovation is disproportionately located in a small number of hubs,
and it is precisely in these hubs that the financing risk channel operates most forcefully.
Rather than being a feature of VC-backed innovation in general, the excess pro-cyclicality
we document is substantially a phenomenon of the deepest and most active venture capital

markets.

3.2.3 Within vs. Across VC Firm changes

One interesting question is whether the declines in the quality of innovation documented
above are driven by changes across firms or within them. In other words, are the new
early-stage firms that venture investors finance during recessions less innovative, or do
existing early-stage firms become less innovative during recessions? To shed light on this
question, we repeat the analysis of Table , now including patent assignee (i.e., firm)
fixed effects in all specifications. The results, in Table [5| reveal no evidence of within-firm

declines during recessions. What this tells us is that conditional on patenting both during

20



a boom and during a recession, firms do not change the innovativeness of their patenting
behavior. This means that the results could either stem from venture capitalists investing
in new firms that are less innovative in recessions, or from firms that patent for the first
time during recessions being less innovative, regardless of when they were most recently
funded.

The results in Table 5| are consistent with survey evidence suggesting that venture
investors view deal selection as being more important to their role than post-investment
monitoring activities (Gompers et al.[/[2020). These results are also consistent with our
findings that changes in venture-backed innovation occur fairly rapidly with the onset of
recessions, as deal selection can likely change more quickly than the nature of existing
startups.

Interestingly and consistent with the innovation results, Table [6] shows that at the
monthly level, early-stage VC activity falls in recessions, while late-stage activity does
notE While the cyclicality of VC investment has been documented in prior work, we
believe that the particular sensitivity of early-stage investment is new to the literature.

The dependent variables in Table [(] are the total number of deals (columns 1-4) and
the log dollar amount of deals (columns 5-8). In each case, we consider in the first column
all deals, in the second column only early-stage deals, in the third column only late-stage
deals, and in the fourth column the difference between early- and late-stage deals. Our
primary outcome of interest is number of deals, since this represents new firms funded
and is most relevant for understanding entry of innovative, VC-backed startups. We find
robust declines in the number of early deals, which fall in recessions by 30% (column 2).
Like the innovation results, the relationship is quite similar if we move forward recession
dates by two or three months (not reported).

Meanwhile, there is no measurable relationship between recessions and late-stage

6Farly Stage and Late Stage are defined by VentureXpert and correspond to the development stage
of the startup rather than a particular round of financing. Figure [3] plots the number of venture deals,
the S&P 500 index, and NBER recessions.
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activity. The coefficient is negative but small and statistically insignificant (column 3).
The difference between the number of early and late deals is statistically significant
(column 4). This pattern also holds more weakly for the dollar volume of deals. For
example, the amount of early-stage investment falls by 39% (column 6). In this case,
there is a large negative coefficient for late stage (column 7), but it is not significantly
different from zero, and there is no significant difference between early and late stage
(column 8)["] In sum, there is a consistent decline in early-stage VC deals during

recessions.

3.3 Drivers of VC Pro-cyclicality

As discussed above, our analyses comparing Hub and Non Hub locations as well as
comparing Within vs. Across VC firm changes are consistent with a different selection of
deals by venture capitalists during downturns. Our intention is not to rule out the
presence of other factors that could contribute to the observed patterns of innovation,
but instead to further probe the view that pro-cyclicality is driven the shifts in the
supply of capital towards more vs. less innovative ventures.

Our first analysis is based on the timing of a startup’s fundraising. Suppose that the
mechanism is demand for goods or a change in new technological opportunities during
recessions. Then conditional on a VC-backed startup producing a patent in a recession,
it should be lower quality regardless of when that startup was last financed. On the
other hand, suppose instead the mechanism is that the supply of VC financing is lower
and perhaps less oriented towards risky inventions during recessions. Then we expect
that those startups with the lucky timing to have raised capital somewhat before the

recession, which have a relatively plentiful cash “runway,” will be more insulated from

170One question is whether these results reflect only a particular recession or period. In Appendix Table
we omit each recession in turn in Panel A, focusing on the number of deals (i.e., repeating column
2 from Table @ The results do not reflect any particular period or recession.
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the negative effects of recessions on patent quality. That is, in a capital supply channel,
differences across firms in innovation during recessions could stem not only from their
extensive margin ability to raise initial VC, but also from characteristics of their most
recent round. VC investment that does occur during recessions might come with less
tolerance for risky, capital-intensive experimentation.

We find that timing of fundraising matters greatly to our findings. In Table |7, we
divide early-stage VC-backed patents into two categories based on fundraising timing and
interact them with whether the patent was applied for during a recession, as above. The
first category, represented with the binary variable “Raised Outside Boom,” indicates
that the most recent round occurred either during the recession or prior to six months
before the first month of the recession. The second category, represented with the binary
variable “Raised During Boom,” indicates that the most recent round occurred in the
six months before the beginning of the recession. These startups likely had more runway
before needing to raise another round of financing, implying they are less likely to face
constraints from the supply of capital.

We show the results for both the dependent variables of being in the top 1% of citations
(Table [7] columns 1-2) and log number of citations (Table [7] columns 3-4). The estimates
in all four columns show that our main findings are driven by startups that raised outside
the boom period. Startups that raised during the market peak produce on average more
highly cited patents, though this is not significant (columns 1-2) and do not produce more
or less top-cited patents (columns 3-4). (Note that industry is controlled for with patent
class or patent class by month fixed effects.) In sum, this cross-sectional exercise supports
the capital supply channel because it demonstrates that the timing of recent fundraising
matters for determining what type of innovation firms do in recessions.

Our second analysis is based on the fact that limited partners, who are the ultimate
source of capital for venture funds, typically reduce their alternative asset allocations

during recessions; Venture investors consequentially often face pressure to provide

23



additional capital to their existing portfolio companies during recessions, as other
funding sources and exit opportunities for these firms are diminished in the near term.
Similar to the rollover risk problem identified in the corporate debt literature, where a
firm’s cost of debt reflects not only its own credit risk but also a liquidity premium due
to illiquidity of the secondary debt market (Acharya, Gale, and Yorulmazer| 2011; He
and Xiong 2012; Brunnermeier and Oehmke [2013), a forecast of limited future funding
from other venture firms can lead to a drop in venture capital funding to new firms, even
if the VC firm itself is not constrained. In the VC context, Nanda and Rhodes-Kropt
(2017) show theoretically that innovative firms may be most exposed to this risk, leading
venture investors to shift their investments in such times to less innovative startups.

To explore this version of the capital supply channel, in Table [§] we examine “follow-
on” deals, which we define as deals in which the lead investor participated in a previous
round of financing for the company. That is, we identify deals in which the lead investor
previously invested in the company being financed. We construct the dependent variable
as the follow-on share of all deals or deal amount. For example, column 1 shows the share
of the total number of VC deals that are follow-on deals, while column 2 shows the share
of the total number of early-stage VC deals that are follow-on deals. Note that a company
can have multiple early rounds; indeed, the average VC-backed startup with any early
deals has 1.7 early deals.

Comparing the estimates in Table [§ to those in Table [] indicates that the decline
in early-stage VC during recessions is driven entirely by investments in companies that
are new from the perspective of the VC firm. Columns 2 and 5 show that there is no
relationship between recessions and early-stage follow-on deals, implying that the results
in Table [0] columns 2 and 6 are driven by investments in companies that are not already
in the VC firm’s portfolio. In contrast, there is a strong positive relationship between
recessions and overall follow-on deals, both in terms of number of deals (column 1) and

amount of deals (column 4). Specifically, the share of deals that are follow-on increases
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by 3.4 percentage points in recessions, which is 15% of the mean.

This result indicates a shift in the composition of VC activity during recessions towards
existing portfolio companies. This shift is particularly salient for the amount of late-stage
VC investment (columns 3 and 6). While there is a negative but insignificant relationship
between recessions and amount of late-stage VC (Table[6] column 5), during recessions the
share of late-stage VC amounts composed of follow-on deals increases by 5.8 percentage
points, more than 17% of the mean (Table [§] column 6). This suggests that companies
whose initial investors lack the dry powder to do follow-on deals may find themselves
especially vulnerable in a recession and shift their financing to less risky and less innovative
startups.

In addition to more funding from existing investors, startups may require more advice
or monitoring during recessions. As GPs have limited time, the need to spend more time
with existing portfolio companies that are struggling with both the demand and financing
implications of a recession may come at the expense of sourcing new deals. For example, a
GP at Battery Ventures urges CEOs in “tough economic periods” to “over-communicate
when it comes to informing your board about [problems] and exploring Solutions.”ﬁ

While likely important in certain instances, the role of technological or market
opportunities does not appear as salient in systematically explaining the pattern of
results we document. First, declines in investment activity and high-impact innovation
among late-stage rounds is negligible, where one may have expected to see a greater
decline if changing demand was a driver for the decline in VC financing and innovation.
In addition, we examine the industry composition of VC deals across historical
recessions. If a demand channel explains the decline in VC activity, we would expect to
see relatively larger declines during recessions in sectors such as consumer goods than in
sectors such as biotechnology, where demand for products is long term and less sensitive

to business cycles. In Appendix Table [A.5] we estimate how recessions affect the

Bhttps:/ /www.battery.com/powered /communicate-with-board-during-tough-times/
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industry shares of VC deals. We use VentureXpert’s major industry categories. For six
of the eight sectors, there is no relationship; all the coefficients are near-zero and
insignificant. For example, there is no increase in the biotech share of VC deals during
recessions (column 1), and no decrease in the consumer goods share (column 6). We do

observe a positive, significant correlation for the industrial and other categories.

4 Conclusion

The cyclical nature of innovation, particularly its behavior during downturns, has long
been puzzling to researchers. We explore these issues here in the context of venture capital,
an increasingly important intermediary in the promotion of innovation. This paper shows
that while patents filed by VC-backed firms are of significantly higher quality than the
average patent, VC-backed innovation is substantially more pro-cyclical. We trace this
to changes in innovation by early-stage VC-backed startups located in the major VC hub
regions.

Our findings are consistent with a view that in the largest innovation clusters, the
greater depth of capital markets supports a VC ecosystem in which investors have
higher risk tolerance and are willing to fund more novel, capital-intensive startups
during expansions. This risk appetite generates disproportionately high-impact
innovation during normal times—early-stage VC-backed patents in hubs are
substantially more likely to be in the top percentile of citations than their non-hub
counterparts. However, this same risk tolerance makes hub-based VC activity especially
vulnerable to the capital supply frictions that arise during recessions. When venture
investors face pressure to conserve capital for existing portfolio companies and
uncertainty about raising new funds, the adjustment in deal selection falls most heavily
on the riskiest early-stage investments—which are concentrated in hubs. By contrast, in

non-hub locations, venture investors may adopt a more conservative approach to deal
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selection even in normal times, backing startups that are less innovative than those in
hubs, but also less dependent on continued access to risk capital. This lower baseline
risk tolerance implies a smaller gap between boom and bust behavior, and consequently
less pro-cyclicality in innovation outcomes. Taken together, these results suggest that
the geographic concentration of venture capital has important implications for the
aggregate cyclicality of innovation.

There are a variety of open questions about the implications of these patterns for social
and private optimality. It is possible that the decline in high-impact VC-driven innovation
during recessions is socially detrimental, especially given the over-representation of VC-
backed assignee firms among the most influential patents. The private optimality of the
pro-cyclical patterns is more complex. Whatever the social consequences, it may well be
privately optimal for venture investors to cut back on financing ground-breaking work in
periods when risk is high and liquidity is restricted, particularly if this work will take
longer to reach the marketplace. These issues deserve careful scrutiny. More generally,
our work points to untangling potential explanations for the extreme pro-cyclicality of
early-stage VC investments and its connection with the geographic concentration of VC

activity as an important area of future inquiry.
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Figure 1: Patenting and Market Cycles
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These figures show the relation between US patenting and the stock market. The top graph shows the
time series for utility patents granted to US inventors alongside the real S&P 500 Index (2023 prices).
The bottom graph normalizes patents by the US population and normalizes the level of the S&P using
the Shiller cyclically adjusted P/E ratio (CAPE). Patents are shifted back by two years to account for
the time between application and grant.
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Figure 2: VC-backed Startup Share of Top Quality Patents Less VC share of Total Patents
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This figure shows the difference between the share of VC patents that are in the top 1% of the citations
(relative to all patents applied for in the same month) less the share of observations that are venture-
backed. The data are presented as a binscatter with 80 equal-sized bins between January 1, 1976 and
December 31, 2015 (subsequent data on citations exhibit strong truncation bias). Vertical shaded regions
represent the peak-to-trough period defining NBER recessions. Sources: USPTO, VentureXpert.
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Figure 3: VC Investment and Market Cycles
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These figures show the quarterly number of VC deals. The top graph shows only early VC deals, while
the bottom graph shows all VC deals. The red lines represent NBER recession trough quarters. The
black line represents the stock market S&P 500 index. Source: VentureXpert.)
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Table 1: Summary Statistics

This table presents summary statistics for the key variables. Observations are utility patents awarded
between between January 1, 1976 and December 31, 2017 and assigned to a U.S. firm. VC-Backed is
an indicator variable equal to one if one of the patent assignees is a VC-backed firm as of the patent
application date. A patent assignee is defined as being VC-backed as of the patent application date if
the patent application date is between the assignee’s first VC financing round and its last VC financing
round. Top citations is an indicator variable equal to one if the patent is in the top 10% or 1% of forward
citations among patents from the same application month cohort. Top originality is an indicator variable
equal to one if the patent is in the top 10% or 1% of originality among patents from the same application
month cohort. Top generality is an indicator variable equal to one if the patent is in the top 10% or
1% of generality among patents from the same application month cohort. Top closeness to science is an
indicator variable equal to one if the patent is in the top 10% or 1% of backward citations to academic
research among patents from the same application month cohort. Top closeness to quality science is an
indicator variable equal to one if the patent is in the top 10% or 1% of backward citations to academic
research published in top journals among patents from the same application month cohort. Column 1
shows the proportion of patents that fall into each category. Column 2 shows the proportion of VC
affiliated patents that fall into each category. Column 3 shows the ratio of column 2 to column 1.

All Patents VC Patents

Mean Mean Ratio
1(VC-Backed) 0.036
1(VC Hub Location) 0.227
1(VC-Backed and VC Hub Location) 0.017
1(Top 1% Citations) 0.010 0.030 3.000
1(Top 1% Originality) 0.010 0.021 2.100
1(Top 1% Generality) 0.010 0.029 2.900
1(Top 1% Closeness to Sci.) 0.010 0.027 2.700
1(Top 1% Closeness to Quality sci.) 0.010 0.026 2.600
1(Top 10% Citations) 0.104 0.228 2.190
1(Top 10% Originality) 0.100 0.189 1.890
1(Top 10% Generality) 0.100 0.220 2.200
1(Top 10% Closeness to Sci.) 0.107 0.209 1.950
1(Top 10% Closeness to Quality sci.) 0.083 0.183 2.200
Observations 9,679,343 95,945 2,679,343
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Table 2: Relationship Between Recessions and VC-Backed Patents

This table shows the OLS relationship between recessions and VC-backed patents. Observations are
utility patents awarded between between January 1, 1976 and December 31, 2017 and assigned to a U.S.
firm. VC-Backed Patent is an indicator variable equal to one if one of the patent assignees is a VC-backed
firm as of the patent application date. A patent assignee is defined as being VC-backed as of the patent
application date if the patent application date is between the assignee’s first VC financing round and
its last VC financing round. Log VC investment is the log of aggregate VC investment in U.S. startups
during the month the patent was applied for. Recession is an indicator variable equal to one if the U.S.
was in a recession during the month the patent was applied for according to the NBER Business Cycle
Dating Committee. Class FE represent class fixed effects based on the patents primary, four-digit CPC
class. Standard errors are clustered by application month. *** and *** denote statistical significance
at the 10%, 5%, and 1% level, respectively.

1(VC-Backed Patent)
(1) (2) 3)

1(Recession) -0.003*** -0.002**
(0.001) (0.001)
Log VC Investment 0.004***  0.004***
(0.000)  (0.000)
Patent Class FE Yes Yes Yes
R? 0.020 0.022 0.022
Observations 2,676,035 2,676,035 2,676,035
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Table 3: Relationship Between Recessions and VC-backed Patent Citations

This table shows the OLS relationship between recessions and VC-backed patent citations. Observations are utility patents awarded between
between January 1, 1976 and December 31, 2017 and assigned to a U.S. firm. The dependent variable in columns 1-4 is an indicator for the
number of forward cites being in the top 1% among patents applied for in the same month. The dependent variable in columns 5-8 is the log of
one plus the total number of forward citations to the patent. VC-Backed is an indicator variable equal to one if one of the patent assignees is a
VC-backed firm as of the patent application date. A patent assignee is defined as being VC-backed as of the patent application date if the patent
application date is between the assignee’s first VC financing round and its last VC financing round. Recession is an indicator variable equal to
one if the U.S. was in a recession during the month the patent was applied for according to the NBER Business Cycle Dating Committee. Farly
Stage is an indicator variable equal to one if the patent assignee was seed stage or early stage as of its most recent VC financing round according
to VentureXpert. late-stage is an indicator variable equal to one if the patent assignee was not seed stage or early stage as of its most recent VC
financing round. Patent Class FE represent class fixed effects based on the patent’s primary four-digit CPC classification. Month FFE represent
month fixed effects. Patent Class X Month FE represent patent class by month fixed effects. Standard errors are clustered by application month.
* ** and *** denote statistical significance at the 10%, 5%, and 1% level, respectively.

Top 1% Cites (Within Month) Log(1+Cites)
(1) (2) (3) (4) (5) (6) (7) (8)
1(Recession) x 1(VC-Backed) -0.006**  -0.006*** -0.040 -0.020
(0.002) (0.002) (0.028) (0.026)
1(VC-Backed) 0.016***  0.017*** 0.438***  0.425***
(0.001) (0.001) (0.009) (0.009)
1(Recession) x 1(VC-Backed and Early Stage) -0.010***  -0.009*** -0.126***  -0.094***
(0.003) (0.003) (0.033) (0.030)
1(VC-Backed and Early Stage) 0.023***  0.023*** 0.550***  0.519***
(0.002) (0.002) (0.014) (0.013)
1(Recession) x 1(VC-Backed and Late Stage) -0.004 -0.005* -0.009 0.008
(0.003) (0.003) (0.034) (0.032)
1(VC-Backed and Late Stage) 0.013***  0.015*** 0.396***  0.389***
(0.001) (0.001) (0.010) (0.010)
Patent Class FE Yes No Yes No Yes No Yes No
Month FE Yes No Yes No Yes No Yes No
Patent Class x Month FE No Yes No Yes No Yes No Yes
p-value: Rec. x VC Early = Rec. x VC Late 0.066 0.206 0.003 0.007
R? 0.024 0.075 0.024 0.075 0.375 0.437 0.375 0.437

Observations 2,676,035 2,676,035 2,676,035 2,676,035 2,676,035 2,676,035 2,676,035 2,676,035




Table 4: Relationship Between Recessions and VC-Backed Patent Citations, by VC Hub Geography

This table repeats the analysis of Table separately for patents assigned to firms located in major VC hub regions (Panel A) and all other locations
(Panel B). Hub locations are defined as patents whose assignees are located in Santa Clara, San Francisco, San Mateo, or Alameda counties (CA),
Middlesex, Suffolk, Norfolk, or Essex counties (MA), or New York, Kings, Queens, Bronx, Richmond, or Westchester counties (NY). For patents
with multiple assignees, a patent is classified as being in a hub location if any of its assignees is located in one of these areas. All other variable
definitions follow Table [3] Standard errors are clustered by application month. *,** and *** denote statistical significance at the 10%, 5%, and

1% level, respectively.

Panel A: VC-Hub Locations (Silicon Valley, Boston, NYC)

Top 1% Cites (Within Month) Log(1+Cites)
(1) (2) (3) (4) (5) (6) (7) (8)
1(Recession) x 1(VC-Backed) -0.011***  -0.012*** -0.044 -0.050
(0.003) (0.003) (0.030)  (0.031)
1(VC-Backed) 0.024***  0.025*** 0.495***  0.476***
(0.001) (0.001) (0.012)  (0.012)
o 1(Recession) x 1(VC-Backed and Early Stage) -0.023***  -0.019*** -0.153***  -0.091*
o (0.005) (0.006) (0.045) (0.047)
1(VC-Backed and Early Stage) 0.038***  0.038*** 0.704***  0.666***
(0.003)  (0.003) (0.021)  (0.021)
1(Recession) x 1(VC-Backed and Late Stage) -0.007*  -0.010*** -0.003 -0.031
(0.004) (0.004) (0.033) (0.035)
1(VC-Backed and Late Stage) 0.019***  0.020*** 0.421***  0.409***
(0.002) (0.002) (0.013) (0.013)
Patent Class FE Yes No Yes No Yes No Yes No
Month FE Yes No Yes No Yes No Yes No
Patent Class x Month FE No Yes No Yes No Yes No Yes
p-value: Rec. x VC Early = Rec. x VC Late 0.007 0.121 0.003 0.228
R? 0.021 0.113 0.021 0.113 0.406 0.475 0.406 0.475

Observations 607,659 607,659 607,659 607,659 607,659 607,659 607,659 607,659
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Table 4: Relationship Between Recessions and VC-Backed Patent Citations, by VC Hub Geography (continued)

Panel B: Non-VC-Hub Locations

Top 1% Cites (Within Month) Log(1+Cites)
(1) (2) (3) (4) (5) (6) (7) (8)
1(Recession) x 1(VC-Backed) -0.001 -0.002 -0.022 0.013
(0.003)  (0.003) (0.039)  (0.035)
1(VC-Backed) 0.007*** 0.008*** 0.336*** 0.334***
(0.001)  (0.001) (0.012)  (0.011)
1(Recession) x 1(VC-Backed and Early Stage) 0.001 0.001 -0.070* -0.041
(0.003)  (0.004) (0.042)  (0.038)
1(VC-Backed and Early Stage) 0.009***  0.009*** 0.363***  0.344***
(0.002)  (0.002) (0.016)  (0.015)
1(Recession) x 1(VC-Backed and Late Stage) -0.002 -0.003 -0.001 0.039
(0.003)  (0.003) (0.051)  (0.048)
1(VC-Backed and Late Stage) 0.007*** 0.008*** 0.325*** 0.330***
(0.001)  (0.001) (0.015)  (0.014)
Patent Class FE Yes No Yes No Yes No Yes No
Month FE Yes No Yes No Yes No Yes No
Patent Class x Month FE No Yes No Yes No Yes No Yes
p-value: Rec. x VC Early = Rec. x VC Late 0.529 0.370 0.246 0.185
R? 0.026 0.089 0.026 0.089 0.369 0.442 0.369 0.442
Observations 2,068,376 2,068,376 2,068,376 2,068,376 2,068,376 2,068,376 2,068,376 2,068,376
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Table 5: Relationship Between Recessions and VC-Backed Patent Citations with Assignee Fixed Effects

This Table repeats the analysis of Table [3]with assignee fixed effects. Observations are utility patents awarded between between January 1, 1976
and December 31, 2017 and assigned to a U.S. firm. The dependent variable in columns 1-4 is an indicator for the number of forward cites being
in the top 1% among patents applied for in the same month. The dependent variable in columns 5-8 is the log of one plus the total number of
forward citations to the patent. VC-Backed is an indicator for the patent assignees being a VC-backed firm as of the patent application date.
A patent assignee is defined as VC-backed as of the patent application date if it the patent application date is between the assignee’s first VC
financing round and its last VC financing round. Recession is an indicator variable for the U.S. being in a recession during the month the patent
was applied for according to the NBER Business Cycle Dating Committee. Early Stage is an indicator for the patent assignee being seed or early
stage as of its most recent VC financing round according to VentureXpert. Late Stage is an indicator for the patent assignee note being seed stage
or early stage as of its most recent VC financing round. Patent Class FE represent class fixed effects based on the patent’s primary four-digit
CPC classification. Month FE represent month fixed effects. Patent Class X Month FE represent patent class by month fixed effects. Standard
errors are clustered by application month. * ** and *** denote statistical significance at the 10%, 5%, and 1% level, respectively.

Top 1% Cites (Within Month) Log(1+Cites)
(1) (2) (3) (4) (5) (6) (7) (8)
1(Recession) x 1(VC-Backed) 0.000 -0.000 -0.001 0.012
(0.002) (0.002) (0.016) (0.016)
1(VC-Backed) 0.012***  0.011*** 0.186™**  0.147***
(0.001) (0.001) (0.010) (0.010)
1(Recession) x 1(VC-Backed and Early Stage) -0.002 -0.002 -0.034 -0.027
(0.003) (0.003) (0.023) (0.022)
1(VC-Backed and Early Stage) 0.021***  0.019*** 0.310***  0.262***
(0.002) (0.002) (0.013) (0.013)
1(Recession) x 1(VC-Backed and Late Stage) 0.000 -0.000 0.004 0.020
(0.002) (0.002) (0.019) (0.020)
1(VC-Backed and Late Stage) 0.009***  0.009*** 0.150***  0.114***
(0.001) (0.001) (0.010) (0.010)
Assignee FE Yes Yes Yes Yes Yes Yes Yes Yes
Patent Class FE Yes No Yes No Yes No Yes No
Month FE Yes No Yes No Yes No Yes No
Patent Class x Month FE No Yes No Yes No Yes No Yes
R? 0.169 0.214 0.169 0.214 0.474 0.523 0.474 0.523

Observations 2,676,035 2,676,035 2,676,035 2,676,035 2,676,035 2,676,035 2,676,035 2,676,035
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Table 6: Monthly Venture Capital Activity in Recessions Relative to Other Times

This table shows how VC investment activity changes during recessions, using data from Refinitiv between January 1976 and March 2020. All
columns use monthly data and OLS models. Recession periods are defined as the months during the NBER recession period (peak to trough).
The mean of the indicator variable Recession is 0.127. In columns (1)-(4), the dependent variables are the number of VC deals; either all deals (1),
early-stage deals (2), late-stage deals (3), or early minus late deals (4). In columns (5)-(8), the dependent variables are the log of the total amount
of VC deals in real 2019 dollars; either all deals (5), early-stage deals (6), late-stage deals (7), or early minus late deals (8). The bottom row shows
the means of the dependent variables during non-recession periods. Standard errors are robust. * ** and *** denote statistical significance at the
10%, 5%, and 1% level, respectively.

Dependent variable: Number of VC Deals Log Amount of VC
All Early Late Early - Late All Early Late  Early - Late
(1) (2) (3) (4) (5) (6) (7) (8)
1(Recession) -37.563*  -33.115"**  -4.447 -28.668"**  -0.329* -0.391**  -0.257 -0.134
(21.812) (7.826) (14.375) (7.747) (0.199) (0.162)  (0.226) (0.103)
Observations 533 533 533 533 533 233 533 933
R? 0.005 0.017 0.000 0.025 0.003 0.006 0.001 0.001

Non Recession Mean  244.652 109.044 135.608 -26.564 14.031 12.828 13.570 -0.741
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Table 7: Relationship Between Recessions and VC-Backed Patent Citations by Fundraising Timing

This table shows the OLS relationship between recessions and VC-backed patent citations by fundraising timing. Observations are utility patents
awarded between between January 1, 1976 and December 31, 2017 and assigned to a U.S. firm. Raised Outside Boom indicates that the most
recent round occurred either during the recession or prior to six months before the first month of the recession. Raised During Boom indicates that
the most recent round occurred in the six months before the beginning of the recession. All other variables are as defined in Table [3] Standard
errors are clustered by application month. * ** and *** denote statistical significance at the 10%, 5%, and 1% level, respectively.

Top 1% Cites (Within Month) Log(1+Cites)
(1) (2) 3) (4)
1(Recession) x 1(VC-Backed and Early Stage, Raised Outside Boom)  -0.008** -0.007** -0.129***  -0.093***
(0.003) (0.003) (0.034)  (0.032)
1(VC-Backed and Early Stage, Raised Outside Boom) 0.024*** 0.024*** 0.557***  0.525***
(0.002) (0.002) (0.014) (0.014)
1(Recession) x 1(VC-Backed and Early Stage, Raised During Boom) -0.002 -0.001 0.107 0.107
(0.007) (0.008) (0.091)  (0.082)
1(VC-Backed and Early Stage, Raised During Boom) 0.007 0.007 0.304***  0.294***
(0.006) (0.006) (0.060) (0.055)
1(Recession) x 1(VC-Backed and Late Stage) -0.004 -0.005* -0.009 0.008
(0.003) (0.003) (0.034) (0.032)
1(VC-Backed and Late Stage) 0.013*** 0.015%** 0.396***  0.389***
(0.001) (0.001) (0.010)  (0.010)
Patent Class FE Yes No Yes No
Month FE Yes No Yes No
Patent Class x Month FE No Yes No Yes
R2 0.024 0.075 0.375 0.437

Observations 2,676,035 2,676,035 2,676,035 2,676,035
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Table 8: Monthly Follow-On Venture Capital Activity in Recessions Relative to Other Times

This table shows how follow-on VC investment activity changes during recessions, using data from Refinitiv between January 1976 and March
2020. All columns use monthly data and OLS models. We define a ”follow-on” deal as one in which the lead investor participated in a previous
round of financing for the company. That is, these are deals in which the lead investor previously invested in that company. Observations are
at the month level. Recession periods are defined as the months during the NBER recession period (peak to trough). The mean of the indicator
variable Recession is 0.127. The dependent variables in columns (1)-(3) are the share of the number of VC deals that are follow-on deals; either
the share of all deals (1), early-stage deals (2), or late-stage deals (3). The dependent variables in columns (1)-(3) are the share of the amount of
VC investment that month that is follow-on; either the share of all deals (1), early-stage deals (2), or late-stage deals (3). The average company

has 1.7 early deals. The bottom row shows the means of the dependent variables during non-recession periods. Standard errors are robust. * **,

and *** denote statistical significance at the 10%, 5%, and 1% level, respectively.

Dependent variable:

Share of VC Deals that are
Follow-on from Lead VC

Share of VC Deal Amount that is
Follow-on from Lead VC

All Within Early Within Late
(1) (2) (3)

All Within Early Within Late
(4) (5) (6)

1(Recession) 0.034** 0.021 0.034** 0.023* 0.021 0.058*
(0.015) (0.014) (0.017) (0.013) (0.028) (0.033)
Observations 533 533 533 533 933 933
R? 0.009 0.004 0.007 0.005 0.000 0.003
Non Recession Mean 0.231 0.156 0.286 0.179 0.221 0.333
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Table A.1: Relationship Between Recessions and VC-Backed Patent Citations—Robustness

This table repeats the analysis of Table 5 but using different cutoffs for top-cited patents. In columns 1-2 top-cited patents are defined as those in
the top 10% of forward citations among patents from the same application year. In the remaining columns, top-cited patents are defined as those
in the top 10% of forward citations among patents from the same application month (columns 3-4) or year (columns 5—6). *** and *** denote
statistical significance at the 10%, 5%, and 1% level, respectively.

Top 1% Cites (Within Year) Top 10% Cites (Within Month) Top 10% Cites (Within Year)

(1) (2) (3) (4) (5) (6)
1(Recession) x 1(VC-Backed and Early Stage) -0.011*** -0.010*** -0.047*** -0.042*** -0.047*** -0.042%**
(0.003) (0.003) (0.009) (0.009) (0.009) (0.009)
1(VC-Backed and Early Stage) 0.024*** 0.024*** 0.1471*** 0.137*** 0.141*** 0.138***
(0.002) (0.002) (0.004) (0.004) (0.004) (0.004)
1(Recession) x 1(VC-Backed and Late Stage) -0.003 -0.004 -0.000 -0.002 -0.000 -0.002
(0.003) (0.003) (0.009) (0.008) (0.009) (0.008)
1(VC-Backed and Late Stage) 0.013*** 0.014*** 0.090*** 0.091*** 0.090*** 0.091***
(0.001) (0.001) (0.003) (0.003) (0.003) (0.003)
Patent Class FE Yes No Yes No Yes No
Month FE Yes No Yes No Yes No
Patent Class x Month FE No Yes No Yes No Yes
R? 0.024 0.076 0.057 0.128 0.057 0.129

Observations 2,676,035 2,676,035 2,676,035 2,676,035 2,676,035 2,676,035




Table A.2: Relationship Between Recessions and VC-Backed Patent Citations, by Silicon Valley Geography

This table repeats the analysis of Table separately for patents assigned to firms located in Silicon Valley (Panel A) and all other locations (Panel

B). Silicon Valley is defined as patents whose assignees are located in Santa Clara, San Francisco, San Mateo, or Alameda counties (CA). For
patents with multiple assignees, a patent is classified as being in Silicon Valley if any of its assignees is located in one of these counties. All other

variable definitions follow Table |3| Standard errors are clustered by application month. *** and *** denote statistical significance at the 10%,

5%, and 1% level, respectively.

Panel A: Silicon Valley

Top 1% Cites (Within Month) Log(1+Cites)
(1) (2) 3) (4) () (6) (7) (8)
1(Recession) x 1(VC-Backed) -0.013***  -0.013*** -0.087*  -0.069**
(0.003) (0.003) (0.033) (0.034)
1(VC-Backed) 0.019***  0.020*** 0.418***  0.404***
(0.002) (0.002) (0.013) (0.014)
1(Recession) x 1(VC-Backed and Early Stage) -0.022***  -0.017*** -0.177*  -0.110**
(0.006)  (0.006) (0.050)  (0.049)
1(VC-Backed and Early Stage) 0.032***  0.032*** 0.640™**  0.613***
(0.003)  (0.003) (0.024)  (0.024)
1(Recession) x L(VC-Backed and Late Stage) -0.010***  -0.011*** -0.057 -0.051
(0.004) (0.004) (0.036) (0.038)
1(VC-Backed and Late Stage) 0.015***  0.017*** 0.346***  0.337***
(0.002) (0.002) (0.014) (0.015)
Patent Class FE Yes No Yes No Yes No Yes No
Month FE Yes No Yes No Yes No Yes No
Patent Class x Month FE No Yes No Yes No Yes No Yes
p-value: Rec. x VC Early = Rec. x VC Late 0.067 0.454 0.019 0.264
R? 0.024 0.125 0.024 0.125 0.404 0.471 0.405 0.471
Observations 371,400 371,400 371,400 371,400 371,400 371,400 371,400 371,400




Table A.2: Relationship Between Recessions and VC-Backed Patent Citations, by Silicon Valley Geography (continued)

Panel B: Non-Silicon Valley

Top 1% Cites (Within Month) Log(1+Cites)
(1) (2) (3) (4) (5) (6) (7) (8)
1(Recession) x 1(VC-Backed) -0.002 -0.002 -0.008 0.019
(0.003)  (0.003) (0.034)  (0.032)
1(VC-Backed) 0.012*** 0.013*** 0.389*** 0.382%**
(0.001)  (0.001) (0.012)  (0.011)
1(Recession) x 1(VC-Backed and Early Stage) -0.004 -0.003 -0.084** -0.045
(0.003)  (0.004) (0.035)  (0.033)
1(VC-Backed and Early Stage) 0.017***  0.017*** 0.448***  0.417***
(0.002)  (0.002) (0.016)  (0.015)
1(Recession) x 1(VC-Backed and Late Stage) -0.001 -0.002 0.025 0.048
(0.004)  (0.004) (0.046)  (0.044)
1(VC-Backed and Late Stage) 0.011*** 0.012*** 0.364*** 0.367***
(0.001)  (0.001) (0.015)  (0.014)
Patent Class FE Yes No Yes No Yes No Yes No
Month FE Yes No Yes No Yes No Yes No
Patent Class x Month FE No Yes No Yes No Yes No Yes
p-value: Rec. x VC Early = Rec. x VC Late 0.500 0.801 0.039 0.082
R? 0.025 0.083 0.025 0.083 0.373 0.443 0.373 0.443
Observations 2,304,635 2,304,635 2,304,635 2,304,635 2,304,635 2,304,635 2,304,635 2,304,635




Table A.3: Relationship Between Recessions and VC-Backed Patent Originality and Generality

This table shows the OLS relationship between recessions and VC-backed patent originality /generality. Observations are utility patents awarded
between between January 1, 1976 and December 31, 2017 and assigned to a U.S. firm. The dependent variable in columns 1-4 (5-8) is an indicator
for the patent’s originality (generality) score being in the top 1% among patents applied for in the same month. VC-Backed is an indicator variable
equal to one if one of the patent assignees is a VC-backed firm as of the patent application date. A patent assignee is defined as being VC-backed
as of the patent application date if it the patent application date is between the assignee’s first VC financing round and its last VC financing
round. Recession is an indicator variable equal to one if the U.S. was in a recession during the month the patent was applied for according to the
NBER Business Cycle Dating Committee. Farly Stage is an indicator variable equal to one if the patent assignee was seed stage or early stage as
of its most recent VC financing round according to VentureXpert. Late Stage is an indicator variable equal to one if the patent assignee was not
seed stage or early stage as of its most recent VC financing round. were not based in the U.S. Patent Class FFE represent class fixed effects based
on the patent’s primary four-digit CPC classification. Month FE represent month fixed effects. Patent Class X Month FE represent patent class
by month fixed effects. Standard errors are clustered by application month. * ** and *** denote statistical significance at the 10%, 5%, and 1%
level, respectively.

Top 1% Originality (Within Month) Top 1% Generality (Within Month)

(1) (2) (3) (4) (5) (6) (7) (8)
1(Recession) x 1(VC-Backed) -0.004** -0.005** -0.003 -0.004
(0.002) (0.002) (0.003) (0.002)
1(VC-Backed) 0.012%** 0.012*** 0.015%** 0.016***
(0.001) (0.001) (0.001) (0.001)
1(Recession) x 1(VC-Backed and Early Stage) -0.011***  -0.011*** -0.009***  -0.009***
(0.003) (0.003) (0.003) (0.003)
1(VC-Backed and Early Stage) 0.014*** 0.013*** 0.024***  0.024***
(0.002) (0.002) (0.002) (0.002)
1(Recession) x 1(VC-Backed and Late Stage) -0.002 -0.002 -0.001 -0.002
(0.003) (0.002) (0.003) (0.003)
1(VC-Backed and Late Stage) 0.011***  0.011*** 0.012***  0.013***
(0.001)  (0.001) (0.001)  (0.001)
Patent Class FE Yes No Yes No Yes No Yes No
Month FE Yes No Yes No Yes No Yes No
Patent Class x Month FE No Yes No Yes No Yes No Yes
R? 0.005 0.080 0.005 0.080 0.017 0.068 0.017 0.068
Observations 2,676,035 2,676,035 2,676,035 2,676,035 2,676,035 2,676,035 2,676,035 2,676,035




Table A.4: Relationship Between Recessions and VC-Backed Patent Closeness to Science

This table shows the OLS relationship between recessions and VC-backed patent closeness to science. Observations are utility patents awarded
between between January 1, 1976 and December 31, 2017 and assigned to a U.S. firm. The dependent variable in columns 1-4 (5-8) is an indicator
for the patent’s backward citations to academic research (published in top quartile journals) being in the top 1% among patents applied for in
the same month. VC-Backed is an indicator variable equal to one if one of the patent assignees is a VC-backed firm as of the patent application
date. A patent assignee is defined as being VC-backed as of the patent application date if it the patent application date is between the assignee’s
first VC financing round and its last VC financing round. Recession is an indicator variable equal to one if the U.S. was in a recession during the
month the patent was applied for according to the NBER Business Cycle Dating Committee. Early Stage is an indicator variable equal to one if
the patent assignee was seed stage or early stage as of its most recent VC financing round according to VentureXpert. Late Stage is an indicator
variable equal to one if the patent assignee was not seed stage or early stage as of its most recent VC financing round. Patent Class FE represent
class fixed effects based on the patent’s primary four-digit CPC classification. Month FE represent month fixed effects. Patent Class X Month FE
represent patent class by month fixed effects. Standard errors are clustered by application month. * ** and *** denote statistical significance at
the 10%, 5%, and 1% level, respectively.

Top 1% Closeness to Science (Within Month) Top 1% Closeness to Quality Science (Within Month)

(1) (2) (3) (4) () (6) (7) (8)
1(Recession) x 1(VC-Backed) -0.004™*  -0.004** -0.002 -0.003
(0.002) (0.002) (0.002) (0.002)
1(VC-Backed) 0.010***  0.010*** 0.009***  0.008***
(0.001)  (0.001) (0.001)  (0.001)
1(Recession) x 1(VC-Backed and Early Stage) -0.009***  -0.009*** -0.006* -0.006*
(0.003)  (0.003) (0.003) (0.003)
1(VC-Backed and Early Stage) 0.015%** 0.014*** 0.015%** 0.014***
(0.002) (0.002) (0.002) (0.002)
1(Recession) x 1(VC-Backed and Late Stage) -0.002 -0.001 -0.001 -0.001
(0.002)  (0.002) (0.002) (0.002)
1(VC-Backed and Late Stage) 0.008***  0.009*** 0.006™** 0.006™**
(0.001)  (0.001) (0.001) (0.001)
Patent Class FE Yes No Yes No Yes No Yes No
Month FE Yes No Yes No Yes No Yes No
Patent Class x Month FE No Yes No Yes No Yes No Yes
R2? 0.115 0.162 0.115 0.162 0.165 0.207 0.165 0.207

Observations 2,676,035 2,676,035 2,676,035 2,676,035 2,676,035 2,676,035 2,676,035 2,676,035




Table A.5: Recessions and Industry Share of VC Deals

This table shows the OLS relationship between recessions and the share of VC deals in a given industry, at the monthly level. * ** and *** denote
statistical significance at the 10%, 5%, and 1% level, respectively.

Share of All VC Deals that are
Dependent variable:  Biotechnology = Medical Internet Computer Hardware Communications Consumer Industrial = Other

& Health & Software & Media Related & Energy
(1) (2) (3) (4) (5) (6) (M) (8)
1(Recession) -0.003 -0.006 -0.025 -0.014 0.001 -0.007 0.028*** 0.030**
(0.005) (0.006)  (0.015) (0.010) (0.006) (0.006)  (0.009)  (0.012)
Observations 533 533 533 533 533 533 533 533
R? 0.001 0.001 0.004 0.002 0.000 0.002 0.013 0.008

Non Recession Mean 0.075 0.117 0.131 0.309 0.088 0.063 0.074 0.149




Table A.6: Monthly Early-Stage Venture Capital Activity in Recessions Relative to Other
Times, Omitting Particular Recessions and Periods

This table shows how VC investment activity changes during all but one of the recessions, using data
from Refinitiv between January 1976 and March 2020. All columns use monthly data and OLS models.
Recession periods are defined as the months during the NBER recession period (peak to trough). In each
column of Panel A, we omit months corresponding to the recession identified in the column header. In
each column of Panel B, we omit a particular set of years. The overall mean of the indicator variable
Recession is 0.127. The bottom row shows the means of the dependent variables during non-recession
periods. Standard errors are robust. *** and *** denote statistical significance at the 10%, 5%, and

1% level, respectively.

Panel A: Omitting Particular Recessions

Dependent variable: Number of Early VC Deals

Omitting Recession: 1980 1981-82 1990-91 2001 2007-09
(1) (2) (3) (4) (5)
1(Recession) -25.184***  -16.794*  -28.627***  -40.419***  -57.176***
(7.857) (8.995) (8.508) (8.307) (7.820)
Observations 527 517 525 525 515
R? 0.009 0.003 0.012 0.023 0.037

Non Recession Mean 109.044 109.044 109.044 109.044 109.044

Panel B: Omitting Particular Periods

Dependent variable: Number of Early VC Deals

Omitting: 1995-2002 1976-1990 1991-2019 1976-1984 2000-2019
(1) (2) (3) (4) (5)
1(Recession) -36.263***  -25.056*** -8.756** -20.579**  -27.966***
(6.990) (7.793) (3.851) (8.153) (4.454)
Observations 549 353 292 425 400
R? 0.028 0.009 0.012 0.006 0.032

Non Recession Mean 77.415 139.170 25.959 125.727 44.157
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