Essays in Empirical Corporate Finance

Markus Lithell

Advisors:
B. Espen Eckbo

Eric de Bodt

Department of Finance

NHH Norwegian School of Economics

Date: June 7, 2023

The PhD thesis was submitted to NHH Norwegian School of Economics in partial fulfillment
of the requirements for the Regulations of the philosophiae doctor (PhD) degree at NHH.






ACKNOWLEDGEMENTS

Dr. Franklin Kearns: “You know, when I was nine years into the project, I said to myself,

)

‘Give it up. Leave this jungle.” But instead I convinced myself to stay. 1 said to myself,
‘Publishing the number one resource book on anteaters will be worth it.” But the day it was
published it was completely anticlimactic. It felt like the physical manifestation of fifteen years
of boredom came into being.”

Today Now! Host Jim Haggerty: “I’'m sure that you—"

Dr. Franklin Kearns: “—You know, don’t apologize. I'm the one who wasted my life on this.”

“Expert Wasted Entire Life Studying Anteaters”, The Onion

Foremost, I would like to thank my first advisor, Espen Eckbo, for his guidance, support, and
encouragement over the past six years. I also extend my thanks to my second advisor, Eric

de Bodt, who has been an invaluable resource for all things econometrics.

I would also like to thank my coauthors: Espen Eckbo, Josh Lerner, Gordon Phillips, Matteo

Pirovano, Davide Sinno, and Trang Vu.

I am grateful to all of the helpful and inspiring faculty members, PhD students, and support

staff I have met along the way.

Finally, I wish to express my gratitude to my wife, my family, and my friends.

Although it may sound strange now, there were many points at which I felt I would not be
able to finish this PhD degree. I am grateful to everyone above for making it possible for me.

Luckily, finance is more fun (and less lonely) than studying anteaters.

Markus Lithell






Contents

SUMMARY

CHAPTER 1

6

Introduction

Data and empirical methods

2.1 Sample Construction . . . . . . . . . . . ..
2.2 Constructing key variables . . . . . . . ... oo
2.3 Descriptive statistics . . . . . . ..o

2.4  Empirical methodology . . . . . . . . .. ..

Main results
3.1 Estimating OTC target premiums . . . . . . . . . . .. ... ... ... ....
3.2 Are high OTC premiums due to synergies or bidder overpayment? . . . . . . .

Evaluating economic channels

4.1 Stock liquidity . . . . . . ..o
4.2 Information disclosure . . . . . . . ...
4.3 Concentrated ownership . . . . . . .. ... oo

4.4 Poor performance . . . . . . ...

Potential concerns

5.1 MISpricing . . . . . . ..o

Conclusion

A Appendix

CHAPTER 2
1 Introduction
2 Merger-driven listing dynamics in the U.S.

2.1 The merger-adjustment procedure . . . . . . . .. ..o
2.2 Size-threshold and age of private targets . . . . . . ... ... ... ... ...
2.3 Absence of a merger-adjusted listing peak . . . . . .. ... L.

International merger-driven listing dynamics

3.1 Country selection and data sources . . . . . . . . . ... ... ... ... ...

11

17
17
20
22
26

28
28
30

32
32
35
36
37

38
38

39

55

57

59

62
63
65
66

68



3.2 Listing peaks in calendar time . . . . . . . ...
3.3 Listing peaks in event time . . . . . . .. ... ...
3.4 Merger-propensities and merger-adjusted listing counts . . . . . . . .. .. ..

3.5 Determinants of the post-peak rate of listing decline . . . . . . . ... ... ..

4 Merger-adjusted U.S. listing gap estimation
4.1 Econometric specification . . . . . . ..o
4.2 Listing gap estimates . . . . . . . .. .. Lo L
4.3 Robustnessissues . . . . . . ...
5 U.S. transaction values and firm performance
5.1 Transaction values of inflows and outflows . . . . . ... ... ... ... ...
5.2 Post-peak economic activity of listed firms . . . . . . .. ..o
6 Conclusion
A Further on U.S. listing gap econometrics
B Data sources and additional listing information
B.1 Data on U.S. listing anatomy . . . . . . . . .. . ... L
B.2 Data on economic contribution of listed firms . . . . . .. ... ... 0.
B.3 Data on non-U.S. listings and mergers . . . . . . . .. ... .. ... ... ..
CHAPTER 3
1 Introduction
2 Institutional background
3 Data
3.1 Datasources. . . . . . . . . . e
3.2 The US crowdfunding market . . . . . . . . .. .. ... L 0.
3.3 Summary statistics . . . . ...
4 The Choice of Debt versus Equity Crowdfunding
4.1 Crowdfunding and the Financial Growth Cycle . . . . . . . ... .. ... ...
4.2 Crowdfunding and Access to Bank Lending . . . . . . . ... ... ... ...,
5 Crowdfunding and growth
6 Conclusion

75
75
7
79

80
81
82

84

111

112
112
114
115

123

125

129

130
130
132
133

134
134
136

138

141



SUMMARY

This dissertation consists of three essays in empirical corporate finance.

The first, titled “Do Acquirers Pay Less for Unlisted Targets? Evidence from OTC Mar-
kets” introduces a novel sample of mergers & acquisitions (M&A) to provide new evidence
on an old puzzle. While it is widely known that bidder announcement returns are higher
in M&A deals with unlisted targets (i.e., those not traded on a stock exchange) than listed,
the source of these gains — either because acquirers pay less or because deal value creation is
greater — remains elusive due to data limitations. First, most unlisted target deals, such as
those involving private and subsidiary targets, do not allow the econometrician to observe the
target’s standalone stock price prior to the acquisition. Second, the targets of these takeovers
often do not publicly disclose information about their financials or performance.

To circumvent these limitations, I introduce a sample of deals to the M&A literature with
a new unlisted target type: firms with equity traded over the counter (OTC). This sample
allows me to use stock prices to directly measure offer premiums and expected synergy gains
in unlisted target deals for the first time. I show that (1) contrary to the conventional wisdom,
premiums are higher — not lower — for OTC targets, (2) these high premiums originate from
shared synergy gains rather than bidder overpayment, (3) the synergy gains are consistent
with improvements to OTC targets’ access to capital, with a larger portion of synergies going
to OTC target shareholders due to stronger bargaining, and (4) both premiums and synergies
are higher for OTC targets that are closer to private firms (low stock liquidity) than listed
firms (high stock liquidity).

The second essay, “Merger-driven Listing Dynamics”, coauthored with Espen Eckbo, con-
tinues the M&A theme but expands the scope to include all transactions with listed acquirers
around the world. Both regulators and academics have expressed concern over the declining
number of listed firms in the US since 1996, from a peak of 7,325 to 3,633 by the end of 2020.
The main concern that has been raised is whether this decline is attributable to a reduction
in the net benefit of being listed in the US, i.e., whether US stock exchanges have become a

less attractive destination for firms, particularly compared to foreign stock exchanges.



We address this debate by emphasizing the role and significance of M&A in listing count
changes, or listing dynamics. Specifically, takeovers have two salient properties: First, they
result in the complete transfer of a firm’s components (assets, employees, patents, etc.) from
one owner to another but are poorly represented by the listing count, and second, they are
motivated by expected synergy gains rather than changes in net listing benefits. To expand
on the former, consider a merger between two listed firms. While the listing count declines by
one, the de facto corporate assets present on the stock exchange remain unchanged. Similarly,
if a listed firm buys an unlisted one, that target transitions to being publicly owned without
increasing the listing count. Thus, if the shrinking number of listed US firms can be largely
attributed to merger activity, then the conclusion that US net listing benefits have declined
may be premature.

With this in mind, we construct a merger-adjusted listing count that accounts for M&A
activity to more accurately track changes in the firms under public ownership. We first
show that our merger adjustment eliminates the post-1996 listing decline, meaning that the
composition of US stock exchanges has changed far less than suggested by the unadjusted
listing count. Next, we document that listing peaks, much as in the US, are in fact the global
norm: As much as four-fifths of countries have fewer listed firms than in the past. However,
the US peak differs from others because it primarily reflects the merger-driven reshuffling of
firms on the exchange, rather than firm net outflows as in foreign countries. This points to
a merger-driven US listing advantage with regards to attracting and retaining firms relative
other countries.

The final essay is titled “Debt and Equity Crowdfunding in the Financial Growth Cycle”
and is coauthored with Matteo Pirovano, Davide Sinno, and Trang Vu. Since 2016, Regulation
CF of the JOBS Act allows small businesses in the US to offer securities to the investing public
via online crowdfunding platforms. We investigate firms’ choice between issuing crowdfunded
debt and equity and how this decision relates to their stage in the financial growth cycle
and access to bank financing. We find that firms that are less profitable, are in an earlier
developmental stage, and have stronger ties to the banking system are more likely to issue

crowdfunded equity than debt. Successful crowdfunding is associated with increases in firm



size, revenue, and profitability for early-stage firms, but not for late-stage firms. Our findings
suggest that crowdfunding can alleviate capital constraints and stimulate growth for early-

stage startups, but has a negligible impact on established firms that are already profitable.






CHAPTER 1

Do Acquirers Pay Less for Unlisted Targets? Evidence

from OTC Markets



Do Acquirers Pay Less for Unlisted Targets? Evidence from OTC
Markets*

Markus Lithellf

June 6, 2023

Abtract

It is widely known that bidder announcement returns are higher when targets are unlisted (i.e., not traded
on a stock exchange) than listed. However, the source of these gains — either because acquirers pay less or
because deal value creation is greater — remains elusive due to data limitations. I introduce a set of deals to
the M&A literature with a novel unlisted target type: firms with equity traded over the counter (OTC). This
sample allows me to directly measure offer premiums and synergies in unlisted target deals for the first time.
I show that (1) contrary to the conventional wisdom, premiums are higher — not lower — for OTC targets, (2)
these high premiums originate from shared synergy gains rather than bidder overpayment, (3) the synergy
gains are consistent with improvements to OTC targets’ access to capital, with a larger portion of synergies
going to OTC target shareholders due to stronger bargaining, and (4) both premiums and synergies are higher

for OTC targets that are closer to private firms (low stock liquidity) than listed firms (high stock liquidity).
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1 Introduction

Mergers and acquisitions (M&A) of unlisted targets — firms not traded on a stock exchange —
account for two thirds of US takeovers and represent a total deal value of $3.5 trillion, 1980-
2020. Despite their prevalence, relatively little is known about these deals due to limited data
on the unlisted targets themselves, which rarely file public disclosure or have observable stock
prices. Instead, previous studies typically rely on information that can be inferred from the
stock price of listed acquirers. Since at least Chang (1998), it is known that these acquirers
experience higher cumulative abnormal returns (CAR) when announcing takeovers of unlisted
targets than listed targets. However, it remains unclear whether this return differential is
attributable to higher synergy gains or better deal terms for the bidder (i.e., paying less).
Most recently, Jaffe, Jindra, Pedersen, and Voetmann (2015) test a battery of hypotheses but
do not find strong support for either channel, concluding that the return differential remains
an unsolved puzzle.

In this paper, I provide new evidence on an important question about the market for
corporate control: Do acquirers pay less for unlisted targets than listed targets? I introduce
a set of deals to the M&A literature with a novel unlisted target type: firms with equity
traded over the counter (OTC). OTC targets present an ideal test case because they have
observable stock prices while still diverging from listed targets in terms of stock liquidity,
information disclosure, and ownership concentration. Importantly, these characteristics also
vary considerably within the OTC target sample. This allows me to run econometric tests
evaluating potential economic channels related to offer premiums and synergies, in a way that
is difficult or impossible with private target deals. For example, practically all private targets
have completely illiquid stock — making it difficult to separate effects related to stock liquidity
and private status more broadly. In contrast, OTC target deals allow me to clearly observe
whether unlisted-listed premium and synergy differentials are larger for unlisted targets with
low versus high liquidity.

Two prior papers address the question of how much acquirers pay for unlisted versus listed

targets. Officer (2007) compares deal valuation multiples for unlisted private and subsidiary
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targets with those of listed targets and estimates that unlisted targets sell at a 15-30% discount
relative listed targets. Jaffe, Jindra, Pedersen, and Voetmann (2019) also use multiples as in
Officer (2007) but with an updated methodology that corrects for biases related to one-sided
sample truncation and Jensen’s inequality. Their findings suggest that bidders pay neither less
nor more for unlisted targets than listed targets. By introducing OTC target deals, I am able
to observe unlisted target stock prices and directly measure offer premiums for the first time
in the literature. Doing so is beneficial because stock prices incorporate all public information
and investors’ expectations about future cash flows when estimating the standalone value of
the target firm. In comparison, multiples are limited to relatively simple proxies like EBITDA
or book value of equity, with the implicit assumption that the target has the same future
growth rate and discount rate as its comparable firms. Perhaps even more importantly, stock
prices represent the firm’s de facto value to shareholders.

I start by testing whether offer premiums are different for OTC targets and listed targets.
I run cross-sectional regressions for a sample of 735 OTC and 7,923 listed target deals and
control for deal, acquirer, and target characteristics. My results are surprising and contrary to
expectations from the previous literature: I estimate that OTC target shareholders receive a
statistically and economically significant 26 percentage point (pp) higher premium compared
to listed target shareholders.

Are OTC target premiums higher due to deal synergies or bidder overpaying? To inves-
tigate, I estimate acquirer CAR around deal announcement for the subsample of deals with
listed bidders. I also estimate combined market-value-weighted acquirer-target CAR to proxy
for expected deal synergies (as in Bradley, Desai, and Kim 1988 and Dessaint, Eckbo, and
Golubov 2023). I find strong support for higher deal synergies driving OTC premiums: Bid-
ders experience 1.1pp higher returns when announcing OTC target deals than listed target
deals — despite paying higher premiums — and expected combined synergy gains are 1.5pp
higher. This result is robust to controlling for both acquirer and target runup, indicating that
the difference in expected gains is not driven by deal anticipation.

Both acquirer and target shareholders are better off in OTC target deals than listed tar-

get deals, meaning the additional synergies are shared. To measure how synergy gains are
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allocated, I estimate the fraction captured by target shareholders in negotiations by divid-
ing target dollar CAR by combined dollar CAR. I find that OTC target shareholders receive
around a one-fifth (21pp) larger fraction of total synergy gains than do listed target sharehold-
ers, suggesting stronger bargaining on the part of unlisted target management and owners.

I proceed by evaluating several possible economic channels to explain the premium and
synergy differences between OTC and listed target deals. The first is target stock liquidity.
OTC target shares are much less liquid than those of listed targets, with two-thirds trading
at liquidity levels below the least liquid listed target. Low stock liquidity can inhibit project
financing by raising the cost of equity issuance (Amihud and Mendelson, 1986; Butler, Grullon,
and Weston, 2005; Hanselaar, Stulz, and Van Dijk, 2019) and cost of capital (Amihud and
Levi, 2023; Bolton and Von Thadden, 1998; Brav, 2009; Eckbo and Norli, 2005). As such, it
is feasible that a bidder can enhance OTC target value by alleviating financial frictions.*

My findings are consistent with financial synergy gains via the stock liquidity channel.
I show a negative and monotonic relationship between OTC target liquidity and offer pre-
mium: Premiums are highest for the least liquid OTC targets and lowest for the most liquid.
Furthermore, controlling for target liquidity is sufficient to explain most (but not all) of the
OTC-specific premium and all of the additional acquirer CAR and estimated synergies. No-
tably, the fraction of synergies captured by target shareholders is unrelated to liquidity —
suggesting that OTC targets have a stronger negotiating position that is independent from
liquidity. The results are consistent with higher premiums and synergies for targets that are
closer to private firms (illiquid stock) than listed firms (liquid stock).

The second channel I consider is public information disclosure. Roughly half of OTC
targets do not file a 10-K filing prior to being acquired. Much like stock liquidity, disclosure is
known to improve cost of capital (Bailey, Karolyi, and Salva, 2006; Easley and O’Hara, 2004;
Leuz and Verrecchia, 2000), which may in turn influence premiums or synergies. Moreover,

non-disclosure may also signal about a target’s characteristics. For example, managers could

'Relatedly, Almeida, Campello, and Hackbarth (2011) and Erel, Jang, and Weisbach (2015) show that
takeovers can relieve financial frictions for cash-constrained targets. Boucly, Sraer, and Thesmar (2011) also
find that leveraged buyout targets often issue additional debt to finance investments post-buyout, particularly
when these targets are private.
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be trying to conceal innovation or strategic activity from competitors (Leuz and Wysocki,
2016) or hide poor performance from the public (Leuz, Triantis, and Wang, 2008). Either case
allows for synergy gains by bringing previously undisclosed innovations to market (Gao, Ritter,
and Zhu, 2013) or professionalizing target management. I test by running cross-sectional
regressions controlling for disclosure using several different proxies, in a similar manner as for
stock liquidity. However, I do not find any evidence of disclosure-related synergy gains; None
of the proxies are related to OTC-specific premiums or synergies.

Third, I consider the role of concentrated ownership. It is difficult to locate consistent data
on OTC target owners, which presents a challenge when testing the implications of ownership
directly. However, prior literature and anecdotal evidence indicates that OTC stocks are more
closely held than listed firms (Marosi and Massoud, 2007) with little institutional ownership
(Ang, Shtauber, and Tetlock, 2013). Theoretical and empirical evidence also provide clear
guidance about what to expect with regards to sources of synergy gains related to concen-
trated ownership. One can reasonably assume that closely-held target firms will be better-run
than firms with dispersed ownership owing to more management monitoring, long-run growth
orientation, and risk-taking (Aghion, Van Reenen, and Zingales, 2013; Edmans, 2009). Thus,
there are unlikely to be OTC-specific synergy gains from ownership-related underperformance.
On the other hand, Chang (1998) suggests that listed acquirers may benefit from improved
governance by integrating a private target blockholder into their ownership structure. How-
ever, this only applies when the method of payment is stock, not cash. I test this hypothesis
using regression analysis, but do not find any evidence of higher synergies in OTC target
deals when stock payment is used. As such, there is also little to suggest that improvement
in acquirer governance is a source of OTC-specific synergies.

While concentrated ownership of OTC targets is unlikely to yield higher synergies, it is
expected to give targets more bargaining power when dividing up synergy gains (Ang and Ko-
hers, 2001; Ghosh and Ruland, 1998). Concentrated owners are less willing to give up control
(Amihud, Lev, and Travlos, 1990; Stulz, 1988), may be more bullish about the firm’s future
prospects, and may receive private benefits from ownership in the form of sentimental value

for founders or family. My evidence is consistent with the interpretation that concentrated
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ownership strengthens OTC target bargaining but is not a source of synergy gains. As shown
above, I find that accounting for stock liquidity is sufficient to explain all of the OTC-specific
acquirer gains and synergies, part of the target offer premiums, and none of the distribution
of synergies. In other words, while synergies are associated with stock illiquidity, how those
synergies are shared between acquirer and target is not — in line with expectations about
concentrated ownership based on prior theory and empirical evidence.

Fourth, I consider whether underperformance could be a source of OTC-specific synergy
gains. Are OTC firms poorly run compared to listed firms? I find this interpretation unlikely.
For one, my evidence thus far (no association between disclosure and synergies, expectations
about concentrated ownership) is inconsistent with worse management of OTC targets than
listed targets. I also observe that OTC targets have higher average (median) monthly returns
in the ten months prior to measuring standalone value (i.e., the start of the runup period) than
listed targets: 4.7% (2.3%) versus 1.2% (1.2%). Moreover, OTC targets that were previously
listed (so-called “fallen angels”), which account for one-third of my sample and were in almost
all cases involuntarily delisted due to poor performance — and could thus be expected to be
worse-run than targets that were never listed — have lower average (median) synergies than
never-listed targets at 1.7% (0.1%) versus 3.1% (2.7%), respectively.

Finally, I consider whether my results could be driven by OTC target mispricing. Unlike
listed markets, most trading of OTC equities is conducted by (potentially uninformed) retail
investors (White, 2016). If OTC targets are undervalued when standalone value is estimated,
offer premiums will appear larger than they should. I argue that, to the extent that there is
any mispricing in my sample, it works against — not in favor of — my results. Due to brokerage
restrictions, search costs, and limited supply, short selling of OTC equities is difficult, expen-
sive, and rare (Ang, Shtauber, and Tetlock, 2013; Eraker and Ready, 2015). It is known since
at least Miller (1977) that in scenarios where investors hold heterogeneous beliefs (as with
OTC retail traders) and there are constraints to short-selling, prices will be inflated. Indeed,
Ang, Shtauber, and Tetlock (2013) find that the OTC market return is negative (-0.8% per
month), “implying widespread overpricing of OTC stocks” (p. 2987). Moreover, as mentioned

above, OTC targets have relatively high monthly pre-runup returns, making it unlikely that
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they are underpriced at the time that standalone value is measured. All in all, there is little
to suggest that this paper’s results are biased by mispricing.?

Related literature. This paper contributes to several strands of literature. Foremost is the
M&A literature, particularly studies on takeovers involving unlisted targets. The two papers
closest to this one are Officer (2007) and Jaffe, Jindra, Pedersen, and Voetmann (2019). They
estimate acquisition discounts for unlisted versus listed targets using deal valuation multiples
and find significant unlisted target discounts and no significant discounts, respectively. My
findings are surprising because they differ from the expectations set by these previous papers.
This differential is primarily because my study measures offer premiums directly (and incor-
porates stock price information about the target’s standalone value) rather than relying on
multiples (which are noisy and contain limited information).

I also contribute new evidence on the source of bidder gains in unlisted target deals. Multi-
ple studies, as early as Chang (1998), document that bidders experience higher announcement
CAR when acquiring unlisted firms than when acquiring listed firms. However, limited target
data makes this return differential difficult to explain. Chang (1998) concludes that acquir-
ers benefit from improved governance by adding unlisted target blockholders when paying
with stock. Fuller, Netter, and Stegemoller (2002), Officer (2007), and Cooney, Moeller, and
Stegemoller (2009) find evidence that the return differential is related to better deal terms for
the buyer. Faccio, McConnell, and Stolin (2006) and Jaffe, Jindra, Pedersen, and Voetmann
(2015) revisit and test these previous hypotheses as well as new ones but do not find evidence
in support of any particular channel. I show that for OTC deals, the return differential is
consistent with synergy gains rather than better deal terms. Moreover, this relationship be-
comes stronger the closer the OTC target is to private status than listed status in terms of
stock liquidity, with both higher premiums and synergies for the former.

More broadly, my findings add to the extensive literature on M&A deal offer premiums.

Previous studies examine the relationship between premiums and deal initiation (Masulis and

2A similar intuition holds for any sort of market price manipulation. Since short-selling is expensive,
manipulators are only incentivized to inflate prices, such as in a “pump-and-dump” scheme. Moreover, since
my sample consists of bona fide deals where the acquiring firm launches a takeover bid after accessing the
target’s data room, it is unlikely that they would be biased by market manipulation schemes (or still be
willing to extend an offer should they observe such a scheme).
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Simsir, 2018), managerial hubris (Aktas, De Bodt, Bollaert, and Roll, 2016; Roll, 1986), rival
bidders (Aktas, De Bodt, and Roll, 2010), size (Alexandridis, Fuller, Terhaar, and Travlos,
2013; Moeller, Schlingemann, and Stulz, 2004), target stock price runup (Betton, Eckbo,
Thompson, and Thorburn, 2014; Eaton, Liu, and Officer, 2021; Schwert, 1996), termination
fees (Officer, 2003), toeholds (Betton, Eckbo, and Thorburn, 2009), as well as many others.
I contribute by showing that premiums are also related to target listing status: OTC target
shareholders receive higher premiums than owners of listed firms, consistent with both greater
value creation and stronger bargaining.

Beyond the M&A literature, I also contribute to the body of papers on OTC-traded firms.
Earlier papers on OTC equities focused on asset prices (Ang, Shtauber, and Tetlock, 2013;
Bollen and Christie, 2009; Bushee and Leuz, 2005; Eraker and Ready, 2015). More recently,
several papers look at OTC firms in the corporate finance context. Briggemann, Kaul, Leuz,
and Werner (2018) document institutional details of the OTC market and examine the trade-
off between regulation and market quality (crash risk and liquidity). Cole, Floros, and Ivanov
(2019) show that initial public offering (IPO) underpricing is lower for firms that trade OTC
before listing on a stock exchange than firms that list directly from private ownership.? Cole,
Liang, and Zhang (2020) use OTC firms to investigate the relationship between debt financing
and the financial growth cycle proposed by Berger and Udell (1998). Most recently, Jiang,
Wang, and Yang (2022) measure returns for firms that trade OTC or on stock exchanges after
bankruptcy reorganization. I add to this growing field with the first evidence on takeovers

involving OTC firms.

2 Data and empirical methods

2.1 Sample Construction

OTC target deals. 1 construct my main sample of M&A OTC target deals from Refinitiv SDC

Platinum and the FactSet Mergerstat/BVR Control Premium Study (Mergerstat henceforth).

3See also Eckbo and Lithell (2023), who document that uplists from OTC markets account for as much as
28% of all new US stock exchange listings during 1980-2020.
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I identify all deals announced between 1985-2020 where the target firm exchange is OTC or
Pink Sheets. I keep control bids, defined as when the buyer holds less than 50% of target
shares before the deal is announced and seeks to own at least 50%. The deal form must
be either “merger” (“M”) or “acquisition of majority interest” (“AM”). Deal value must be
known and at least $1 million. I exclude deals in which the target is a utilities firm (SIC 49)
or a REIT, trust, or investment unit (SIC 6722, 6726, 6798, or 6799).* T limit the sample to
initial bids, in which target has not been the target in any other deal in the last 18 months.
After applying these filters, I have a sample 2,966 deals, of which 544 are recorded in both
SDC and Mergerstat, 516 are found in Mergerstat only, and 1,906 are in SDC only.

Next, I filter out any deals where the target firm was listed at any point in the 12 months
prior to the deal announcement. I do so by linking targets to CRSP after keeping CRSP
observations with US-domiciled common stock (share code 10 and 11) on NYSE, Amex, or
NASDAQ (exchange code 1-3 or 31-33) that have an active trading status, non-missing price,
and positive trading volume. I set a 12-month minimum to ensure that the target firm is not
listed at any point during the estimation window, which covers 12 to 2 months before the deal
announcement date and is further discussed in Section 2.2. Doing so eliminates 1,131 deals.
This suggests that a sizeable fraction of the deals labelled as OTC target deals by SDC and
MS are actually listed and incorrectly categorized.

I locate stock price data for unlisted OTC target firms from three sources: WRDS OTC
Markets, Compustat Daily, and Refinitiv Eikon. WRDS OTC Markets records end-of-day
pricing data directly from OTC Markets Group (formerly Pink Sheets). While it is the most
detailed and comprehensive of these three data sources, the data only start in September
2011. For deals that are announced in November 2012 or later, I prioritize data from WRDS
OTC Markets to allow for a full estimation window. For deals announced before November

2012, T prioritize data from Compustat Daily, then Eikon. Where indicators are available, I

4Many M&A studies also exclude deals in which the target is a financial industry firm. In this paper, I
opt to keep these deals for two reasons. First, a large fraction (51%) of the OTC targets in my final sample
are financial industry firms, mostly banks. Retaining these in the sample is important to avoid losing too
much statistical power. Second, it is not clear that deal offer premiums or synergies should materially differ
for financial industry targets than targets from other industries. Moreover, I control for target industry fixed
effects throughout the analysis. While not tabulated here, my findings also hold when run exclusively on the
subsample of non-financial industry target firms.
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require observations to be from when a firm has an “active” status designation and where
the security is common stock or ordinary shares (there are basically no prices recorded for
preferred shares). Following Schwert (1996), I measure acquirer and target standalone value
at the start of the runup period 42 trading days (2 months) before the deal announcement.
[ require non-missing stock prices (either fresh prices or bid-ask midpoints) to be observed
42 trading days (2 months) before the deal announcement and at least one day with trading
activity in the event window (-2, +2). With these criteria, I find stock price information for
908 of the remaining 1,835 deals.

Finally, I set a minimum offer price to avoid measurement error in case stock prices are
rounded (Ince & Porter 2006). First, I keep deals where the deal offer price per share is known,
to allow for estimation of the deal premium, resulting in 830 remaining deals. Next, I require
the minimum offer price to be at least $0.10, after which 801 observations remain. I maintain a
low minimum price to maximize the number of OTC target deals in my sample. Additionally,
many firms trade OTC precisely because they are so-called “penny stocks” (with a share price
of less than $5) and are ineligible for listing, making these firms interesting objects of study.
For robustness, I rerun my analysis using higher minimum prices ($1, $5, $10, and even $50)
in untabulated results and find that my main results hold.> My final sample of OTC takeovers
consists of 735 deals.

Listed and private target deals. 1 assemble a sample of listed target deals by selecting
all control bids from SDC with the same initial filters as OTC firms except for keeping only
targets that trade on NYSE, Amex, and NASDAQ. This gives me a starting sample of 9,553
listed target deals. Next, I link targets to CRSP using the same filters as above. After linking
and requiring observations on event day -42 and (-2, 4+2), [ am left with 8,344 deals. Finally, I
require deal offer price to be known and at least $0.10 for a final sample of 7,925 listed target
deals.

I also select private target deals from SDC and using the same initial filters as above for a

starting sample of 13,252. As with OTC targets, I filter out any targets that were listed within

5Ang, Shtauber, and Tetlock (2013) also find that setting a minimum stock price of $0.10 gives them
similar results as using $1 when estimating OTC return premiums.

19



1 year prior to deal announcement by linking to CRSP (reducing the sample to 13,191). Since
it is not possible to calculate premiums for private targets, I do not filter on deal offer price
(which is anyway rarely recorded in SDC for these deals).

Other data sources and cleaning. 1 download additional firm accounting data from Compu-
stat Annual Fundamentals, using observations from the year before the merger announcement.
For information on 10-K and 10-Q filings I use the Loughran-McDonald SEC/EDGAR 10-X
Summaries File (Loughran & McDonald 2016), which I link to target firms via CIK and com-
pany name. This file contains summary data gathered via textual analysis for all 10-K and
10-Q forms filed with the SEC from 1993-2021, although the number of filings on record prior
to 1996 is relatively small since companies were not required to file via electronically EDGAR
until that year.

I winsorize all continuous variables at the 5% tails by target type (listed, OTC, or private).
I winsorize by type since the sample mean and standard deviation vary significantly by type
(as shown next in Section 2.3), which can result in large one-sided winsorization if done
on the deal sample as a whole. To filter out any potentially misrecorded returns from the
estimation window, I replace one-day returns below -62.3% or above 149.6% with missing
values. These thresholds respectively correspond to the 0.001st and 99.999th percentiles of
listed target estimation window returns, which applies to 0.1% of the estimation period OTC
return observations. My results are not sensitive to the level of winsorization or to filtering

out extreme returns.

2.2 Constructing key variables

In this section, I describe how I construct my four outcome variables, as well as eight different
control variables to proxy for deal anticipation, target stock liquidity, and target information
disclosure.

Dependent variables. 1 measure deal offer premiums as in Betton, Eckbo, Thompson, and
Thorburn (2014), who compare the offer price to the target’s standalone value at the start of

the runup period 42 trading days (approximately two months) before the deal is announced.
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To I calculate acquirer announcement CAR, I use a Carhart four-factor model (Carhart,
1997) and estimate factor loadings using the estimation window (-252, -42), corresponding
to the 10 months before the start of the runup period. I cumulate abnormal returns over
a five-day window around the announcement date, corresponding to event trading days (-2,
+2).

Following Bradley, Desai, and Kim (1988) and Dessaint, Eckbo, and Golubov (2023), T
estimate expected deal synergy gains by calculating the estimated dollar value of synergies
(combined market-value-weighted acquirer-target CAR) and dividing this by the sum of the
acquirer and target’s standalone values. This measure can be interpreted as the percent
increase in value that the merging firms can achieve together by merging instead of remaining
separate.

Finally, I estimate which fraction of dollar synergy gains is allocated to target shareholders.
This measure proxies for target management bargaining: The higher the fraction of synergy
gains that are captured by target shareholders, the stronger their negotiation outcome. The
fraction of synergy gains is also calculated following Bradley, Desai, and Kim (1988).

Independent variables. 1 construct eight additional explanatory variables for use in my
analysis. The first two are acquirer and target runup, which serve as proxies for deal antic-
ipation. In deals with more market anticipation and higher expected value, target runups
are expected to be larger (Betton, Eckbo, Thompson, and Thorburn, 2014). The relationship
between acquirer runup and expectations is less clear, and more sensitive to the deal terms
negotiated by the acquirer. To calculate target and acquirer runup, I calculate factor loadings
in the same manner as for announcement CAR above and cumulate abnormal returns through
event trading days (-42, -3).

I also construct three proxies for target liquidity, which are measured during the ten-
month estimation window defined above to avoid any bias related to deal anticipation. The
first is the fraction of trading days with trading activity (positive trade volume), similar to
the primary OTC illiquidity measure used by Ang, Shtauber, and Tetlock (2013). As shown
next in Section 2.3, the number of days with trading varies considerably among OTC targets;

Half trade every other day or less frequently.
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The second is an Amihud liquidity measure based on Amihud (2002). This measure cap-
tures how sensitive a stock’s price is to trading — the price of an illiquid stock will move more
in response to small amounts of trading than a liquid stock. I construct my Amihud liquidity
measure for each target firm in three steps: (1) per day, divide the absolute value of the
return by the dollar trading volume, (2) take the daily average across the estimation period
and rescale by 1076 as in Amihud (2002) to get the Amihud illiquidity measure, (3) add 1
and take the natural logarithm to reduce skewness, and (4) multiply by -1 to convert this
illiquidity measure into a liquidity measure to align it with the other liquidity indicators used
here.

The third liquidity proxy I use is the average daily dollar trading volume, expressed as a
natural logarithm to reduce skewness. OTC stocks often have low free float and little trading
activity. As such, the overall dollar amount of trading is a useful tool for gauging how much
stock it is possible for investors to transact.

Next, I construct three proxies for how much information the target discloses to the public,
based on information from the 10-X Summaries File (Loughran and McDonald, 2016) and
measured in the two-year period before the announcement date. The measures are (1) a
dummy equal to one if the target filed a 10-K, (2) the log of the total number of filings (10-Ks
and 10-Qs), and (3) the log of the total word count in all filings. Since EDGAR’s coverage is
incomplete prior to 1996, I measure disclosure only for deals announced in 1998 and onward
to allow for two full years of data. The disclosure measures are assigned a missing value if the

deal is announced prior to 1998.

2.3 Descriptive statistics

This section summarizes the variables used in this analysis. Table 1 summarizes continuous

variables for listed and OTC targets. Private target deals are also included for comparison in

6Two other well-known liquidity measures are bid-ask spreads and turnover. I am unable to produce
the former due to data limitations. However, (Lesmond, 2005) shows that the Amihud measure is closely
correlated to bid-ask spreads, making it unnecessary to include both in this analysis. I exclude turnover,
defined as the number of shares traded divided by shares outstanding. Turnover can simultaneously proxy for
liquidity and difference in investor opinion and is thus considered less accurate (Lesmond, 2005), with many
studies ignoring turnover entirely (Goyenko, Holden, and Trzcinka, 2009).
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Panel A, but not in Panel B, which contains variables that are either unobservable or not rel-
evant for private target deals. Table 2, which is discussed further below, describes categorical
(dummy) variables. Finally, for illustrative purposes, Appendix Table 1 also presents the ten
largest OTC target deals alongside additional hand-collected information.

Starting with Table 1, Panel A summarizes deal value, relative deal size, target leverage,
and acquirer CAR for listed, OTC, and private target deals. It is noteworthy how closely OTC
target deals resemble private target deals in the cross-section, in particular when compared
to listed targets. Opening with deal value, both OTC and private target deals are close
in size with mean (median) values of $78m ($35m) and $88m ($29m) respectively.” Listed
target deals tend to be considerably larger, averaging $1.35 billion and with a median of $349
million. The ratio of deal value over acquirer market cap (limited to the subsample of deals
with listed US acquirers), is similar for OTC firms (mean/median 0.21/0.12) and private firms
(mean/median 0.20/0.08). Listed targets are generally closer in size to their respective buyers
(mean/median 0.41/0.22).

Both OTC and private targets tend to have higher leverage than listed targets. I collect
target debt ratios from SDC and bound them to be between 0 and 1 if nonmissing. The
mean (median) debt ratio is 0.72 (0.9) for OTC targets and 0.73 (0.8) for private targets. In
comparison, listed targets only have a mean (median) debt ratio of 0.56 (0.6). This differential
is consistent with higher equity issuance costs for unlisted firms, and also suggests that it may
be difficult for these firms to issue additional debt prior to being acquired because of their
high leverage.

Next, I summarize the four key dependent variables used in this analysis. The first is
acquirer deal announcement CAR, which is recorded for the subsample of deals with US listed
acquirers. Consistent with the prior literature following Chang (1998), investors react more
favorably to deals with private targets than listed targets, with respective CAR of 1.6% (0.5%)
versus -1.6% (-1.2%) on average (median). OTC target deals appear to fall in the middle,
with mean (median) acquirer CAR of 0.0% (-0.1%).

TOTC target deal value is slightly larger than the mean (median) market cap for the OTC population at
$64m ($21m), as calculated for 2001-2010 by Briiggemann, Kaul, Leuz, and Werner (2018) (and converted to
2020 USD here).
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Panel B of Table 2 further summarizes continuous variables for listed and OTC targets
but leaves out private targets, for which these variables are either unmeasurable or irrelevant.
I start by showing deal offer premiums, which are the main focus of my analysis. Consistent
with the prior literature (see e.g., Eckbo, Malenko, and Thorburn 2020), listed target share-
holders receive an average unconditional premium of 43% and a median premium of 37%. In
comparison, OTC target shareholders receive even higher unconditional premiums: 63% on
average and 46% at the median.

Combined bidder-target announcement CAR, the third key outcome variable presented
here, proxies for expected synergy gains. OTC target deals yield larger unconditional synergies
at 2.7% (2.2%) versus 1.9% (1.2%) for listed target deals on average (median). The fourth key
outcome variable documents what fraction of these synergy gains go to target shareholders.
In OTC target takeovers, target shareholders are able to negotiate for a larger fraction of the
value created in the deal, with a mean (median) share of 55% (41%) versus only 36% (27%)
for listed target shareholders.

Sections 3 and 4 are dedicated to examining these four key outcome variables in detail.
In particular, I check to see if the unconditional differences observed here still hold after
controlling for salient factors such as size and payment type. I also test several economic
channels that may account for these differences.

Table 2 Panel B continues with three measures of stock liquidity. All measures indicate
that OTC targets generally have much lower stock liquidity than listed targets. Listed targets
generally trade every day (mean/median 96/100%), while OTC targets tend to only have
trading activity every other day (mean/median 52/46% of trading days). Amihud liquidity
indicates that OTC target share prices are more sensitive to trading; More negative values
correspond to lower liquidity, while values closer to zero indicate higher liquidity. On average
(median), a listed target has $7,283,000 ($941,000) in daily trading while an OTC target only
has $34,000 ($8,000). Across these three liquidity measures, the least liquid listed target has
higher liquidity than roughly two-thirds of the OTC target sample.

To round out Table 1, I show that roughly one-third of the OTC deals feature a target that

was at some point listed (237 of 735 deals). Among those that previously traded on a stock

24



exchange, the mean (median) number of years between the target’s delisting date and the
takeover announcement date is 5.6 (4.2) years. While not shown here, CRSP delisting codes
indicate that 85% of these delistings are due to cause and 15% voluntary. In other words, most
OTC target firms that were previously listed were taken off the exchange for failing to uphold
listing requirements (e.g., the stock price became too low, target did not file timely reports
with the SEC, or firm failed to uphold governance standards or financial performance).

I also present unadjusted stock returns, expressed in monthly terms, for listed and OTC
targets during the estimation period. Listed targets experience 1.2.% (1.2%) monthly returns
on mean (median) in the 10 months prior to the runup period. Comparatively, OTC targets
experience higher returns, with a mean (median) monthly return of 4.7% (2.3%). This suggests
that OTC targets generally tend to be performing well prior to acquisition, which is noteworthy
since OTC stocks have been shown to provide negative returns to investors on average at -
0.04% per month (Ang, Shtauber, and Tetlock, 2013).

Table 2 proceeds by summarizing categorical (dummy) variables. Panel A tabulates deal
characteristics. Compared to listed target deals, OTC/private target deals, respectively, are
more likely to be completed (88/88% vs 79%) but less likely to be hostile (0.4/0.2% vs 5%),
be tender offers (5/0.4% vs 22%), or feature lockup provisions (2/1% vs 11%). These results
are consistent with unlisted firms having lower free float and more concentrated ownership;
Hostile and tender bids are difficult or even impossible to execute if too few shares are floated
for the bidder to acquire a controlling position, and announced deals are more likely to have
received approval from target owners and management prior to the deal being made public.

OTC target deals are somewhat more likely to be horizontal mergers than other deals (61%
vs 53/54% for listed /private targets). The distribution of payment type (all cash, mixed, or
all stock) is roughly similar between OTC and listed target deals. Private deals are more
likely to feature a mix of stock and cash or some other type of payment, although this could
potentially be due to less precise payment method data.

Panel B of Table 2 shows acquirer characteristics. Acquirers of OTC firms are slightly
more likely to be strategic buyers (88%) than in listed target deals (83%) and slightly less

than in private target deals (93%). OTC target deals feature a larger fraction of deals with
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buyers that are financial firms (62%) versus listed /private target deals (40/28%). In terms of
buyer public status (listed, OTC, private, subsidiary, or other) and nation (US or foreign),
the distribution varies but is overall fairly similar across target types.

Table 2 Panel C summarizes target characteristics. Interestingly, I observe that in 53%
(375 of 735) of the OTC target deals, the target files at least one 10-K filing in the two years
preceding the deal announcement. In comparison, 96% of listed targets file, while only 5%
of private targets do. While not tabulated, the correlation between previous listing status
and 10-K filing among OTC target deals is fairly weak — only around 25%. In other words,
roughly half OTC targets do not file any 10-K filings before they are acquired, and this decision
appears mostly unrelated to prior listing status. I also show that a larger proportion of OTC
deals feature targets that are financial firms (51%) than in deals with other target types, at
21% for both listed and private targets (see also Footnote 4).

Finally, for illustrative purposes, Appendix Table 1 presents detailed information on the
ten largest OTC target deals in my sample. All ten deals have transaction values above $1
billion and are spread across several industries and years, with the earliest deal in 1992 and
most recent in 2018. Half of the targets were previously listed while the other half had never
traded on a stock exchange. I manually identify the largest target owners from web searches
and newspaper clippings where possible. For deals where I can identify the largest owners, I
observe that they tend to own a large fraction of the target shares prior to the acquisition; For
example, in the largest deal (Belk Inc at $2.9 billion), 70% of the shares were family-owned
before the sale, while five other deals had private equity, hedge fund, and former senior lender

ownership ranging from 40% to 90% of shares.

2.4 Empirical methodology

In the remainder of the paper, I use multivariate regression analysis to investigate the rela-
tionship between target listing status and four different dependent variables: offer premium,
acquirer CAR, deal synergies, and division of synergies. I run a set of cross-sectional deal-level

regressions for listed and OTC targets using the following base specification:
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Yo=a+B0TCy+ ANXi +0Zq+ pe + v + €44 (1)

where Yy is one of the four dependent variables listed above. OT'Cy is a dummy taking a value
of one if the deal target trades OTC and zero otherwise. The following four terms are vectors:
X+ for acquirer characteristics, Z; for deal characteristics, u; for year fixed effects (FE), and
v; for industry FE. €4, is the error term. Standard errors are clustered by industry, which is
measured at the target SIC-2 level.

The acquirer characteristics include a listed acquirer dummy, OTC acquirer dummy, and
strategic bidder dummy. For regressions in which the outcome variables is related to acquirer
CAR or synergies, the listed and OTC dummies are automatically dropped since the sample
is limited to deals with listed acquirers.

Deal characteristics consist of dummies for deal completion, all-stock payment, hybrid
stock-cash payment, hostility, tender offer, and lockup provisions. I also include a size control
that corresponds to the outcome variable: For offer premiums, I use log deal value, while for
other outcome variables I use the ratio of deal size over acquirer standalone value (market
capitalization at the start of the runup period) to capture relative deal size alongside dummy
if the deal value is above median. Since relative deal size is a ratio with deal value in the
numerator, I am unable to use it alongside the deal value control at the same time. Relative
deal size is widely recognized as being important for acquirer CARs, since deals involving
smaller targets will have a lesser impact on acquirer stock price ceteris paribus. As CAR and
synergy regressions only involve listed-acquirer deals, I can consistently measure relative deal
size using acquirer market capitalization. However, for offer premium regressions, I include all
acquirer types, which necessitates the use of a size control variable that can be consistently
recorded regardless of acquirer type. Additionally, the relationship between offer premiums
and relative size is ex-ante more ambiguous than for acquirer CAR. For this reason, I control

for deal size instead of relative deal size when the dependent variable is offer premium.®

8To validate this decision, in Table 4, I show that replacing deal size with relative deal size (scaled by
acquirer market value) has a negligible impact on the other coefficient estimates. While not tabulated, doing
the same using a relative size measure scaled by total assets (which is available for a small subset of the
unlisted acquirers as well as listed acquirers) yields the same result.
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3 Main results

3.1 Estimating OTC target premiums

Do buyers pay less when buying OTC targets than listed targets? In Table 3, I run a set
of cross-sectional regressions based on the model specified in Equation 1. The primary inde-
pendent variable of interest is a dummy indicating that the target is an unlisted OTC firm.
I vary the fixed effects by column to check whether the OTC-target coefficient estimate is
sensitive to unobserved time-, industry-, and even acquirer-invariant characteristics. Column
(1) excludes FE, while the remaining columns include (2) year FE, (3) year and industry FE,
(4) year-times-industry FE, (5) year, industry, and acquirer FE, and (6) year-times-industry
and acquirer FE.

In all six specifications, the coefficient estimate for the OTC target dummy is highly
statistically significant at the 1% level as well as economically significant, with estimated
OTC premiums ranging between 20pp and 29pp. Results for my main specification, which uses
year and industry FE as in Equation 1, are shown in Column (3). This model estimates that
OTC target shareholders receive 26.1pp higher offer premiums than listed target shareholders.
For comparison purposes, listed target shareholders receive an unconditional 43% premium
on average. As discussed in the introduction, this result is both novel and surprising since it
contradicts expectations set by the prior literature, which predicts that buyers pay less (Officer,
2007) or the same (Jaffe, Jindra, Pedersen, and Voetmann, 2019) when buying unlisted targets
as listed ones.

In Column (4), I replace year and industry FE with a year-times-industry FE, which
captures the relationship between offer premiums and industry-specific merger waves (Mitchell
& Mulherin 1996; Harford 2005). The OTC target deal coefficient remains unchanged at
25.9pp, suggesting that the OTC-specific premium is unrelated to merger wave activity. In
Columns (4)-(6), the number of sampled OTC target deals shrinks due to more granular fixed
effects, down to only 271 OTC target deals in Column (6) from the starting sample of 735
as in Column (3) (and reducing the overall deal count from 8,658 to 4,429). Despite the

loss in sample size and more stringent controls, the coefficient of interest remains remarkably
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stable with an estimated value of 25.8pp in Column (6). In other words, even after accounting
for acquirer fixed effects and unobserved year-industry characteristics, the OTC-specific offer
premium remains large and significant.

Among the other control variables in my regressions, I estimate that premiums are higher
when the acquirer is a strategic buyer and when the bidder is more aggressive (the deal is
hostile or a tender offer). Deal completion is also positively related to offer premiums, which
can intuitively be explained since target shareholders are more likely to accept a bid with
more generous terms. Stock payment is associated with lower premiums, particularly for
all-stock bids. In Columns (5)-(6), many of these coefficient estimates become insignificant
since they may be consistent over time for many acquirers or due to model overspecification.
Interestingly, the premium does not appear related to the acquirer’s listing status (whether
listed or OTC versus the base case of a private bidder).

Next, I consider whether my main results are significantly impacted by omitted variable
bias. The challenge with unlisted target deals, including OTC deals, is that data on firm
characteristics are missing or unobservable for many targets (e.g., those without 10-K filings).
Additionally, half of OTC target deals involve bidders that are not US listed. To isolate
the potential impact of excluded variables from changes in sample size, I run regressions in
pairs where the variable I evaluate is non-missing in both, but only included in the second
specification. I evaluate four control variables that are not included in my main specification
and pay particular attention to whether the OTC target coefficient changes when the control
variable is included.

Table 4 presents my findings. In Columns (1)-(2), I test for a deal termination agreement
dummy (Officer, 2003); in (3)-(4), a deal relative size variable scaled by acquirer market value;
in (5)-(6), the target debt ratio; and in (7)-(8), the target sales growth in the five years prior
to the announcement. In each case, the OTC target coefficient estimate in even-numbered
columns including the control variable is largely unchanged from the odd-numbered columns
without it. This holds even when the added control variable is significant as in Columns (2),
(4), and (6). Thus, it appears unlikely that the relationship between target OTC status and

high premiums is significantly biased because of some correlation between OTC target deals
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and unobserved acquirer, deal, or target characteristics. Moreover, it is worth noting again
that despite the large variation in the sample size between specifications — from a maximum
of 573 OTC target deals (8,491 deals in total) in Columns (1)-(2) to a minimum of only 164
deals (4,936 deals total) in Columns (7)-(8), or only a fifth of the original sample of OTC 735
deals, the OTC target dummy remains consistently significant at the 1% level and relatively

stable, ranging from 18.1pp to 23.9pp.

3.2 Are high OTC premiums due to synergies or bidder overpay-

ment?

The surprising result that OTC target shareholders receive higher premiums than listed target
shareholder begs the question: Are premiums higher because synergy gains are larger or be-
cause the buyer overpays? To test, I use acquirer announcement CAR and expected combined
synergies. If high OTC premiums are due to bidder overpayment, we expect acquirer CAR to
be lower for OTC target deals than listed target deals. If, on the other hand, the high offer
premiums are due to unlisted-target-specific synergies, we expect to see one of two outcomes:
Either (1) synergies are higher but acquirers have similar CAR when acquiring OTC targets
as when acquiring listed targets or (2) synergies are higher and acquirers simultaneously see
more positive CAR. In the former, there are additional synergy gains but target shareholders
capture their entire value when negotiating deal terms. In the latter, these synergy gains are
instead shared — a “win-win” scenario for both the bidder and target.

In Table 5, I put these hypotheses to the test using the regression model specified in
Equation 1 with three different outcome variables: acquirer announcement CAR in Columns
(1)-(2), expected synergies in Columns (3)-(4), and the fraction of synergy gains allocated to
target shareholders in Columns (5)-(6). The results are inconsistent with bidder overpayment
and instead indicate that OTC offer premiums are higher due to OTC-specific synergy gains
that are shared by the buyer and target. First, Column (1) shows that acquirer CAR is higher
when the deal involves an OTC target instead of a listed target, with the differential estimated

to be 1.1pp and statistically significant at the 1% level. Moreover, Column (3) also shows that
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combined synergies are higher by 1.5pp (also significant at the 1% level). Finally, Column
(5) estimates that OTC target shareholders capture around one-fifth more of synergy gains
than listed target shareholders (21pp). In other words, Table 5 shows that both acquirers
and targets are better off in OTC target deals, despite the buyer paying higher premiums and
target shareholders successfully bargaining for a larger fraction of the synergy gains.

In the even-numbered Columns (2), (4), and (6) of Table 5, I add a pair of additional
control variables to the model: acquirer runup and target runup. Since announcement CAR
is measured using the five-day event window (-2, +2), it is possible that my results could
be influenced by differences in deal anticipation between OTC and listed target deals. If the
market is better at predicting listed target deals than OTC target deals (for example, due
to more public information, analyst attention, or rumors and leaks), a larger fraction of the
expected synergy gains may already be factored into the acquirer and target stock price by
the time the deal is announced. If the differences between OTC and target deals above are
due to differences in deal anticipation, we expect that controlling for runups should have a
significant impact on the coefficient estimate of the OTC target deal dummy.

My results indicate that concerns about deal anticipation and measurement error are
unfounded. For all three dependent variables, the OTC target coefficient remains identical
(acquirer CAR and combined synergies) or barely changes (target fraction of synergies). This
holds even when the runup variable itself is significant; Higher target runup is associated with
lower measured synergies and a lower fraction of the synergies going to the target — which
is consistent with more of the target’s gains being anticipated by the market and thus not
measured within the (-2, 42) window. Overall, Table 5 shows that despite paying higher offer
premiums in OTC target deals, bidders do not overpay but instead pay more because of higher
expected synergy gains. In Section 4, I proceed by investigating several economic channels

that could be the source of these synergies.
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4 Evaluating economic channels

In this section, I consider four channels that could plausibly explain the differences shown
above between OTC and listed target deals in terms of offer premiums, acquirer CAR, com-
bined synergy gains, and division of synergies. I start with three channels for each of the main
characteristics distinguishing listed from unlisted firms: stock liquidity, public information
disclosure, and ownership concentration. The fourth channel I consider is target underperfor-

mance.

4.1 Stock liquidity

A key difference between listed and unlisted firms is stock liquidity. While listed firms tend
to have a large fraction of their shares freely floated on highly liquid stock exchanges, unlisted
firms may have a relatively small fraction of shares floated on less liquid marketplaces (OTC
firms) or essentially be completely illiquid (private firms). Stock illiquidity has been shown to
increase equity issuance costs (Amihud and Mendelson, 1986; Butler, Grullon, and Weston,
2005; Hanselaar, Stulz, and Van Dijk, 2019) and cost of capital (Amihud and Levi, 2023; Bolton
and Von Thadden, 1998; Brav, 2009; Eckbo and Norli, 2005), both of which can inhibit firms
from making value-increasing investments. Thus, one explanation for why synergy gains are
higher in OTC target deals than listed target deals could be that the former allows the target
to take on profitable projects that would otherwise be restricted by financing constraints.
Indeed, prior research has also shown that mergers can ease financial frictions for target firms
with low cash reserves (Almeida, Campello, and Hackbarth, 2011; Erel, Jang, and Weisbach,
2015), although to the best of my knowledge a similar effect has not yet been documented for
targets with low stock liquidity.

If synergy gains and correspondingly, higher offer premiums, are related to stock liquidity,
we should expect to see larger synergy gains and premiums for less liquid OTC targets. One
advantage of my setting is the considerable variation among OTC targets in stock liquidity
prior to being acquired. For example, on average, the bottom quartile of OTC targets in terms

of stock liquidity has trading activity on 16% of days and daily trading volume of $1,200, while
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the top quartile trades 93% of days with $115,100 in daily trading. Two-thirds of the OTC
targets are less liquid than the least liquid listed target. As such, OTC targets present an
ideal test case to isolate variation in stock liquidity and link this to deal outcomes.

I first examine the relationship between offer premiums and stock liquidity, starting with
within-OTC variation in liquidity. In Table 6 Columns (1)-(3), I run the offer premium
regression defined in Equation 1 but split the OTC target dummy into four separate dummies
corresponding to OTC stock liquidity quartiles. In Column (1), the liquidity measure used is
the fraction of days with trading, while (2) and (3) use Amihud liquidity and dollar volume
respectively. Regardless of which liquidity measure is used, the results show a monotonic
and negative relationship between OTC target liquidity and premiums. The first-quartile
OTC target deals with the lowest liquidity have the highest premiums — between 41.7pp
and 55.6pp more relative listed target deals for the first quartile, depending on the liquidity
measure. In contrast, the fourth-quartile highest-liquidity OTC target deals have premiums
that are closer to listed target premiums (Column 1 estimates 15.5pp larger premiums) or
even statistically indifferent from them (as in Columns 2-3). For all three liquidity measures,
Wald F-tests confirm that the coefficient estimates for first and fourth quartile OTC target
deals are statistically different from each other.

In Table 6 Columns (4)-(6), I consider the relationship between offer premiums and liquid-
ity more broadly using the same three liquidity proxies as in (1)-(3). Do the high OTC-specific
premiums observed in Tables 3 and 4 persist after controlling for variation in liquidity between
and within OTC and listed target deals? I run cross-sectional offer premium regressions as
per Equation 1 and add an additional control variable for target liquidity in all deals (OTC
and listed). The results show that liquidity is negatively associated with offer premiums at
the 1% significance level. Moreover, accounting for liquidity reduces the magnitude of the
OTC target dummy coefficient from 26.1pp to between 6.6pp and 12.7pp, or a reduction of
around 50-75%. This suggests that some — but not all — of the high OTC premiums may be
related to differences in liquidity between OTC and listed targets, which we saw was the case
within OTC target deals in Columns (1)-(3).

Next, Table 7 considers the relationship between target stock liquidity and acquirer CAR
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in Columns (1)-(3), expected synergy gains in Columns (4)-(6), and the division of synergies
in Columns (7)-(9). The liquidity measures are the same as in Table 6. Since acquirer CAR
is required to be known, the sample is limited to the subset of deals with listed US acquirers.

Table 7 shows that acquirer CAR and synergies are strongly associated with target stock
liquidity. In fact, controlling for liquidity causes the OTC target dummy coefficient to become
insignificant in all specifications, Columns (1)-(6). In other words, the results show that the
OTC-specific synergy gains — including those captured by the acquirer — are related to target
stock illiquidity. These findings are consistent with the hypothesis that M&A activity can
increase the value of an unlisted target by lowering its barriers to issuing equity as well as its
hurdle rate for new projects.

While not tabulated here, additional evidence supports this conjecture. OTC targets tend
to have higher leverage than listed targets, and this relationship is correlated with stock
liquidity. Specifically, the bottom quartile of OTC targets by liquidity has an average debt
ratio of 0.76, while the top quartile (most liquid) OTC targets have a mean of 0.68. By
comparison, the bottom liquidity quartile of listed targets has a mean debt ratio of 0.62, while
the top quartile measures 0.53. In other words, illiquid targets appear to be more reliant on
debt financing than liquid targets, which is consistent with equity issuance costs as well as
limits to taking on more debt. This appears to be most pronounced for OTC targets.

Interestingly, Columns (7)-(9) of Table 7 shows that target stock liquidity is unrelated
to the division of synergy gains, with the OTC target dummy coefficient remaining large
and statistically significant. While the high acquirer CAR and synergy gains in OTC target
deals appear consistent with reductions in financial frictions due to stock illiquidity, some
other explanation is needed for why target management is able to secure a larger fraction
of synergies for shareholders in OTC target deal negotiations than listed target deals. This
result is also consistent with the findings from Table 6 Columns (4)-(6), which showed that
variation in stock liquidity was unable to account for all of the high OTC target premiums,
leaving some 25-50% of the high OTC premiums unexplained. In Section 4.3, I argue that
the division of synergies and the unexplained premium component could be consistent with

concentrated ownership.
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4.2 Information disclosure

Another important difference between listed and unlisted firms is how much information they
disclose to the public. Listed firms are required by the SEC to regularly disclose information
including financial statements in 10-K and 10-Q filings. In contrast, very few unlisted firms
are required to do so. Indeed, as shown in Section 2.3, the target files a 10-K filing in the two
years prior to the takeover announcement in 96% of listed target deals, while the same applies
to only 5% of private target deals. OTC target deals fall somewhere in the middle, with 53%
of targets filing a 10-K form prior to being acquired.

As with target stock liquidity, there is reason to believe that low disclosure may be a
source of high OTC-specific offer premiums and synergy gains. Disclosure has been shown
to improve cost of capital (Bailey, Karolyi, and Salva, 2006; Easley and O’Hara, 2004; Leuz
and Verrecchia, 2000), so takeovers may create value by reducing financial frictions faced by
non-disclosing OTC targets (much as in the case of stock illiquidity). Moreover, disclosure
may signal potential sources of synergy gains even if disclosure-related cost of capital is not
itself a value creation channel. Specifically, non-disclosure may contain information about
the target’s characteristics. For example, managers could be trying to conceal innovation or
strategic activity from competitors (Leuz and Wysocki, 2016) or hide poor performance from
the public (Leuz, Triantis, and Wang, 2008). Either case allows for synergy gains by bringing
previously undisclosed innovations to market (Gao, Ritter, and Zhu, 2013) or professionalizing
target management.

In Table 8, I replicate the regressions from Table 6 Columns (4)-(6) and Table 7, but control
for target disclosure instead of stock liquidity. I use three different disclosure proxies measured
in the two years prior to the takeover announcement: a dummy if the target files a 10-K, the
log total number of filings (10-K and 10-Q), and the log total word count in those filings.
Regardless of which dependent variable or disclosure proxy is used, the coefficient estimate for
the disclosure variable remains insignificant and the OTC target dummy coefficient remains
significant. In other words, I find no evidence that the OTC-specific premiums or synergy

gains are related to differences in disclosure.
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4.3 Concentrated ownership

The evidence from Sections 4.1 and 4.2 is consistent with OTC-target deal value creation
related to stock illiquidity rather than information non-disclosure. While the former seems
to account for all of the high acquirer CAR and synergy gains in OTC target deals, it does
not account for 25-50% of the OTC target premiums or any of the division of synergy gains
during the negotiation process. What explains the remaining OTC-specific premiums?

To address this question, I turn to the third major characteristic separating listed from
unlisted firms: concentrated ownership. Prior literature and anecdotal evidence indicate that
OTC stocks are more closely held than listed firms (Marosi and Massoud, 2007) and have little
institutional ownership (Ang, Shtauber, and Tetlock, 2013). Although it is challenging to test
the implications of ownership directly due to data limitations, prior theory and empirical
evidence provide clear guidance about what to expect. One can reasonably assume that
closely-held target firms will be better-run than firms with dispersed ownership owing to more
management monitoring, long-run growth orientation, and risk-taking (Aghion, Van Reenen,
and Zingales, 2013; Edmans, 2009). Thus, there are unlikely to be OTC-specific synergy gains
from ownership-related underperformance.

Chang (1998) suggests an alternative source of value creation in unlisted-target deals. He
hypothesizes that listed acquirers may benefit from improved governance by integrating a
private target blockholder into their ownership structure. This only applies when the method
of payment is stock. In Table 9, I put this hypothesis to the test by adding an interaction
variable for OTC target times all stock payment to the regression specification in Equation
1. T find that the added interaction variable yields insignificant coefficient estimates in all
Columns (1)-(4), corresponding to the four different outcome variables used above. Overall,
there is no indication that there are OTC-specific synergies due to blockholder governance
benefits for listed acquirers.

While concentrated ownership of OTC targets is thus unlikely to yield higher synergies,
it is expected to give targets more bargaining power when dividing up synergy gains (Ang

and Kohers, 2001; Ghosh and Ruland, 1998). Concentrated owners are less willing to give up
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control (Amihud, Lev, and Travlos, 1990; Stulz, 1988), may be more bullish about the firm’s
future prospects, and may receive private benefits from ownership in the form of sentimental
value for a founder or family. My evidence is consistent with the interpretation that concen-
trated ownership strengthens OTC target bargaining but is not a source of synergy gains. As
documented in Sections 4.1 and 4.2, I find that accounting for stock liquidity is sufficient to
explain all of the OTC-specific acquirer gains and synergies, part of the target offer premi-
ums, and none of the distribution of synergies. In other words, while synergies are associated
with stock illiquidity, how those synergies are shared between the acquirer and target is not —
in line with expectations about concentrated ownership based on prior theory and empirical

evidence.

4.4 Poor performance

Finally, I consider whether underperformance could be a source of OTC-specific synergy gains.
If OTC targets are poorly run compared to listed targets prior to the acquisition, there may
be synergy gains by professionalizing target management. However, I find this interpretation
unlikely. For one, the evidence presented thus far is inconsistent with subpar management for
OTC targets. In Section 4.2, no relationship is observed between non-disclosure (potentially
to conceal poor performance) and premiums or synergies. Section 4.3 also does not pro-
vide any reason to expect that concentrated ownership is likely to be correlated with poorer
management.

Moreover, additional empirical evidence contradicts the interpretation that OTC targets
are mismanaged. First, I observe that OTC targets have higher average (median) monthly
returns in the ten months prior to measuring standalone value (i.e., the start of the runup
period) than listed targets: 4.7% (2.3%) versus 1.2% (1.1%). Second, OTC targets that were
previously listed (so-called “fallen angels”), which account for one-third of my sample and
were in almost all cases involuntarily delisted due to poor performance — and could thus be
expected to be worse-run than targets that were never listed — have lower average (median)

synergies than never-listed targets at 1.7% (0.1%) versus 3.1% (2.7%), respectively. While
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not tested directly here, I do not find it likely that OTC-specific premiums and synergies are

related to poor target performance.

5 Potential concerns

5.1 Mispricing

Since OTC equities are new to the M&A literature, it is important to consider if there are
any data issues that could bias my results. In particular, I consider whether my results could
be driven by OTC target mispricing. Unlike listed markets, most trading of OTC equities
is conducted by (potentially uninformed) retail investors (White 2016). If OTC targets are
undervalued when standalone value is estimated, offer premiums will appear larger than they
should.

I argue that, to the extent that there is any mispricing in my sample, it works against — not
in favor of — my results. Due to brokerage restrictions, search costs, and limited supply, short-
selling of OTC equities is difficult, expensive, and rare (Ang, Shtauber, and Tetlock, 2013;
Eraker and Ready, 2015). It is known since at least Miller (1977) that in scenarios where
investors hold heterogeneous beliefs (as with OTC retail traders) and there are constraints to
short selling, prices will be inflated. Indeed, Ang, Shtauber, and Tetlock (2013) find that the
OTC market return is negative (-0.8% per month), “implying widespread overpricing of OTC
stocks” (p. 2987). Moreover, as noted above in Section 4.3, OTC targets have relatively high
monthly pre-runup returns, making it unlikely that they would be underpriced at the time
that their standalone value is measured.

Similarly, it is worth considering whether low information disclosure could bias prices
downward and thus inflate offer premiums. In particular, one might be concerned that in-
vestors would be more cautious when investing in firms with limited available information,
resulting in prices that are too low. Again, I find it unlikely that this would be the case. First,
we know from Section 4.2 that there is no discernable relationship between disclosure and offer

premiums. Second, because less information exacerbates investor disagreement, we expect to
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see similar upward price pressure due to market restrictions on short selling restrictions as
in Miller (1977) or Jarrow (1980). Ang, Shtauber, and Tetlock (2013) find theoretical and
empirical support that this is the case in OTC markets when information is disclosed.
Finally, a similar intuition holds for any sort of market price manipulation. Since short
selling is expensive, manipulators are only incentivized to inflate prices, such as in “pump-and-
dump” schemes. Moreover, since my sample consists of bona fide merger deals with (friendly)
acquirers launching takeover bids only after accessing the target’s data room, it is unlikely
that they would be biased by market manipulation schemes (or still be willing to extend an
offer should they observe such a scheme). All in all, there is little to suggest that this paper’s

results are biased by mispricing.

6 Conclusion

In this paper, I introduce a new type of target firm to the M&A literature: unlisted over-
the-counter (OTC) firms. Bringing in this new target type allows me to provide the first
direct evidence on how much bidders pay when acquiring unlisted targets versus listed tar-
gets. Moreover, it allows me to provide new evidence on a twenty-five year old puzzle, first
introduced by Chang (1998): Why are acquirer announcement cumulative abnormal returns
(CAR) higher in deals with unlisted targets than listed targets?

I find that deal offer premiums are significantly higher for OTC target shareholders than
listed target shareholders. This finding is surprising because it contradicts the expectations set
by prior papers (Jaffe, Jindra, Pedersen, and Voetmann, 2019; Officer, 2007), which indirectly
estimate whether buyers pay less for unlisted targets using deal valuation multiples. I also
provide clear evidence showing that the high OTC target premiums are motivated by higher
deal synergies rather than overpaying: Acquirer CAR are higher when announcing OTC
target deals than listed target deals, despite paying more in the former than the latter. This
is also consistent with the prior evidence documenting higher acquirer CAR in unlisted target
(specifically, private and subsidiary) deals (Chang 1998; many others). Moreover, combined

expected synergy gains are also larger in OTC target deals and OTC target shareholders
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capture a larger fraction of the value from these synergies during deal negotiations.

Finally, I evaluate several potential economic channels that could explain high OTC target
premiums and synergies. My evidence suggests that OTC-specific target synergies are strongly
related to differences in stock liquidity, with less liquid targets benefiting more from the market
for corporate control than more liquid targets. This is also reflected in higher offer premiums
for OTC targets that are closer to private firms (low stock liquidity) than listed firms (high
stock liquidity). While stock liquidity can explain most of the high OTC premium, it cannot
explain all of it. I propose that the remainder of the premium is consistent with stronger target
bargaining due to more concentrated ownership. In contrast, I do not find any evidence that

target information disclosure or mismanagement are related to premiums or synergies.
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Table 1: Summary statistics for continuous variables

This table present summary statistics for the continuous variables used in this paper. In Panel A,
variables are presented for listed, OTC, and private target deals. Panel B omits private targets since
it contains variables that cannot be calculated for, or are not relevant to, private targets. Variables
are winsorized at the 5% tails by target type (OTC, listed, or private). Observations are at the deal
level.

Variable Target N Mean Median Std dev  Min Max

Panel A: Listed, OTC, and private target deals

Deal value (2020 USDm) Listed 7,925 1,349 349 2,278 24 8,848
oTC 735 78 35 110 4 447
Private 13,191 88 29 137 2 528
Deal relative size (over acq market cap) Listed 4344  0.41 0.22 0.46 0.01 1.65

OTC 345 0.21 0.12 0.25 0.00 0.93
Private 7,006  0.20 0.08 0.31 0.01 1.21

Target debt ratio (debt/assets) Listed 7,683  0.56 0.60 0.26 0.1 0.9
OTC 387 0.72 0.90 0.27 0.2 1
Private 2,189  0.73 0.80 0.27 0.2 1

Acquirer announcement CAR (-2, +2) Listed 4,374 -1.6% -1.2% 6.7%  -15.9% 11.5%

OTC 345 0.0% -0.1% 54%  -10.7% 13.2%
Private 7,116 1.6% 0.5% 7.8%  -12.6% 20.3%

Panel B: Listed and OTC target deals

Deal offer premiums Listed 7,925  43% 37% 34% -11% 124%
OTC 735 63% 46% 69% -33% 261%

Combined announcement CAR (-2, +2) Listed 4,215 1.9% 1.2% 6.6% -10.7% 16.3%
oTC 329 2.7% 2.2% 5.8% -7.9%  16.5%

Target fraction of synergies Listed 4,215  36% 27% 125%  -251%  339%
OTC 329 55% 41% 121% -163%  391%

Target liq: Fraction of days w/ trading Listed 7,925  96% 100% 8% 70% 100%
oTC 735 52% 46% 30% 8% 100%

Target liq: (-)log Amihud illiquidity Listed 7,925 -0.49 -0.08 0.76 -2.60 0.00
OTC 732 -3.01 -2.77 1.80 -6.82  -041

Target lig: Daily trade volume (2020 USDk) Listed 7,925 7,283 941 14,021 24 54,032

OTC 735 34 8 64 0.4 262
Target years bef deal ann since last listed Listed 7,925 0 0 0 0 0
OoTC 237 5.6 4.2 4.1 0.9 14.4

Target est window (t-252, t-43) monthly ret Listed 7,847 1.2%  1.2% 3.5%  -6.0% 8.2%
oTC 726 4.7% 2.3% 7.6% -5.0%  25.9%
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Table 3: Deal offer premiums by target listing status

This table presents cross-sectional regression results using the specification outlined in Equation 1,
with variation in the choice of fixed effects as indicated at the bottom of the table. The dependent
variable is deal offer premium and the sample consists of OTC and listed target M&A deals, 1985-
2020. The sample size shrinks with later columns as more granular fixed effects force singletons
to drop out of the regression. A constant is included but not displayed. All continuous variables
are winsorized at the 5% tails by target type (OTC or listed). T-statistics are in parentheses and
standard errors are clustered at the industry level. *, ** and *** indicate statistical significance at
10%, 5%, and 1%, respectively.

Dependent variable: Premium
(1) (2) (3) (4) (5) (6)
OTC target 0.200%%*  (0.245%**  0.261***  0.259***  (.286***  (.258%**
(5.15) (7.11) (7.45) (6.88) (3.86) (4.20)
Acquirer listed 0.009 0.020 0.015 0.016 0.050 0.101*
(0.73) (1.42) (1.05) (1.05) (0.86) (1.72)
Acquirer OTC -0.013 0.006 0.008 -0.029 0.001 -0.011
(0.23) (0.11) (0.14) (0.60) (0.03) (0.18)
Acquirer strategic 0.058%**  (0.043***  0.048***  0.050*** 0.016 0.019
(4.48) (3.17) (3.66) (4.03) (0.47) (0.53)
Deal complete 0.021 0.034** 0.038%** 0.039** 0.046 0.042
(1.25) (2.21) (2.54) (2.42) (1.60) (1.13)
Deal payment all-stock -0.032%*%  -0.064***  -0.058*** -0.050*** -0.044***  -0.023
(2.36) (5.98) (5.40) (3.92) (2.75) (1.02)
Deal payment mixed -0.016  -0.038***  -0.028** -0.025 -0.024 -0.004
(1.51) (2.92) (2.24) (1.63) (1.17) (0.15)
Deal hostile 0.093*%**  (0.083***  0.090***  0.080***  (.087** 0.061
(4.38) (3.95) (4.24) (3.88) (2.37) (1.16)
Deal horizontal 0.003 0.010 0.019* 0.019 0.029 0.049%**
(0.18) (0.72) (1.68) (1.47) (1.58) (3.17)
Deal tender offer 0.101%%*  0.076***  0.059***  0.068*** 0.037* 0.028
(5.03) (3.53) (3.09) (3.12) (1.97) (1.20)
Deal lockup agreement 0.041%** 0.011 0.020 0.008 0.023 0.022
(3.22) (0.78) (1.39) (0.46) (1.02) (0.80)
Deal log-value -0.008* 0.001 -0.000 0.001 -0.009 -0.011
(1.93) (0.17) (0.03) (0.18) (0.99) (0.95)
Observations 8,658 8,658 8,655 8,174 4,429 3,767
...of which OTC target deals 735 735 735 688 297 271
Adjusted R-squared 0.040 0.076 0.085 0.104 0.171 0.190
Year FE Y Y Y
Industry FE Y Y
Year-industry FE Y Y
Acquirer FE Y Y
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Table 5: Acquirer CAR, synergy gains, and division of synergies by target listing
status

This table presents cross-sectional regression results using the specification in Equation 1. The
dependent variable varies by column: acquirer CAR in (1)-(2), combined CAR indicating expected
synergy gains in (3)-(4), and the fraction of the combined CAR going to target shareholders. The
sample consists of OTC and listed target M&A deals, 1985-2020. To measure acquirer CAR, bidders
are restricted to US listed firms. Both the bidder and target must have at least 40 return observations
during the estimation window. A constant is included but not displayed. All continuous variables
are winsorized at the 5% tails by target type (OTC or listed). T-statistics are in parentheses and
standard errors are clustered at the industry level. *, ** and *** indicate statistical significance at
10%, 5%, and 1%, respectively.

Acquirer CAR Combined CAR Target % of synergies

(1) (2) (3) (4) (5) (6)

Dependent variable:

OTC target 0.011FFF  0.011%** 0.015%*%%  0.015%** 0.210%*%%  (0.203***
(3.24) (3.29) (4.31) (4.06) (5.09) (5.17)
Target runup 0.008* -0.021 %% -0.264%**
(1.70) (5.13) (3.40)
Acquirer runup -0.007 -0.003 -0.056
(0.88) (0.35) (0.73)
Acquirer strategic -0.003 -0.002 -0.001 -0.001 0.006 0.001
(0.57) (0.54) (0.19) (0.30) (0.07) (0.01)
Deal complete 0.002 0.002 0.006* 0.006** 0.062 0.065
(0.58) (0.56) (1.95) (2.05) (1.25) (1.32)
Deal payment all-stock -0.019%**  -0.019%** -0.017*%%  _0.017H** -0.142%*%  _0.143%***
(5.02) (5.05) (8.43) (8.24) (2.94) (2.93)
Deal payment mixed -0.013***  _0.014%** -0.010***  -0.009*** 0.028 0.029
(4.38) (4.34) (3.39) (3.43) (0.53) (0.56)
Deal hostile 0.002 0.002 0.026***  0.026%** 0.131 0.123
(0.35) (0.35) (4.09) (4.09) (1.11) (1.04)
Deal horizontal 0.002 0.002 0.006***  0.006%** 0.051 0.052
(0.55) (0.55) (2.71) (2.73) (1.40) (1.41)
Deal tender offer 0.013%FF  0.012%** 0.019%FF  0.019%** 0.106** 0.112%*
(4.97) (4.89) (8.40) (8.37) (2.00) (2.05)
Deal lockup agreement -0.010***  -0.010%** -0.007**  -0.007** 0.013 0.008
(3.50) (3.46) (2.53) (2.65) (0.20) (0.12)
Deal relative size -0.007**  -0.007** 0.039%**  (0.039%** 0.495%**%  (0.496%**
(2.45) (2.28) (13.65)  (12.83) (12.68)  (12.86)
Observations 4,538 4,538 4,538 4,538 4,538 4,538
...of which OTC target deals 328 328 328 328 328 328
Adjusted R-squared 0.056 0.056 0.123 0.127 0.048 0.050
Year FE Y Y Y Y Y Y
Industry FE Y Y Y Y Y Y
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Table 6: Deal offer premiums by target stock liquidity

This table presents cross-sectional regression results based on specification in Equation 1. The
dependent variable is deal offer premium. In Columns (1)-(3), the OTC target dummy is split into
four parts, each corresponding to an OTC target stock liquidity quartile. In Columns (4)-(6), the
OTC target dummy is kept as is but a continuous stock liquidity control variable is added instead
for all deals. Liquidity is measured in the ten months before the start of the runup period. The
liquidity proxy varies by column, as indicated in the second row. Sample of OTC and listed target
deals, 1985-2020. Constant included but not shown. Continuous variables winsorized at 5% tails
by target type. T-stats in parentheses, standard errors clustered at industry level. *, ** and ***
indicate 10%, 5%, and 1% significance.

Dependent variable: Premium

Liquidity measure:

% days trade

(-)Amihud  $ volume

% days trade

(-)Amihud  $ volume

(1) (2) (3) (4) (5) (6)
OTC target lig Q1 (lowest) 0.417%%* 0.510%FF  0.556***
(3.37) (7.75) (4.97)
OTC target lig Q2 0.307%%%  (.331%%% (30355
(3.46) (8.51) (6.27)
OTC target liqg Q3 0.210%** 0.209*** 0.212%**
(5.21) (5.12) (4.49)
OTC target lig Q4 (highest) 0.155%*** 0.029 0.053
(3.36) (0.63) (0.96)
OTC target 0.127%%* 0.067** 0.066**
(3.49) (2.41) (2.34)
Target liquidity -0.373%** -0.107%**  -0.089%**
(3.64) (11.30)  (21.74)
Acquirer listed 0.016 0.017 0.017 0.018 0.022* 0.028%*
(1.07) (1.15) (1.20) (1.34) (1.83) (2.33)
Acquirer OTC -0.007 -0.005 -0.019 -0.011 -0.001 0.019
(0.13) (0.09) (0.30) (0.18) (0.02) (0.32)
Acquirer strategic 0.047*%* 0.045%F*%  0.044*** 0.046%** 0.038%*%*  (.049***
(3.59) (3.60) (3.47) (3.72) (3.34) (4.37)
Deal complete 0.038** 0.039** 0.038** 0.036** 0.035%* 0.018
(2.54) (2.64) (2.51) (2.45) (2.57) (1.26)
Deal payment all-stock -0.058*** -0.058***  _0.058%** -0.054%** -0.057F**  -0.045%**
(5.47) (5.31) (5.54) (5.15) (5.37) (3.17)
Deal payment mixed -0.029** -0.028** -0.028** -0.029** -0.034***  _0.040%**
(2.35) (2.27) (2.42) (2.36) (2.83) (3.62)
Deal hostile 0.088*** 0.086%** 0.085%** 0.088%** 0.087*** 0.092%**
(4.09) (4.14) (3.98) (4.05) (4.14) (4.25)
Deal horizontal 0.019* 0.018 0.019* 0.019* 0.021* 0.017
(1.69) (1.66) (1.69) (1.73) (1.99) (1.66)
Deal tender offer 0.058%** 0.062%** 0.059%** 0.060%** 0.067%** 0.055%**
(3.02) (3.22) (3.12) (3.19) (3.56) (2.83)
Deal lockup agreement 0.023 0.013 0.020 0.026* 0.018 0.026*
(1.64) (0.92) (1.37) (1.92) (1.31) (1.73)
Deal log-value 0.001 0.004 0.003 0.008 0.033%** 0.092%**
(0.14) (0.88) (0.77) (1.64) (6.82) (14.11)
Observations 8,652 8,652 8,652 8,652 8,652 8,652
...of which OTC target deals 732 732 732 732 732 732
Adjusted R-squared 0.090 0.101 0.102 0.094 0.122 0.141
Year FE Y Y Y Y Y Y
Industry FE Y Y Y Y Y Y
Wald F-test OTC liq Q1=Q4 0.054* 0.000%%*%  0.000%**
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Table 9: Do listed acquirers benefit by integrating OTC target blockholders?

This table presents cross-sectional regression results based on the specification in Equation 1, with
an added interaction term between the OTC target and all-stock payment dummy variables. Depen-
dent variable varies by column as indicated in first row. Sample consists of OTC and listed target
M&A deals, 1985-2020. Bidders are restricted to US listed firms since these are the acquirers that
are expected to experience governance benefits by acquiring an unlisted target with concentrated
ownership, as hypothesized by ?. Both bidder and target must have at least 40 return observations
during estimation window. Constant included but not shown. Continuous variables winsorized at
5% tails by target type. T-stats in parentheses, standard errors clustered at industry level. *, **
and *** indicate 10%, 5%, and 1% significance.

Dependent variable: Premium Acquirer CAR,  Combo CAR Tar % synergies
(1) (2) (3) (4)
OTC target 0.24 7% 0.013%** 0.016%** 0.219%**
(5.02) (3.54) (3.70) (3.99)
OTC target X Deal payment all-stock -0.086 -0.006 -0.001 -0.026
(1.62) (1.32) (0.21) (0.33)
Acquirer strategic -0.017 -0.003 -0.001 0.006
(0.52) (0.57) (0.19) (0.07)
Deal complete 0.037* 0.002 0.006* 0.061
(1.88) (0.57) (1.94) (1.23)
Deal payment all-stock -0.055%** -0.018%** -0.017%%* -0.140%**
(3.94) (4.56) (8.63) (2.72)
Deal payment mixed -0.031* -0.013%** -0.010%** 0.028
(1.91) (4.38) (3.39) (0.53)
Deal hostile 0.092%** 0.002 0.026%** 0.130
(2.76) (0.34) (4.07) (1.10)
Deal horizontal 0.015 0.002 0.006*** 0.051
(1.29) (0.55) (2.72) (1.39)
Deal tender offer 0.077*** 0.013*** 0.019%** 0.106*
(3.87) (5.02) (8.40) (1.98)
Deal lockup agreement 0.006 -0.010%** -0.007** 0.013
(0.38) (3.50) (2.55) (0.19)
Deal log-value -0.006
(1.03)
Deal relative size -0.007** 0.039%** 0.495%**
(2.42) (13.66) (12.62)
Constant 0.453*** -0.001 0.001 0.093
(8.05) (0.22) (0.26) (0.85)
Observations 4,538 4,538 4,538 4,538
...of which OTC target deals 328 328 328 328
Adjusted R-squared 0.085 0.056 0.123 0.048
Year FE Y Y Y Y
Industry FE Y Y Y Y
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A Appendix

Appendix A: Additional descriptive statistics

In Appendix Table 1, I describe the ten largest OTC M&A deals in my sample, all of which
have a deal value of over $1 billion (2020 USD). The targets operate in a variety of industries
and the deals are announced in various years between 1992 and 2018. Half of the targets were
previously listed. I identify the largest target owner and their fraction of shares outstanding
prior to the takeover via manual web searches of press releases and news articles. I am un-
able to identify the largest owner in three of the ten deals. For six of the remaining deals, the
largest owners hold between 40% and 90% of target shares. Many of these are a mix of private
equity funds, hedge funds, former senior lenders (for firms target that went into bankruptcy,

with their original shareholders getting wiped out), and company insiders.
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CHAPTER 2

Merger-driven listing dynamics
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1 Introduction

The dramatic (~50%) post-1996 decrease in the number of firms listed on the three major U.S.
stock exchanges, shown here in Panel A of Figure 1, has prompted substantial interest in the
major drivers of listing dynamics. Naturally, much attention has been given to the similar-
sized reduction in initial public offerings (IPOs), the majority of which took place on the
Nasdaq exchange throughout the 1990s (Eckbo and Norli, 2005; Fama and French, 2004). Gao,
Ritter, and Zhu (2013) carefully consider several potential drivers of this reduction, including
increased costs of investment-banking services and the 2002 Sarbanes Oxley Act (SOX). While
they conclude that these cost-increases are unlikely explanations, they suggest that many
high-technology startups may have chosen to rapidly scale up through a sellout rather than
undertaking an IPO, as the latter mechanism poses greater risk of publicly disclosing valuable
private information.! Moreover, Doidge, Karolyi, and Stulz (2017) point to a positive trend in
aggregate international listings—illustrated here in Panel B of Figure 1 (extended to 2020)—
before estimating a significant ‘U.S. listing gap’. They conclude that the listing gap not
only exists but “is consistent with a decrease in the net benefits of a listing for U.S. firms”
(abstract).

In this paper, we make several contributions to our understanding of listing dynamics. We
begin by pointing to the fact that, while listing dynamics is affected by changes in listing
benefits (such as access to public debt and equity, ‘acquisition currency’, and improved man-
agerial incentives through stock-based compensation, as well as listing costs), it is also directly
affected by expected gains from merger transactions, which can be substantial in magnitude.?

Hence, we argue that, before drawing inferences about changes in listing benefits one must

L Also, two decades of increased funding from private equity and other financial institutions has enabled
young firms to delay going public and hence increased the age firms undertaking IPOs. In our data (shown in
Section 2.2 below), the median age since incorporation has increased from 8 to 12 years by 2020. For analyses
of the decision to go public, see, e.g., Poulsen and Stegemoller (2008), Da Rin, Hellman, and Puri (2013),
Doidge, Karolyi, and Stulz (2013), Dambra, Casares Field, and Gustafson (2015), Ewens and Farre-Mensa
(2020), Kwon, Lowry, and Qian (2020), and Dathan and Xiong (2022).

2 Alexandridis, Antypas, and Travlos (2017) and Dessaint, Eckbo, and Golubov (2022) document positive
average bidder and target abnormal returns over the past four decades. Target offer premiums in deals where
both the bidder and the target are public firms average 40% (Betton, Eckbo, Thompson, and Thorburn, 2014).
We return to the issue of time-series changes in synergy gains, in particular during the merger wave of the
1990s, in Section 5.2 below.
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account for listing changes caused by mergers. While Doidge, Karolyi, and Stulz (2017) also
discuss merger activity involving public firms, our analysis is the first to causally link the
merger channel directly to the listing dynamics at the firm level.

By integrating merger activity directly into the listing dynamics, we are in effect refocus-
ing the listing debate on a broader issue that cannot be addressed by the actual listing count
itself: The ability of stock markets around the world to attract and retain firms under public
ownership—arguably a fundamental objective of any public market. By tracking the num-
ber of stand-alone listed firms only, the listing count does not accurately gauge this ability.
Specifically, because targets give up their stand-alone status, they are either ignored by the
actual listing count (when private) or, in the case of public targets, even treated as having left
the stock exchange. This despite the fact that these former stand-alone companies continue
under public ownership—Ilikely deriving some of the parent company’s listing benefits. We
solve this measurement problem by simply treating a stand-alone listed company as a nexus
of the firm and its de facto consolidated targets since going public. Our merger adjustments
therefore amounts to adding the targets of listed acquirers to the actual listing count since
going public.?

We present the main findings of our analysis of the merger-driven listing dynamics in five
steps. We begin by documenting that mergers involving U.S. public acquirers are nearly as
important as IPOs in impacting listing dynamics—both in number and value. More specif-
ically, over the period 1980-2020, U.S. listed companies on average acquire one public or
private target firm, bringing the annual average number of companies from 5,108 to 10,907
after adding the targets. Moreover, while IPOs brought in 10,567 firms valued at $6 trillion
over the same period, the total transaction value of the acquisition targets was nearly $13
trillion—twice that of the IPOs. This evidence helps to illustrates how much the listing count
itself underestimates the actual flow of firms into the three major U.S. stock exchanges.?

Second, we show that our merger adjustment reverses almost the entire post-1996 listing

3For internal consistency, when a listed firms leaves the exchange, this merger adjustment requires lowering
the listing count by one plus the sum of its targets. Further detailed in Section 2 below.

4As we document, the private targets included in our study are bona fide ‘listable’ firms as their annual
median deal value averages nearly half of the size of the yearly median listed firm in the same industry.
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decline—there is no merger-adjusted listing peak. That is, accounting for acquisitions by
public firms of other public companies, and of private targets—some of which might otherwise
have chosen to go public themselves—is sufficient to eliminate the listing decline. Third,
turning to the two international trend lines in Panel B of Figure 1, we discover that the
smoothly rising trends in fact hide a large number of dramatic country-specific listing peaks
that occur at different point in time over the sample period. Surprisingly, as much as four-
fifths of the 74 countries represented in that figure experience a listing peak followed by a
total decline that averages nearly 50% —much like in the U.S. after 1996.

Our evidence that a ‘U.S. style’ listing peak is the rule rather than the exception inter-
nationally raises the possibility that the post-1996 listing decline in the U.S. is driven by
forces that are common across countries—including the merger channel. For example, as new
technological innovations occur randomly across countries, the merger-driven dynamics is also
expected to differ in timing across stock markets. We use our merger-adjusted listing series
to test whether the merger channel, during the post-peak period of listing decline, works to
retain targets under public ownership more strongly in the U.S. than elsewhere. We find that
this is indeed the case. Specifically, relative to the U.S.,; public firms on foreign exchanges
more often exit their respective stock markets instead of being retained under public owner-
ship by a public acquirer. This evidence is important as it points to a merger-driven U.S.
listing advantage: Providing access to a legal and regulatory system that promotes relatively
cost-efficient complex corporate control transactions involving public companies.®

Fourth, we use our merger-adjusted listing series to revisit the U.S. listing gap estimated
by Doidge, Karolyi, and Stulz (2017). With 1990 as their base year, they find that the U.S.
listing count per capita falls significantly below an international trend line, 1996-2012. In our
replication of their econometric analysis (detailed in our Appendix A), as many as 3,289 U.S.
listed firms are “missing” in year 2012 (their last period). However, when we replace their

dependent variable with our merger-adjusted listing series—which adds actual target firms

5See, e.g., Coffee (1984), Bebchuk, Cohen, and Ferrell (2009), and Coates (2018) for discussions legal rules
and regulations governing U.S. transactions in the market for corporate control. Levine (1997), La Porta,
Lopez-de-Silanes, Shleifer, and Vishny (1997), and Demirguc-Kunt and Maksimovic (1998) present evidence
of the high degree of minority shareholder protection afforded by the U.S. legal system. Eckbo, Malenko, and
Thorburn (2020) discuss the resolution of complex merger transactions under information asymmetries.
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purchased by listed acquirers—the listing-gap estimates becomes statistically insignificant in
all years, 1991-2020.

Again, Doidge, Karolyi, and Stulz (2017) interpret their listing gap as pointing to a rela-
tive decrease in the net benefit of being listed in the U.S. As changes in net listing benefits
are unobservable to the econometrician, this interpretation cannot of course be ruled out.
However, since we show that the listing gap is merger-driven, the gap is much more likely
to reflect the quantifiable merger gains than a response to lower net listing benefits. This
observation is particularly important for the listing debate as the extraordinary ability of the
U.S. stock market to retain firms under public ownership through mergers pints to a relative
listing advantage.

Finally, since our interpretation of the merger channel as a relative U.S. listing advantage
begs the question of the likely value and productivity of this channel, we round off our analysis
by providing new and supporting evidence. We first show that the net firm-value inflow—
inflows minus outflows generated by the full anatomy of U.S. listing changes—is higher in the
post-peak period than between 1980 and 1996 ($1.7 trillion versus $1.2 trillion, respectively).
Second, estimating what John, Kadyrzhanova, and Lee (2022) label a ‘synergy wave’, which
is based on the frequency of merger transactions with a positive combined bidder and target
wealth effect, we find that the merger activity that drove much of the post-1996 listing decline
was predominantly value increasing. Third, presumably with the help of their respective
targets, firms that remain listed after 1996 have maintained or even improved on the pre-
1996 contribution to aggregate employment and GDP and expanded R&D and patenting
activity. This evidence further supports our argument that accounting for the merger channel

is necessary to understand the forces driving U.S. listing dynamics.

2 Merger-driven listing dynamics in the U.S.

In this section, we first explain and then apply our merger-adjustment procedure to U.S.
listed companies. As stated above, our procedure implements the simple view of a public

stand-alone company as a nexus of the initial firm itself (at the time of the IPO) and its
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subsequently consolidated ‘listable’ targets. As explained below, while public targets are, of
course, all ‘listable’ firms, we impose a minimum size threshold based on actually listed firms
for private targets to also be counted in this nexus. All variable definitions are summarized in
Table 1. Our data sources for the full U.S. listing anatomy, which includes both foreign and
domestic target firms, are from CRSP and Refinitiv’s SDC Platinum M&A database (SDC).
These data sources, as well as other sources used to identify listing dynamics of foreign stock

exchanges, are fully described in Appendix B.

2.1 The merger-adjustment procedure

Let AL denote the annual net change in the actual listing count, i.e., new lists minus delists

of stand-alone companies. The following components describe AL:

Newlists : TPO 4+ Spin + Miscyew
AL = (2)

Delists : Mergepublicftofpublic + Mergepublicftofprivate + MiSCDel

New lists arise from initial public offerings (I PO), public-company divisional spinoffs into new
public companies (Spin), and miscellaneous new listings (Miscyey). The latter includes new
lists without raising capital (in particular uplists from smaller exchanges and over-the-counter
markets), relistings following leveraged buyouts and emergence from bankruptcy, and firms
that change status from foreign-domiciled to U.S.-domiciled.

Delists arise from public-to-public and public-to-private mergers, where the subscript in-
dicates the direction of the flow of the target firm, and miscellaneous other reasons. In
Mergepuplic—to—Puic @ pPublic target is acquired by another public company, while in Merge pupiic—to— Private
the public target is acquired by a private firm. The private acquirer may be U.S.-domiciled
or a foreign company.® The miscellaneous other delistings Miscp.; include delistings that are
voluntary, for cause, or for unknown reasons. A delisting for cause occurs when a firm fails

to uphold certain exchange-listing requirements, such as when the firm files for bankruptcy or

SWe designate the acquirer as ‘private’ even if it trades over-the-counter or on a minor exchange in the
U.S. or on a public exchange in a foreign country.
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its stock falls below a minimum price.
Turning to the merger-driven listing changes, let AL 4 denote the net change in the merger-

adjusted listing count. It is the sum of the following six components:

Newlistsy : IPO + Mergeprivate—to—Public + MiSC%ew
AL, = (3)

. . N . oV
Delistsy : Mergep, pic—to—private T DiV€St subsidiary—to— Private + Miscp,,

While Newlists 4 is affected by I PO in the same way as Newlists, it adds Merge private—to— Public
and excludes Spin. In Mergeprivate—to— Public, Which is also not part of Newlists, a public com-
pany is acquiring a non-public (private or foreign) firm. Spin is excluded since a divisional
spinoff into a separate public firm does not change corporate resources under public ownership.
Comparing the actual and adjusted delists, Delists, is not lowered by Mergepupiic—to—Public-
However, Divestgupsidiary—to—Private NOW subtracts from the listing count when the subsidiary
of a public parent is sold to a private firm.

The superscript N in Eq. (3), refers to the acquisition tracking index Ny in Eq. (4) below.
For internal consistency, as we continually add the targets of public acquirer ¢ to AL4, we
must also lower the merger-adjusted count by the same number of targets whenever firm ¢
leaves the stock exchange for reasons other than being acquired by another public company.
Beginning in 1980, IV;; is updated by one if target j is a private firm and by N;, ; +1 if target

7 is a public company:

Nig1+1 if target j acquired in period ¢ is a private firm

Nii—1+ 14 N;;—q if target j acquired in period ¢ is a public firm

where N;;_1 + 1 is the value of the public target’s acquisition index. We reiterate that N;; is
only used to adjust AL, for public companies, and primarily when a public company leaves
the stock exchange for reasons other than being acquired by another public company. The
one exception is when a firm with N;; > 0 relists after having exited the exchange, as covered

by Misc¥...-
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2.2 Size-threshold and age of private targets

Throughout our empirical analysis, we impose a minimum size-threshold for a private target
(and subsidiary) to be included in the acquisition index Nj. The threshold is the year-end
1%t percentile of the market capitalization of all publicly listed firms in the target’s respective
Fama-French-12 industry.” Panel A of Figure 2 shows the relative size of the private targets
produced by this threshold. Specifically, for each Fama-French-12 industry, we each year
compute the ratio of the median target deal value to the median listed-firm value, and then
report the average value of this ratio over the period 1980-2020. This setup allows us to
compare private targets to the outstanding listed firms in its industry and year of acquisition
specifically. As shown, this ratio varies between 18% (for Utilities) and as much as 163% (for
Consumer durables), with six of the 12 industries having a relative-size ratio of 50% or more.
In other words, from a pure size-perspective, N;; records what might be described as ‘listable’
private targets inside the public acquirer’s own portfolio of consolidated companies.

To further support this intuition, Panel A of Figure 2 also plots industry ratios constructed
using firm age since incorporation (birth) instead of value. Year of incorporation is found using
data from Capital IQ as well as the Field-Ritter dataset of company founding dates.® As with
value, the median private target of a public company is usually not too much younger than
the median listed firm in its industry: The average ratio across industries is 67%, with the
largest difference between targets and listed firms found in utilities (39%) and the smallest in
telecommunications (108%). In other words, both in terms of age and value, our private-to-
public targets tend to be smaller than the median listed firm—as is to be expected—but not
by a large margin.

In Panel B of Figure 2, we also plot the median age of private-to-public targets and

firms doing an PO, without filtering by industry. This plot provides reveals two interesting

"To avoid a downward bias due to financial distress, we also require the firms used to identify this size
threshold to be listed also in year ¢ 4+ 1. Panel A of Appendix Figure A.1 plots the annual distribution of this
size threshold (solid black line) as well as the same threshold without a one-year survivorship requirement
(dotted black line). As shown, eliminating the one-year survivorship requirement has a negligible impact on
the size threshold.

8As used in Field and Karpoff (2002) and Loughran and Ritter (2004). Available at Jay Ritter’s website:
https://site.warrington.ufl.edu/ritter /ipo-data/. See also Ritter (2022).

65



patterns. First, private targets tend to be older than IPOs, but not by very much: on median
(average), 12 (23) versus 8 (16) years, respectively, or around 50% older. Second, firms going
public via TPO tend to be older after the listing peak than before it, with the annual median
listing age averaging 7 in years 1981-1996 and 10 in years 1997-2020. However, this trend
has reversed since the peak of 15 years median [PO age in 2009, and was back down to only
7 years old in 2020—the same level as at the listing peak in 1996.

Panel B of Appendix Figure A.1 shows the large number of post-1996 merger transactions
that qualify as drivers of the wedge between the actual and merger-adjusted U.S. listing counts
L and L,4. Of these, the most numerous are Mergep,iate—to— Pubtic ad M ergepupiic—to— Public-
Also shown are the total outflows (net of relistings) from the acquisition index N;; when public
firms leave the exchange. The dark shaded area restricts IV;; to public targets only, while the
lighter shaded area also includes private targets. As shown, N;; is substantial and, naturally,
lags both Mergeprivate—to—Pubiic and Merge pupiic—to— Public-

In the following, we proceed by first singling out the effect of public targets on the listing
dynamics in a public-to-public merger-adjusted listing count. This involves adjusting Eq. (3)
by excluding Merge private—to— Pubtic from the new lists and Divestgupsidiary—to—Private from the
delists, and using N; to track public targets only. The purpose of this separation is to
highlight the impact of mergers between listed firms alone, without involving private targets.
We then report results with the full merger-adjustment in Eq. (3)—also referred to as the

all-merger-adjusted listing count.

2.3 Absence of a merger-adjusted listing peak

Figure 3 shows the actual listing count (the lowest of the three curves), the public-to-public
merger-adjusted count (the middle curve), and the full merger-adjusted listing count (top
curve), 1980-2020. Table 2 summarizes the total number of transactions driving AL and AL
over both the total sample period and the post-peak period (1996-2020), with the annual
counts of the different transaction types tabulated in Appendix tables A.1 and A.2.

Focusing first on the actual listing series in Table 2, over the 19802020 period, the values of
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Newlists and Delists sum to 17,837 and 18,919, respectively, for a net decline AL(1980-2020)
of -1,083 listed firms. This net decline is the result of the 10,567 IPOs (59% of Newlists) and
the 6,792 miscellaneous additional new listings being offset by 18,919 delistings. The delistings
are due to 10,063 acquisitions of public targets (of which roughly two-thirds involve public
acquirers) plus 8,856 other delistings, of which 7,063 or 70% are due to cause. Over the post-
1996 period, Newlists amounts to 7,004 and Delists to 10,696, which results in a much larger
net decline AL(1996-2020) of -3,692 listed firms by 2020. This decline is primarily caused
by a reduction in IPOs to 4,190 over the post-peak period, as well as the continued high
merger activity involving public targets (3,734 public-to-public and 2,511 public-to-private
transactions).”

Turning to the merger-adjusted series in Table 2, AL 4(1980-2020) totals 7,479 listed firms.
This increase, which contrasts with the decline AL(1980-2020) of -1,083 companies, is the
difference between Newlists, (28,021 firms) and Delistss (20,542 firms). For Newlistsa,
the main addition comes from 9,481 private-to-public mergers—amounting to as much as
90% of the number of IPOs. In the post-1996 period, the merger-adjustment almost entirely
eliminates the 1996 listing peak: AL4(1996-2020) amounts to -84 firms only. In other words,
while the actual listing in 2020 is down by 50% from the 1996-level, the adjusted count is
down by less than one percent.

The elimination of the listing peak caused by the merger-adjustment has two main com-
ponents. First, backfilling public targets in 3,734 public-to-public mergers after 1996, while
tracking public targets only in the adjustment via the acquisition index (Ny), restores as much
as two-thirds of the post-peak decline. The remaining third comes from the inflows of private
targets net of subsidiary divestitures (with N;; including private targets as well).

Yet another perspective on the magnitude of the merger adjustment is seen by inspecting
year 2020 in Figure 3 and Appendix tables A.1 and A.2. In 2020, the total merger-adjusted
listing count is 12,195, while the actual count is 3,633. The difference of 8,562 firms are targets

of public acquirers that operate under the ownership of their respective acquirers. Of these

9A little noticed fact: As much as 28% of Newlists are uplists from minor exchanges and over-the-counter
(OTC) markets. Of the public-to-private transactions where the acquirer is a U.S. private firm, leveraged
buyouts account for roughly one-third of the transactions, 1980-2020.
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targets, about half were publicly traded before the merger. While all of these 8,519 firms have
de facto entered into or remained under public ownership through the merger channel, none
are included in the actual listing count.

In sum, while the actual listing count is a useful metric for examining changes in the size
of stand-alone listed companies, it substantially underestimates the actual number of firms

that flow into and are retained by public acquirers.

3 International merger-driven listing dynamics

In this section, we begin by providing evidence of a surprisingly high frequency of international
listing peaks in calendar time. Conditional on observing a listing peak, we then examine how
merger activity affects the speed of decline during the five years following the peak. This
five-year period typically covers the bulk of the post-peak decline across countries. Finally, we
examine whether merger activity affects the post-peak rate of decline differently in the U.S.

than in foreign stock markets.

3.1 Country selection and data sources

As detailed in Appendix B.3, we start the country selection process with the 100 countries
and territories with highest GDP as of 2020 per the IMF. Of these 100, 26 are excluded due to
insufficient data, leaving a final sample of 74 countries. Using the IMF’s classification, 33 of
these 74 countries are advanced economies, representing 59% of global GDP. The remaining
41 countries are classified as developing and emerging economies, and represent 37% of world
GDP.

The non-U.S. listing counts are identified from the World Bank’s World Development
Indicators (WDI), World Federation of Exchanges (WFE), ISI Emerging Market Group’s
CEIC database (CEIC), and individual stock exchange home pages. We count the number
of listings on a country’s major stock exchanges and only count cross-listed firms once (in
the country where they are incorporated). Finally, we identify public-to-public and private-

to-public (including cross-border) mergers for each country using SDC. To maximize SDC’s
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data coverage of international mergers, we limit the sample to 1990-2020 when applying our
merger adjustment.

While the above data sources track a country’s aggregate listing counts and the number of
mergers, it does not provide information on the identity of each listed company. Hence, when
a foreign listing count decreases by one for reasons other than a public-to-public acquisition,
that country’s merger-adjusted listing count is also lowered by one (N; = 0), while it is
lowered by 1+ N; > 1 when a U.S. listed firm exits. By setting N;; = 0 across foreign stock
markets, we overstate foreign merger-adjusted listing counts in the comparison with the U.S.
below. We later illustrate the magnitude of this difference, which implies a relative U.S. listing

penalty, after estimating the U.S. listing gap in Section 4.

3.2 Listing peaks in calendar time

In our definition, a listing peak occurs if the country’s unadjusted listing count is lower in
2020 than in a previous year during our sample period, where the listing-peak year is the
year with the highest listing count. Figure 4 plots the number of countries that experience a
listing peak in each year from 1975-2019. It shows that listing peaks are not only numerous,
but also distributed throughout the sample period—a pattern common to both advanced and
developing /emerging economies.

Figure 5 further details these peaks by showing how the listing count has decreased from
peak until 2020 for each of the 74 countries. In Table 3 we also order countries according to
listing-peak year and divide the sample into four non-overlapping categories: advanced/non-
advanced countries with/without a peak. Columns (2) and (3) if this table show the number
of listed firms at peak and the listing count in 2020, while Column (4) shows the total percent
change in the listing count between the peak year and 2020, with the average annual percent
change in Column (5). As discussed next, this international listing-peak information yields
five important and surprising facts.

First, experiencing a listing peak is the norm rather than the exception: Among the 33

advanced economies alone, as much as 82% (27 economies) exhibit a listing peak—five before
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the U.S. and another 21 in 1996 or later.!® A similar proportion of developing and emerging
countries also experience a listing peak: 31 of 41 (76%). In sum, more than three-quarters
(58 of 74) of all sampled countries have fewer listed firms in 2020 than in the past.

Second, the total number of listing peaks is widely distributed across the period 1985-2019,
with the greatest number of peaks in 1998. The average peak year for the advanced countries
is 2000 with a standard deviation of 8 years. For the developing and emerging economies, the
average peak year is 2001 with a standard deviation of 10 years. The substantial international
variation in the year of the listing peak is interesting as it suggests that these peaks are
largely driven by country-specific factors rather than global macroeconomic shocks common
to all countries. While identifying these factors goes beyond the purpose of this paper, we
examine certain country-level macroeconomic variables in Section 3.5 below.

Third, just as the U.S. experiences a 50% post-peak decline in the listing count, the
average decline across all advanced economies with a listing peak is 49%, with fifteen advanced
countries experiencing an even greater overall decline than in the U.S. Fourth, while the annual
percent decline in the number of lists since the peak year is 2.1% for the U.S., the average
rate of decline for advanced economies is slightly higher: 2.5%. More than half (16 of 27) of
advanced countries experiencing a higher rate of decline than the U.S. Similar results hold
for developing and emerging economies, with an average decline of 33% at an annual rate of
2.2%. Fifth, the earlier in the sample period that a country peaks, the lower is the 2020 listing
count relative to the peak count. The correlation between number of years passed since the
peak and the percent decline is 65%, which suggests that the post-peak listing decline tends

to persist over time.

3.3 Listing peaks in event time

Conditional on experiencing a listing peak, Panel A of Figure 6 (enumerated in the Internet

Appendix) shows the average listing pattern over the eleven-year event period (-5,5) centered

10The six advanced economies that have not peaked by 2020 are Hong Kong, Italy, Japan, South Korea,
Sweden, and Taiwan. The earliest advanced economies to peak are Denmark and New Zealand in 1986 and
the most recent is Australia in 2017. Among developing economies, the first country to peak is Argentina in
1975, while Sri Lanka peaks last in 2018.
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on the peak year (year 0). It reveals that the shapes of the three U.S., non-U.S. advanced,
and developing/emerging listing patterns are surprisingly similar both in terms of the pre-
peak incline and post-peak decline. Focusing first on the pre-peak runup period for advanced
countries, the U.S. experiences a 24% runup over the (-10,0) period and a 29% runup over the
shorter (-5,0) event period. For other advanced (developing/emerging) economies, the runup
averages 65% (87%) over the (-10,0) period and 51% (40%) for the (-5,0) period. This shows
that, as in the U.S., these pre-peak runups are on average large and concentrated in the (-5,0)
event period for advanced and developing/emerging economies alike.

Turning to the post-peak event period, the actual U.S. listing count declines -24% over the
(0,5) period and -37% over the longer (0,10). For advanced (developing/emerging) economies,
the decline over these two event periods average -24% (-22%) and -32% (-30%) and for the
11-year and 21-year event periods, respectively. This shows that the average annual rate of
listing decline is also similar across the U.S. and other countries, and that the bulk of the
decline occurs quickly—within the event period (0,5) for four-fifths of the countries. In sum,
the (-5,5) event period catches the bulk of the listing runups and declines around the peaks.
Next, we present a cross-country analysis of the impact of mergers on the rate of post-peak

listing decline that focuses on the (0,5) event window.

3.4 Merger-propensities and merger-adjusted listing counts

We begin by illustrating international differences in merger propensities. Panel A of Figure 7
shows the international average annual merger rate per listed firm where at least one of the
two parties to the transaction is a public company, while Panel B further restricts the mergers
to deals between two public firms. In Panel A, a U.S. public firm has a 10.2% chance of being
involved in an M&A transaction in average year 1990-2020, while this equivalent number is
only 2.9% for non-U.S. advanced economies and 1.0% for developing and emerging economies.*!
For the public-to-public merger deals in Panel B, the annual U.S. merger propensity is 2.7%

versus 0.3% (0.2%) in non-U.S. advanced (developing/emerging) economies. In sum, the U.S.

"This evidence is consistent with Doidge, Karolyi, and Stulz (2017), who show that the U.S. merger delist
rate is higher than for an aggregate of non-U.S. countries.
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likelihood of a merger is noticeably higher than the likelihood in any other country in our
sample. Moreover, this difference is even more pronounced for the public-to-public mergers in
Panel B. This also suggests that the effect of mergers on listing dynamics will be stronger in
the U.S. than in other countries, which our analysis below confirms.

In Figure 8, we plot the public-to-public merger-adjusted (Panel A) and all-merger-adjusted
(Panel B) event-time average listing patterns with the window (-5, 5) around the peak year.
Panel A shows that the public-to-public merger-adjusted listing count on average declines
by 22% for non-U.S.-advanced and by 21% for developing and emerging economies in the five
years following the listing peak. This contrasts with the U.S. public-to-public merger-adjusted
series, which declines by 5% only. In other words, while the U.S. post-peak listing decline is
to a great extent driven by a reallocation of corporate resources among public firms, declines
elsewhere are far less attenuated by public-to-pubic mergers. Instead, these declines represent
outflows of listed firms from public markets.

The all-merger-adjusted series in Panel B of Figure 8 also includes private-to-public merg-
ers. This incremental adjustment reduces the decline in the non-U.S. advanced (develop-
ing/emerging) economies from an average of 22% to 10% (21% to 18%). This means that,
internationally, targets entering public markets via private-to-public mergers significantly out-
number targets retained via public-to-public mergers. In the U.S., the addition of private-to-
public mergers changes the adjusted listing count from a 5% decrease to a 13% increase. As
Figure 7 suggests as well, this shows that the marginal impact of private-to-public mergers on

the listing dynamics is also greater in the U.S. than elsewhere.

3.5 Determinants of the post-peak rate of listing decline

To examine the U.S.-specific effect on the post-peak decline speed, let Decliner; denote the
average annual rate of decline (in percent) in the number listed firms for country i in the
T = 5 years (alternatively, 7" = 3) after that country’s listing peak. Decliner; is either

the unadjusted listing count, the public-to-public merger-adjusted listing count, or the full
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merger-adjusted count. We run the following cross-sectional regression:

Decliner; = o+ 8Dys + ANy +er;, i=1,...,N, (5)

where Dy g is a dummy taking a value of one if the country is the U.S. and zero otherwise. The
vector Zr; is a set of pre-peak country-specific control variables using data from the World
Bank and IMF. Each variable is computed as the annual T-period average prior to the listing-
peak year of country i. The pre-peak growth variables are Listing count runup (the percent
growth in the unadjusted listing count) and GDP growth. The GDP-scaled variables are Trade
(the sum of exports and imports) and FDI net inflows (foreign direct investment). Finally,
population-scaled variables are Patent applications and GDP. The patent applications are
restricted to those filed by domestic firms and residents. We use patents to measure innovation
activity because they are more consistently recorded across countries than are data on R&D
expenditures.

The regression results are reported in Table 4. Odd-numbered columns use all avail-
able countries, while the even-numbered columns are based on advanced economies only. In
columns (1)—(4), the dependent variable is the rate of decline of the unadjusted listing count.
Note first that Dy g is insignificant in Column (1) (all countries) and in Column (2) (advanced
economies). This implies that the U.S.-specific five-year average annual rate of post-peak
decline is statistically indistinguishable from other countries. The same holds for columns (3)
and (4), in the three-year post-peak period.

Columns (5)—(8) of Table 4 show the regression results when Decliner; is the post-peak
annual average rate of decline of the public-to-public merger-adjusted listing series. Most
important, Dyg now receives a negative and statistically significant coefficient estimate—
implying a significantly slower rate of post-peak decline in the merger-adjusted listing series.
The coefficient on Dyg is estimated at -2.2 to -2.6 percentage points for the five-year event
window and from -4.2 to -4.9 for the three-year window. Importantly, the fact that the merger
adjustment lowers the coefficient estimate of Dyg when going from columns (1)—(4), means

that there is a U.S.-specific effect of public-to-public mergers that reduces the speed at which
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listed firms leave the stock exchange. Between columns (1)—(4) and columns (5)—(8), the
U.S.-specific effect of public-to-public merger activity decelerates the speed of decline by 3.5
pps, relative to other countries.

It is worth reemphasizing the above interpretation of the coefficient estimates on Dyg.
They show that U.S. public-to-public merger activity reallocates target firms within the stock
exchange to a greater extent than in other countries. This interpretation follows because, when
going from, say, columns (1) to (5), we are only changing the dependent variable Decliner;. As
a result, the significant decline in the coefficient estimate on Dy g means that public-to-public
merger activity slows down the post-peak rate of decline relative to other countries.

In columns (9)—(12), Decliner; is measured using the full merger-adjusted listing count
series. Again focusing on Dyg and the total sample of countries, recall that the full merger
adjustment adds private-to-public acquisitions to the listing count. The marginal decline in
the coefficient estimate for Dyg by 1.4 pps to 2.2 pps when going from columns (5)—(8) to (9)—
(12) is evidence that the U.S.-specific effect of private-to-public acquisitions is smaller than
the case is for public-to-public mergers. Furthermore, it confirms that what distinguishes the
post-peak U.S. merger activity is less an inflow of private targets than the effective retention
of listed targets through public-to-public mergers. This result is also noticeable by comparing
Panels A and B of Figure 8, which shows a somewhat similar private-to-public effect on US
and non-US advanced, but a noticeably different public-to-public effect.

Finally, we test whether role of post-peak merger activity documented above for the U.S.
is unique. In Table 5, we estimate country-by-country regressions where we replace the U.S.
dummy Dyg in Eq. (5) with a dummy for each respective non-U.S. country. In the sample of
advanced economies, this replacement fails to produce a significantly negative country dummy
when using the merger-adjusted listing series (columns 5-12) for all non-U.S. countries with
insignificant or positive unadjusted dummy estimates (columns 1-4). This reinforces the
notion that the significant effect of merger activity on the rate of post-peak listing decline is

uniquely strong in the U.S.—primarily due to public-to-public mergers.
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4 Merger-adjusted U.S. listing gap estimation

As shown by Doidge, Karolyi, and Stulz (2017), the actual U.S. listing count has developed a
listing gap relative to an international listing trend line estimated from 1990. In this section,
we revisit their listing gap estimation using our merger-adjusted listing series. Our evidence
above suggests that inferences about a relative U.S. listing gap may well differ when adjusted
for merger activity. To address this issue, we replace the actual listing count for all countries
with our merger-adjusted count as the dependent variable in the list-gap estimation. Rather
than correlate aggregate merger activity with the actual listing dynamics, this replacement
allows us to draw causal inferences about the impact of merger activity. We first describe the
econometric specification of our listing-gap regression, and then present the gap-parameter

estimates.

4.1 Econometric specification

The U.S. listing gap in year t is defined as the difference between two conditional expected
listing counts. The first difference is the expected number of U.S. listings in year ¢ relative to
the base year 1990. Let Dyg denote a dummy variable with a value of one if the country is

the U.S. and zero otherwise. The first difference is then
E(Yy | Dys = 1,year =t) — E(Yy | Dys = 1, year = 1990). (6)

The second difference is between the expected number of listings in a non-U.S. country in year

t and that in 1990:
E(Yy | Dys = 0,year =t) — E(Yy | Dys = 0, year = 1990). (7)

We estimate the listing gap parameter (the two differences in conditional means) across a

total of 30 years and N countries using the following panel regression:

In(Yy) =a+6;+71+ B8Dys +'(Dys x 17¢) + AXy + €4, t=1990,..,2020, ¢ =1,..,N. (8)
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The dependent variable Yj; is country i’s listing count (L) per capita (Pop) or per GDP
in year ¢, and 9; and 7; are country and year fixed effects, respectively. X;; is a vector of
three country-specific control variables: country i’s anti-self-dealing index (Djankov, Porta,
Lopez-de-Silanes, and Shleifer, 2008), log(GDP /Pop) and annual GDP growth.

Hence, ignoring the country-specific parameters \; and ¢; (since these cancel out in the

difference below), the gap-parameter in year t is:

[E(Yy | Dus = l,year =t) — E(Yiu | Dys = 1,year = 1990)]
—[E(Yi | Dus = 0,year =t) — E(Yy | Dys = 0,year = 1990)]
= l[la+n+F+m)—(a+P)]—[la+n)-qa

= T (9)

where 7,—the annual parameter in the vector ['—captures the U.S.-specific residual in year
t. For a given v;, we then compute the U.S. listing gap in year ¢ (expressed as the number of

firms) as follows:

Yusi990 X Popysy x (€7 — 1) for L scaled by population
US gap computation, year t:

Yusioeo X GDPygy x (e7 — 1) for L scaled by GDP
(10)
In other words, computing the U.S. listing gap for year ¢ in terms of the total number of
firms involves multiplying three items: the U.S. listing count per capita or GDP in 1990, the
corresponding population or GDP scaling variable in year ¢, and the antilogarithm of 7, minus
12

one.

To show clearly the marginal impact of our novel listing count adjustment, we fix the

120ur econometric specification of the U.S. listing gap differs somewhat from that of Doidge, Karolyi, and
Stulz (2017). We provide a detailed explanation of this econometric differences in the Internet Appendix.

76



right-hand-side of Eq. (8) and gradually develop the following three listing gaps:

G1: Y} is unadjusted (the actual listing gap).
Gap { G2: Y is public-to-public merger-adjusted only, with N; = 0 for non-U.S. countries.

G3: Y} is merger-adjusted, with N;; = 0 for non-U.S. countries.

\

(11)
In G1, the numerator of the dependent variable Y, is the actual (unadjusted) listing count for
all countries. For the U.S., G2 adjusts the actual listing count for public-to-public mergers
and spinoffs and, therefore, the acquisition index N;; tracks public targets only. Moreover, for
the U.S., G3 fully tracks inflows and outflows of all firms—both public and private—to and
from U.S. public markets using the full Eq. (3) and an acquisition index N;; in Eq. (4) that

tracks both public and private targets.

4.2 Listing gap estimates

Figure 9 plots the annual U.S. listing gap estimates for all three gap definitions G1-G3 in
Eq. (11) using the full set of 74 countries. A complete set of annual coefficient estimates for the
gaps, each with four different regression specifications, is listed in Table 6. In the discussion
below, we primarily focus on the regression specification with the listing count scaled by
population and including country fixed effects (columns 2, 6, and 10). Table 6 also reports
three alternative regression specifications: (i) the dependent variable scaled by population and
without country fixed effects, (ii) the dependent variable scaled by GDP and with country
fixed effects, and (iii) the dependent variable scaled by GDP but without country fixed effects
(the GDP-based listing gap estimates with country fixed effects are further illustrated in the
Internet Appendix).

We begin with the U.S. unadjusted listing gap (G1), which is shown as the solid black line in
Panel A of Figure 9. The gray shaded area is the 90% confidence interval around the annual gap
estimates (with standard errors clustered by country). The coefficient estimates corresponding

to the black line are shown in Column (2) of Table 6, where (n(Y};) is natural logarithm of the
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actual listing count scaled by population and including country fixed effects. Using Eq. (10),
the estimate of 4, in Column (2) of Table 6, and population data from the IMF, the estimated
G1l-gap in year 2020 is Yyrs.1990 X Popuys.ao20 X (€7t —1) = 22.78 x 330.01 x (79636 —1) = —3,538
listed companies. In 2012, which is the final sample year in Doidge, Karolyi, and Stulz (2017),
G1 = Yysigo X Popysaos X (€7 — 1) = 22.57 x 314.12 x (e7 %63 — 1) = —3,348 listed
companies.

Doidge, Karolyi, and Stulz (2017) instead report a listing-gap estimate of -5,436 listed firms
for 2012. In terms of the regression parameters in our Eq. (8), their regression specification is
equivalent to using y; + 7y to estimate the listing gap G1 (see Internet Appendix for proof).
In other words, the difference between our G1-gap for 2012 of 2,088 listed firms and the larger
number reported by Doidge, Karolyi, and Stulz (2017) emerges primarily because we subtract
out the common component (the time trend 7;) in the listing dynamic before computing
G1. By netting out the time trend in the panel estimation, our gap estimate is restricted
to the portion of the international time trend that is unique to the U.S. As shown in the
Internet Appendix, the time trend parameter estimates of 7; become negative and statistically
significant after 2009, hence causing the gap-estimates in Doidge, Karolyi, and Stulz (2017)
to have larger negative values.

Panel A of Figure 9 also shows the full merger-adjusted listing gap (G3), which is again
computed using our main regression specification, this time with the ~; coefficient estimates
shown in Column 10 of Table 6). Adjusting for both public-to-public and private-to-public
merger activity causes G3 to be positive and statistically significant in years 1993-1999, and
insignificant in all sample years thereafter. In year 2020, the estimated G3-gap is Yyg 1990 X
Popysaooe X (€7 — 1) = 22.78 x 330.01 x (e"%% — 1) = +38 listed companies (a statistically
insignificant listing surplus). The absence of a listing gap 1991-2020 holds across the three
alternative regression specifications for G3.

The broken line in Panel B of Figure 9 shows G2, the public-to-public merger-adjusted
listing gap, from 1991-2020. This broken line is based on the ; coefficient estimates shown
in Column (6) of Table 6. Recall that, while all countries are adjusted for public-to-public

mergers, the acquisition index N (which, in G2, accumulates public targets only) is applied
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exclusively to U.S.-listed firms when these firms leave the exchange, which lowers the merger-
adjusted U.S. listing count relative to other countries. Nevertheless, the estimates of G2 are
statistically insignificant at conventional levels in all sample years 1991-2020. In year 2020,
the estimated G2-gap is Yirs,1900 X Poprs,2020 X (€7 —1) = 22.78 x 330.01 x (e %13 —1) = —966
listed companies. Also important, G2 is statistically insignificant at conventional levels in all
years, and across almost all years of the three alternative regression specifications in columns
(5), (7), and (8) of Table 6.

In sum, we have shown that the merger-adjusted listing gap is statistically insignificant for
both gap definitions G2 and G3. Importantly, since a public-to-public merger does not rely
on the supply of private equity capital, it is not necessary to appeal to the contemporaneous
growth in private equity funding or decline in IPOs to explain the actual U.S. listing gap G1.
Rather, our evidence is consistent with the notion that the extraordinary propensity of U.S.
stock exchanges to effectuate large merger transactions between public companies is sufficient
to explain G1. Since these transactions require a high level of capital market functionality
in terms of contracting technology and legal protection of minority shareholders, they may
provide U.S. listed firms with a comparative advantage in terms of realizing scale economies

through external growth strategies.

4.3 Robustness issues

In this section, we examine several robustness issues. The first is whether the statistical
insignificance shown for the merger-adjusted listing gap (G2 and G3) also holds for the sub-
sample of 28 advanced economies. Table 7 shows the parameter estimates restricted to this
subsample. Note first that the unadjusted gap G1 is now somewhat larger in size and remains
significant at the 1% level or higher. Moreover, the merger-adjusted gaps G2 and G3 are
also larger (more negative) than for the full sample of 74 countries. Most important, G2 and
G3 remain insignificantly different from zero in nearly all years up through 2020. In other
words, the merger-adjusted U.S. listing gap is statistically insignificant also when measured

relative to the subgroup of other advanced economies, which contain the most internationally
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competitive stock exchanges.

Second, we address SDC as a source of merger data, which may be more comprehensive for
the U.S. than for some foreign exchanges. While not tabulated, we re-estimate Eq. (8) after
artificially multiplying the annual number of public-to-public mergers outside of the U.S. The
result of this experiment is that most estimates of G2 and G3 remain statistically insignificant
even after quintupling non-U.S. public-to-public mergers. Furthermore, when we in addition
nearly triple the foreign private-to-public acquisitions (which include cross-border mergers),
the all-merger-adjusted gap G3 continues to be similarly insignificant. We conclude from this
that our main finding of a statistically insignificant merger-adjusted U.S. listing gap is robust
to any reasonable level of missing data on foreign mergers in SDC.

Third, recall from Section 3.1 that, since our data sources on the international listing
counts do not track the names of the listed firms, we necessarily set the acquisition tracking
index to zero (N = 0) for non-U.S. countries. It is worth pointing out that this differential
treatment of N, substantially penalizes the U.S. merger adjustment. Specifically, for U.S.
listed firms that exit the stock exchange over the period 1991-2020, the tracking index amounts
to sz\il Z?fl%gl Nj, = 4,459 additional delists.!®> With 1990 as base year, this penalty lowers
the 2020 merger-adjusted U.S. listing count by as much as 42% (from 10,700 firms when
Ny =0 to 6,241 firms). Our finding of a statistically insignificant merger-adjusted listing gap

withstands this U.S.-specific penalty.

5 U.S. transaction values and firm performance

The above evidence suggests that the strong U.S. merger channel represents a relative listing
advantage. In this section, we present evidence confirming the likely value and productivity of
the this channel. We first ask whether net firm-value inflow—inflows minus outflows generated
by the full anatomy of U.S. listing changes—is higher in the post-peak period than between

1980 and 1996. Second, we ask whether the merger activity that drove much of the post-1996

13Breaking the total of 4,459 firms into public and private targets, respectively, this treatment effectively
cancels out as much as 21% (1,286 of 6,144) of public-to-public mergers and 33% (3,173 of 9,481) of private-
to-public mergers.
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listing decline was predominantly value increasing. Finally, we examine whether firms that
remain listed after 1996 have been able to maintain or improve on the pre-1996 contribution to
several measures of aggregate economic activity—presumably with the help of their respective

targets.

5.1 Transaction values of inflows and outflows

Figure 10 shows the contribution of each of the listing channels in terms of the annual
transaction net value inflow to public markets, AV, (inflation-adjusted to 2020). Since
the market value of a public firm that delists directly accounts for any value-implications
of the firm’s acquisition history, AV}, is constructed using Mergepupic—to—Private and not
MergeR iiie—toprivate- Over the period 19802020, total inflow amounts to Newlists, = $11.1
trillion, while total outflow is Delists, = $8.2 trillion. The difference of $2.9 trillion is also
shown in the left-side vertical axis for the solid curve in Figure 10. $1.2 trillion of the net
inflow is added between 1980-1996 and the remaining $1.7 trillion is added after the listing
peak.

While we noted above that the number of private-to-public acquisitions number as much
as 90% of the number of IPOs, switching to dollar values changes this picture because the
average private-to-public target is smaller than the average IPO firm. In terms of dollar
values, Mergeprivate—to—pubiic constitutes 28% of IPO + Mergeprivate—to— pubtic ($2.5/8.7 tril-
lion). Also interesting, on the delist side, Mergepupiic—to— Private accounts for as much as 80%
($6.6/8.2 trillion) of the total transaction value of delisting outflows. Moreover, while not
shown, the value of Mergepupic—to—puniic—which reflects the reshuffling of assets already on
the exchange—is 1.6 times that of Mergepupiic—to—private ($10.7 trillion versus $6.6 trillion).

Beyond the substantial ($10.7 trillion) transaction value of public-to-public mergers, it is
also interesting to note that the $2.9 trillion net transaction-value inflow shown in Figure 10
represents no more than 8% of the total market-value increase of $34.9 trillion on NYSE,
AMEX, and Nasdaq from 1980-2020. In other words, as much as 92% of the total market-

value increase during this period is generated on the stock exchange: a combination of organic
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growth (internal investments and revaluation of assets in place) and synergies generated by
public-to-public merger activity. To our knowledge, this evidence is also new to the literature,
and made possible by our measurement of the complete anatomy of transactions causing listing

changes.

5.2 Post-peak economic activity of listed firms

In this section, we address three questions of relevance for how to interpret the underlying
economic relevance of our U.S. merger-adjustment: What triggered the merger wave of the
1990s? Did this merger wave increase shareholder value? Did the post-1996 listing decline
slow economic activity of listed firms? As to the first question, the most powerful answer
in the literature is given by Harford (2005). He shows that six of eleven industry-specific
deregulatory events between 1981 and 1996 took place after 1990. The resulting increase in
product market competition appears to have triggered several rival firms to merge with the
objective of lowering operating costs. Also important, the evidence in Harford (2005) and
other studies rejects the alternative notion that the merger wave of the 1990s was ‘market
driven’ (bidder opportunism) in the vernacular of Shleifer and Vishny (2003).'?

Panel A of Figure 11 addresses the question concerning shareholder wealth effects of the
merger wave. Focusing on the Fama-French-49 industries it addresses whether the industry-
specific merger waves involving public-to-public mergers were ‘synergistic’ in the sense of in-
creasing the combined market values of bidder and target firms. We follow John, Kadyrzhanova,
and Lee (2022) and classify an industry-year as experiencing a ‘synergy wave’ if the number
of deals with positive combined bidder and target wealth effect (CWE) is one standard devia-
tion above the time-series industry median. We restrict the sample to mergers between listed
firms and calculate CWE as the value-weighted average of the bidder and target’s seven-day

cumulative abnormal return, CAR(-3,3), where day zero is the first public announcement of

HInternet Appendix Figure 1 breaks down net listing value inflows by industry. The figure shows that the
net firm value inflow over the total sample period 1981-2020 is largest in the high-tech industries. Moreover,
roughly half of the net high-tech inflow occurs in business services and electronics, while the industry with the
largest net outflow is chemicals and allied products (mostly pharmaceuticals).

15See also Rhodes-Kropf, Robinson, and Viswanathan (2005), Phillips and Zhdanov (2013) and Eckbo,
Makaew, and Thorburn (2018) for evidence on how U.S. merger waves correlate with the relative market-to-
book ratios (M/B) of bidder and target firms.

82



the merger given by SDC.!6 As Panel A shows, synergistic merger waves occur to a higher
degree during the second half of the 1990s than during any other period, 1980-2020. This
evidence supports the hypothesis that the merger activity that drove much of the post-1996
U.S. listing decline predominantly increased the combined value of the merging firms.

Panel B of Figure 11 addresses the third question concerning the post-1996 economic ac-
tivity of listed firms. It shows the time series from 1982 through 2018 of the annual percent
contribution of U.S. domestic listed firms to aggregate labor employment, GDP, R&D spend-
ing, and patents. As detailed in Appendix B.2, we generate the figure using data from the
Bureau of Economic Analysis, Bureau of Labor Statistics, Compustat, IMF, OECD, Univer-
sity of Virginia Darden Global Corporate Patent Dataset, and U.S. Patent and Trademark
Office. We follow Schlingemann and Stulz (2022) and measure GDP (employment) as the sum
of value added (employment) generated both domestically and by majority-owned foreign af-
filiates. While they do not study patents and R&D, we adjust R&D for foreign affiliates in a
similar fashion.!”

As shown in Panel B, notwithstanding the post-1996 drop in the actual listing count, there
is little evidence that the remaining listed firms contribute less to the macroeconomic time
series. Specifically, in the post-1996 period, the ratio of U.S. workers employed by public
firms is 25.5% in 1996 and 23.8% in 2018 (the last year of information on foreign affiliates
in BEA), while the value added by public firms to U.S. GDP is 26.7% in 1996 and 28.5% in
2018. Also important, there is a substantial increase in innovation activity of U.S. listed firms
as a fraction of all U.S. entities (public and private firms, governmental agencies, universities,
and individuals): R&D spending increases from 54.5% to 68.7% (1996-2018), while granted
patents relative to all entities increases from 40.8% to 49.7% (1996-2016). We conclude from
Panel B that the post-1996 merger-driven listing decline in important ways has increased

rather than decreased the contribution of listed firms to the U.S. economy.

6CAR is the difference between the realized and the value-weighted market returns from CRSP. The pre-
announcement market value of the bidder and the target is measured one month before the deal announcements.
Due to missing data, the sample consists of 3,923 public-to-public mergers, or around two-thirds of all of the
public-to-public mergers in our sample.

1"With a sample period that starts in 1973, Schlingemann and Stulz (2022) show that the proportion of
U.S. employment and GDP attributable to listed firms declines prior to the early 1990s for then to increase.
The late-period increase i GDP is confirmed below as well.
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6 Conclusion

Listing dynamics, which results from stock-markets attracting and retaining firms under public
ownership, depends not only on changes in the net listing benefits of stand-alone entities but
also on gains from merging with public acquirers. While extant research primarily attributes
the dramatic post-1996 U.S. listing decline to a reduction in net listing benefits, we instead
focus on the merger channel. Our empirical methodology is novel in that it directly adjusts, at
the firm level, for the targets of public acquirers—creating a causal relationship that we label
merger-driven listing dynamics. While actual listing series count stand-alone firms only, our
merger-adjustment also recognizes that a delisted firm may continue inside its public acquirer,
and that a private firm may choose a sellout to a public acquirer rather than going public.
Our merger-adjusted listing count explicitly accounts for this external growth in firm size,
which the actual listing count does not.

Using the full anatomy of U.S. lists and delists over the period 1980-2020, we show that
targets of public acquirers exceed stock market entries via IPOs both in number and trans-
action value. Moreover, accounting for these targets eliminates the post-1996 decline in the
U.S. Furthermore, our international evidence on merger-driven listing dynamics uncovers a
unique ability of U.S. stock markets to attract and retain firms under public ownership. This
inference is based on three additional findings. First, we discover that as much as four-fifths
of countries experience listing peaks followed by a ‘U.S.-style’ decline, with their peaks dis-
tributed widely over the past four decades. Second, exploiting this cross-country variation
reveals that, internationally, the merger channel plays a significantly weaker role than in the
U.S. in explaining the post-peak rates of listing decline. Rather, in other countries, post-peak
listing declines tend to reflect outflows of firms from public markets rather than retentions
within public acquirers.

Third, and equally important, our merger adjustment eliminates the so-called ‘U.S. listing
gap’, which the extant literature suggest is caused by a relative decline in U.S. net listing
benefits. Instead, our evidence points to a distinct U.S. listing advantage by providing access

to a well-functioning market for complex merger transactions. While the efficiency of U.S.
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merger transactions is shown in extant research, we further support this notion through our
evidence that the net transaction value (inflows net of outflows) increased after 1996, and that
the contribution of the remaining listed firms to employment and GDP did not fall between
1996 and 2020. Moreover, listed firms’ share of R&D and patents has increased substantially.

Finally, the surprisingly high frequency of international listing peaks—and their surprising
similarity to the U.S. 1996-peak in terms of the rates of incline and decline—raises questions of
what constitutes the fundamental drivers of listing dynamics. While our analysis controls for
mergers as well as country-level differences in factors such as macroeconomic growth, trade,
and innovation activity, additional research is required to identify the timing of the peaks and,

by extension, why some countries have yet to experience such peaks.
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Table 1: Definition of variables representing actual and merger-adjusted new lists
and delists

Definition

Data sources (further details in Appendix B.1)

A: New lists

IPO
Initial public offering on NYSE, AMEX, or
Nasdagq.

Spin
Divisional spin-off from a U.S. public com-
pany.

Miscnew
Relist, uplist, CRSP reorganization (when a
merger of equals results in the creation of a
new firm), CRSP form change (to U.S. com-
mon stock and/or U.S. incorporation, and also
when a SPAC acquisition is completed), or
unidentified new list.

Mergeprivate—to— Public
Private-to-public merger: acquisition in which
a U.S. public company acquires a non-public
corporation (foreign, private, or OTC firm).
Does not include SPAC acquisitions, since
SPACs (with other investment vehicles) are
not counted as ‘public’.

B: Delists

Mergepuplic—to—Public
Public-to-public merger: a merger between
two publicly listed U.S. companies.

Mergepuptic—to—Private
Public-to-private merger: merger in which a
U.S. public firm is acquired by a foreign, pri-
vate, or OTC firm.

M iSCDEl
Delist due to cause, voluntarily, or for un-
known reasons.

DiveStSubsid'im'y—tn—PM"uate
Subsidiary-to-private divestiture: acquisition
of a U.S. public-owned subsidiary by a private,
foreign, or OTC firm.

Matched to IPO data from SDC and Jay Rit-
ter’s webpage, counting U.S. operating com-
panies only.

Identified in CRSP (distribution code 3763)
and SDC (acquirer name ‘shareholders’).
Spin-off parent is confirmed as U.S. public
using CRSP. Includes equity carve-outs (for
cash).

Relists, reorganizations, and form changes are
identified in CRSP. Remaining new lists are
classified as uplists, and verified when possible
using OTC data from WRDS, SDC (by iden-
tifying ‘follow-on’ listings that occur simulta-
neously with a new listing), and manual web
searches.

Mergers are completed transactions that are
identified in SDC wusing the deal forms
‘merger’, ‘acquisition’, and ‘acquisition of
remaining-, partial- and majority interest’,
and result in 100% ownership. Targets must
have a greater market value than the first per-
centile of same-industry (using Fama-French
12 industry definitions) public firms that re-
main listed one year later. Percentiles are de-
termined using data from CRSP.

Merger delistings are identified in CRSP using
acquiring PERMCO and PERMNO (delisting
codes 200-399). Acquirer identity is found in
SDC, CRSP, and manually with web searches.

Same as above.

Cause delists are identified in CRSP using
delisting codes 400-569 and 574-999, and vol-
untary delists with codes 570-573. Unknown
delistings are not marked in CRSP by a delist-
ing code, but occur when the firm leaves the
CRSP sample of U.S. public firms for more
than two weeks for reasons other than trading
suspensions.

Takeovers are identified in SDC (excludes
deals with acquirer name ‘shareholders’).
Minimum target size threshold is calculated
using CRSP and is the same as that of
Mergeprivate—to— Public- Subsidiary parent is
confirmed as U.S. public using CRSP. The
subsidiary itself must not be publicly listed.
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Table 3: International listing counts and peak years

This table provides an overview of country-specific listing peaks, sorted by year of peak.
A country’s listing-peak year is defined as the year with the highest listing count between
1975-2019. Columns (4) and (5) show each country’s change in listing count from the peak
year to 2020. Advanced and developing/emerging economies are defined by the IMF. Data
are from CRSP, WDI, WFE, CEIC, and stock exchange homepages.

Peak Listing 2020 Change
listing  count listing  since  Annual
year at peak count peak  change

Country (1) (2) (3) (4) ()
A: Advanced countries that have peaked

Denmark 1986 274 127 -54% -1.6%
New Zealand 1986 339 122 -64% -1.9%
Luxembourg 1987 347 27 -92%  -2.8%
Portugal 1988 158 37 STT% 0 -2.4%
Austria 1992 112 68 -39% -1.4%
Ireland 1996 93 38 -59% -2.5%
United States 1996 7,325 3,633 -50% -2.1%
Canada 1998 1,991 764 -62% -2.8%
Czech Republic 1998 92 20 -78% -3.6%
Estonia 1998 25 18 -28% -1.3%
Latvia 1998 67 18 -73% -3.3%
Lithuania 1998 60 25 -58% -2.7%
Belgium 1999 278 110 -60% -2.9%
Finland 2000 158 126 -20% -1.0%
France 2000 1,185 417 -65% -3.2%
Israel 2000 664 429 -35% -1.8%
Netherlands 2000 392 98 -75% -3.8%
Slovenia 2001 151 29 81%  -4.3%
Greece 2003 339 167 -51% -3.0%
Switzerland 2003 289 220 -24% -1.4%
Singapore 2005 564 458 -19% -1.3%
United Kingdom 2006 2913 1,601 -45% -3.2%
Germany 2007 761 438 -42%  -3.3%
Norway 2008 209 174 -17% -1.4%
Slovakia 2009 16 12 -25% -2.3%
Spain 2015 3,623 2695  -26% -5.1%
Australia 2017 2,013 1,901 -6% -1.9%
Average (N = 27) 2000 905 510 -49% -2.5%
B: Advanced countries that have not peaked by 2020

Hong Kong - - 2,360 - -
Italy - - 374 - -
Japan - - 2,808 - -
South Korea — — 2,323 — —
Sweden - - 335 - -
Taiwan - - 948 - -
Average (N = 6) - - 1,525 - -

Continued on next page
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Table 3: Continued (page 2 of 2)

Peak  Listing 2020 Change

listing count listing  since Annual

year at peak count peak change
Country (1) (2) (3) 4) (5)
C: Developing/emerging countries that have peaked
Argentina 1975 321 91 -72% -1.6%
South Africa 1988 754 259 -66% -2.1%
Brazil 1989 592 345 -42% -1.3%
Mexico 1990 390 140 -64% -2.1%
Costa Rica 1994 31 10 -68% -2.6%
India 1996 5,999 5,579 -7% -0.3%
Pakistan 1996 782 540 -31% -1.3%
Chile 1997 294 207 -30% -1.3%
Colombia 1997 128 65 -49% -2.1%
Peru 1998 246 199 -19% -0.9%
Romania 1998 126 81 -36% -1.6%
Hungary 1999 64 45 -30% -1.4%
Panama 2000 151 33 -78% -3.9%
Egypt 2002 1,150 238 -79% -4.4%
Iran 2005 408 368 -10% -0.7%
Oman 2005 235 111 -53% -3.5%
Malaysia 2006 1,021 925 -9% -0.7%
Croatia 2007 359 107 -70% -5.4%
Bahrain 2008 45 42 -7% -0.6%
Bulgaria 2008 404 259 -36% -3.0%
Morocco 2008 7 75 -3% -0.2%
Jordan 2010 277 180 -35% -3.5%
Nigeria 2010 215 177 -18% -1.8%
Kuwait 2011 215 171 -20% -2.3%
Russia 2012 292 213 -27% -3.4%
Poland 2015 872 784 -10% -2.0%
Turkey 2015 392 366 -7% -1.3%
Ghana 2016 37 31 -16% -4.1%
Kenya 2016 65 60 -8% -1.9%
Tunisia 2017 82 80 -2% -0.8%
Sri Lanka 2018 297 265 -11% -5.4%
Average (N = 31) 2003 526 389 -33% -2.2%
D: Developing/emerging countries that have not peaked by 2020
Bangladesh - - 628 - -
China - - 4,186 - -
Indonesia - - 716 - -
Kazakhstan - - 97 - -
Philippines - - 268 - -
Qatar - - 48 - -
Saudi Arabia - - 207 - -
Thailand - - 744 - -
United Arab Emirates - - 74 - -
Vietnam - - 751 - -
Average (N = 10) - - 772 - -

92



LT g€ qT 0€ L1 g€ qT 0€ L1 q€ qT 0€ N

1280 ata 109°0 eL1'0 GLT0 9.0°0 0.5°0 €010 VET'0 6200 8970 6L0°0 A
(0000)  (0000)  (0000)  (000°0) (00000)  (0000)  (0000)  (0000) | (0000)  (0000)  (0000)  (000°0)
100°0- 0000-  00000-  000°0- 000°0- 0000 0000- 0000 | 00070 0000 0000- 0000 da»

(g0e'sf)  (629°1%)  (086°08) (F0S1¥) | (9ee€q)  (Sehek) (FLP1¥) (e52Le) | (1667¢8)  (9F9°Sh)  (¢9188)  (9F0°9C)
680°€9-  982°0G-  90F'8L-  TTTFY- | TC6TH  F6L'SE-  TIE9G-  IFETH- | 0LE TP~ STEGT-  LEG9G- TSPy suoneordde ymejed
so[qerrea poress-uoljendog

(€00°0) (z000)  (g000)  (200°0) (900°0) (¢000)  (#00'0)  (100°0) | (2000)  (2000)  (¢00°0)  (100°0)

000°0- 1000~ 000°0- 100°0 €00°0 100°0- €00°0 100°0 €000 1000- 2000 1000 SMO[JUI 99T T(T
(0000)  (0000)  (0000)  (000°0) (0000)  (0000)  (0000)  (0000) | (00000)  (0000)  (0000)  (000°0)
000°0- 0000- 00000  000°0- 000°0- 0000 0000- 0000 | 000°0- 0000 0000- 0000 apeay,

so[qerIeA pafeds-J5
(too0)  (to00)  (1000)  (1000) | (10000)  (100°0)  (100°0)  (100°0) | (100°0)  (100°0)  (100°0)  (100°0)

0000 0000 0000-  T000- 000°0- 0000 1000- 1000~ | 000°0- 0000 1000- 10070~ Im018 JqDH
(8e00)  (6200)  (8900)  (950°0) (9r0'0)  (ee00)  (6¥70°0)  (s0°0) | (8%0°0)  (e€0'0)  (150°0)  (9%0°0)
820°0- 100°0- ¥€0°0 1€0°0 €70°0- 0000 ¢L0°0 2S00 | GS00-  €00°0- 180°0 $60°0  dnunt yunoo Sursry

so[qerreA pmoas xead-aig
(1100)  (0o1t0°0)  (€1000)  (210°0) (¢zto0)  (ot00)  (6000)  (600°0) | (e10°0)  (r10°0)  (600°0)  (600°0)

***ﬁ@O.Cw ***%@0.0w **ch.ow %**.@mo.cw ***Nﬁo‘ow *%*mﬁc.ow *%@ND.Cw **NND‘Ow NCO‘Ow wﬂo.ow OC0.0 mﬂc.o mbq
(s100)  (¥100)  (61000)  (g1000) | (1g00)  (¢r000)  (¥T0°0)  (¥10°0) | (Ggo0)  (¢r0'0)  (910°0)  (¥10°0)
w5 CL0°0  wsxlP0'0 448300 %x6€0°0 | 5xx920°0 sk GV0°0  45%T90°0  5xGE€0°0 | 55x¥80°0  4xx8V0°0  %xx990°0  4%LEO'0 Jueisuo))
(e1) (1m) (o1) (6) (8) () (9) (9) (¥) (€) (¢) (0 s10ssoa30Y
APy v APV v APY v APV v APV v APV v ‘sotrjunon paydureg
s1eok ¢F SIedA GF s1eok ¢F s1eok GF sIeOA ¢F SIedA GF QW) JUOAH
unod Surysi junod 3ur)si| ‘[pe-1e81omn unos SurysI|
‘[pe-1eStow-[[y :'our)oo] orqnd-o}-o1[qng :*ouoa(7 pojsnlpeun :ouipog

"S[OASL YT PUR ‘946 ‘%0T oY)
1@ 9OUROYIUSIS [ROIISIIRIS JRIIPUL 4. PUR ‘. ¢, "SIOLD pIepuR)s Isnqor Ae[dsip sosoyjuored " JINI 9U) A POUISSR[D 9IR SOIUIOU0dd PIURAPY " JIN] Pue yueqg
PIIOAA O} WOIJ aIe SS[(RLIRA [0I13U0)) ")(]S WO oIe Bjep I9SIow pue ‘segedswor aduryoxs pur ‘DI ‘HAM ‘TIA\ WO oIe vjep Junod Surysi useio] ‘Jsyd
WOJJ 91k BIRD JUNOD FUISI[ "G'() "SOIWIOUO0IS PadueApe o[dures AJUO SUWN[0D POISCUINU-USAD PUR SOLIJUNOD J[(R[IBAR [[RB 9Nl SUWN[0D PIIOQUINU-PP() ‘SISIINO
0} onp Popn[oxo oIe B8N0 pue ‘Srnoquioxng Orqndey] Yooz “eryeol)) ‘A[[eUonIppy ‘eiep Sulsstat 0j onp poddolp oIe SOLIIUNOD [RISADS *(SOLIJUNOD C) 6T
pue ¢)6T Uoamiaq yeoad & 0oULLIOdXS ] SOLIJUNOD JO IST[ [[NJ oYY YIM s1re)s o[dures o[, ‘J(J5H Pue (SIUSPISAI Pue SULIY d19SoWOP Aq PaY) suownoyddp juagnJ
aIe so[qerrea paress-uoryeindod ‘AfTeur,] *(JUOUWISOAUT 1001Ip USII0]) smopfur gou [T pue (sproduit snid sp10dxoe) 9ppif oIe S9[qRLIRA PORIS-J(D) “YIMmoib J(TH
pue (junoo urysi) pajsnlpeun ur yimord juedted) dnun. junood buisiy oxe sejqerres Yimoisd yead-ard -2 A1junoo ur yeed Surysi) oYy o10joq (s[dures o1} uo
Surpuadop) sIeed 99I7) 10 9AY ) WOIJ oNfeA dFRIoAR [eNUUR U SI YoRY So[qRLIeA [01U0D dyIads-A1junoo yead-o1d Jo 10s ® SI Y7 "9SIMISYIO OI9Z pUR ‘')
o1} ST AIJUNO0D dY) JI 9UO JO onfea ' Junye) Awrwmp e st S2¢7 “(g1)—(6) sumwnod ur junod urgsi pejsnlpe-rodiow [[nf oy pue ‘(g)—(g) suWN[Od UI JUN0d JUSI|
possnlpe-1o81ow otjqnd-o3-otgqnd o1 ‘(F)—(1) suwmod ur junod Jurysi] pajsnlpeun o) WOIJ POYe[NI[ed St *oulpa(g yeod Sursi s, A19Unod Jety wige (Z1-11 ‘8L

“f—¢ sumnjod) s1eak 9011} 10 (0T—6 ‘9-G ‘g—T SUWN]0D) SILdA AT Y] UT 2 AIJUNO0D I0] SWLIY PAJST] UT dUIDAP JO (JuweoIod) oyel [enuue ofeIoAr o1} ST ou1j09(J 2101 M
N = Bz g 4o = fupag
uo11eOYIads UOISSISI SUIMOT[0] 9} WO} S9JRUIIISS JUSIDIFO0D SMOYS S[(RY) SIY T,

QUI[I9P JO ojel junod Jur)si] yead-1sod jo sjueuruiola( :f 9[qel,

93



LT q€ g1 0€ L1 Ge qr 0€ LT g€ qr 0€ N
€17°0 991°0 Geg’o 98T°0 89¢°0 G90°0 ce90 8¢T°0 S ral] L5070 804°0 cIT’o ¢ 9BeIOAY
#%x8€0°0~ #x6€0°0~ #%xL€0°0" #xx 1€0°0" #xx8€0°0- #x6C0°0~ Losamy,

$5x070°0" #xx67070" sk V70°0" BISTuLy,

¢10°0- 2000~ €00°0- elssy

%x8C0°0~ %0000~ *x8C0°0~ %660°0~ sk 160707 #x900°0~ puelod

2000 20070 800°0 11070 1100 g

$5VET°0 %0810 #xx1ET°0 eureue

#xx670°0" «0€0°0- #xxE70°0" %0€0°0- 497070~ %6€0°0- ueysyed

#xx690°0~ xxx 170°0- #xxG70°0" #x9€0°0- #xE€70°0~ #x7€0°0- 020010

#x£95070- ¢S0°0- #x6V0°0- 8€0°0- #x170°0- Ge0'0- risAeTR]\]

£20°0~ ¥20°0- 120°0- eAuoy]

¥00°0 S00°0- 0000~ 8000~ 00070~ 20070~ uepiof

c00°0 +820°0~ 100°0 62070~ 00070~ %€€0°0- uelp

***Dﬁo.ou **amo.ol **Owo.ou *%*mmo.ol *%Nﬁ@.@u **%Nmo.ou vIpul

556500 910°0 558700 1100 #9700 800°0 AreFunyg

#xx8L0°0 ##x960°0 #xx8L0°0 %6600 #xx520°0 #5k160°0 yd4sy

#xL¥0°0 #xGV0°0 «070°0 BOTY BISOD)

#%x060°0 €10°0- #xx001°0 ¥10°0- #xx€0T°0 L0070~ BIqUIOIOD

9T0°0- 100°0- ¢10°0- €00°0 71070~ <000 OO

%*8L0°0- cv0°0- 88070~ %9700~ 16070~ *870°0- erresmnyg
sorwrouood Surdiowe /Surdojoss

sxk790°07  4x4890°07 4k IV0'0"  55x9€0°07 | 44xCV0°0~  54x6V0°0-  %4920°0-  xG00°0~ L0070~ ¥10°0- 6000 €10°0 SN
6000 800°0 100 600°0 LE0°0 #x6€0°0 ¥10°0 #xx900°0 0v0°0 #xx8€0°0 ¥10°0 #xx860°0 M0
S00°0- €00°0- ¥10°0- %6¢0°0- €10°0- 6000~ %6100~ %5¢0°0- 610°0- q10°0- #x600°07  5xxE€0°0- puB[IeZ}IAG
€00°0 0200 c100 ¥10°0 9000~ €10°0 c00°0- 20070 €10°0- 600°0 c10°0- 000°0 uredg
620°0- 8000~ 7600 170°0 €00 %1200~ 9100 800°0 LE0°0- +900°0- 700°0 70070 BIUSAO[S
L2070 6200 110°0 8200 ¥00°0- c100 c00°0- L10°0 810°0- 800°0 000 ¥10°0 BIRAO[S
T o- ¥10°0 PI1°0- 260°0- €800 €€0°0 260°0- 180°0- Gc0'0- 0600 11070 29070~ arodesurg
20070~ €60°0- 000°0- <000 L10°0- %LL0°0- €200~ 120°0- 72070~ *«760°0~ 0¥0°0- 7€0°0- AemIoN
$#xL80°0 5228070 2200 12070 #xx190°0  5xx990°0 120°0 #xVC0°0 | 54xC90°0 429070 810°0 #x7C0°0 SpuelYON
T11°0- G90°0- *GL1°0" ¥60°0- +681°0- 960°0- BIAjeT
L10°0 +x600°0 20070 ¥10°0 €00°0- 0100 €00°0- 0000~ g10°0- 0000 €10°0- 60070~ [oeI1s]
8200~ ¥00°0- #xx870°07 %PC0°0- 120°0- 70070~ #x7€0°0-  %120°0- 020°0- ¢00°0- x£€0°0- 020°0- 999917
7070 0€0°0 *LL0°0 %x990°0 L20°0 700°0 #x890°0 920°0 €000 6T0°0- 2200 €000 Aweuton
#x6990°0  5xx990°0 44 PE00 5%k GE00 | 4x%990°0  4xxF90°0  4xPCO'0 446800 | 55x€90°0  5xxC90°0  «6T0°0  %xx920°0 ouRIg
0€0°0- 0200~ %0800~ *C6¥0°0- €00 0100~ 620°0- L10°0- €€0°0- 80070~ *1€0°0- L1070~ puerurg
#xV€0°0  4xx6€0°0 c00°0 2000 ##x090°0  54x850°0 %6200 #4%EC0'0 | 5xx€L0°0  44x0L0°0  55x070°0  4%xCEO'0 epreuen
*wwcdu *mﬂO.Du **wmodu *m.mo.o| **mho.ou *NmDAOv eI[RIISNY
SOIUIOU0D9 PIDURAPY

(e1) (D) (o1) (6) (8) () 9) (c) ¥ (e) (c) (1) SI0SS0IB0Y
APV v APV v APy v APV v APV v APV v :$91TyuNod pojdureg
SIROA ¢F sTeok GF s1eak ¢F s1eoA CF STeoA ¢F s1eoh CF W) JUOAT]

Junod Surysi
‘[pe-1o8IouI-[[y :'ou1)29(]

junod ‘fpe-reSiow

onqnd-03-o1qng :*9u1ag

Junod Jurgsip
pojsnlpeupn :‘ou)paq

SUI}108 WIOIJ SHNSOI JR[} SOIRTIIISO JUSIOIJO0D ¢ O SMOUS MOI TRy ST sooe[dal yorym *A4unod 1 101 1deoxo § o[RBT, Ul Se oIv SUOIIULOD O[(RLIBA QIOUM

‘S[OAd] %4 T PUR ‘04G ‘04T oYY IR 0OUROYIUSIS [ROIISIIR]S OJRIIPUL .\ PUR ‘y

pIepue)s UOISSeISoy ‘F O[(B, Ul Se oIe $90Inos eyep pue (gT)—() SUWn[o)) ‘UWN[0d JSI oY) Ul POYedIpul AIJUN0D A} ST ¢ AIUN0D JT ouo [enbo of fuunodqg

AZA...AH —

4

U9 7\ 4 MO 4 0 = toua(]

nﬁoﬁpﬁowﬂowgm Qoﬁwmwpwmﬁ 9} WOJ] S9jeliI}so JUIIIJo00 Q SMOUS 9[ge} SIY T,

% O[®Y 9U) Ul UMOTS JOU I ISNGOI I SIOLID

QUI[J9P JO 9%kl junod 3urlsi| yead-jsod uo sjoepge doyrads-A1uno)) ¢ a[qer,

94



a3ed jxou U0 panuuo))

(erro)  (or0)  (¢600)  (9pT°0) | (201°0)  (69T°0)  (€60°0)  (gpT'0) | (90T0)  (891°0)  (€60°0)  (8€T°0)
£60°0 €00°0 £E8T°0  «ELT°0 GIT0-  4€0€°0-  0P0'0- L2200 | 444EFE0"  4sxB9G°0"  4s4lLC0-  4TECO- Lwump 6661 SN
(rtro)  (@9r0)  (96000)  (661°0) | (901°0)  (€9T0)  (#60°0)  (9e10) | (S0T0)  (891°0)  (¢60°0)  (G€T°0)
aral) CET0 449600  44x08€°0 | 8200 Ge1'0- 9%0°0 0ST°0 IST0-  «4P9€0-  IET°0- VOO fwump 8661 SN
(coro)  (6¢T0)  (¢600)  (peT'0) | (860°0)  (29T°0)  (P60°0)  (zer0) | (L6000)  (291°0)  (¥60°0)  (1€T°0)
ok 1CE0  TTTO0 40920 4ieskCEVO | ELTO £20°0- TCT0  «LETO 0700 €8T°0- 6000~ 980°0 Lwomp 66T SN
(6600)  (ger0)  (9600)  (811°0) | (¢600)  (9er0)  (¥60°0)  (211°0) | (¥60°0)  (961°0)  (¢60°0)  (911°0)
w5 198°0 448080 44x8L8°0  #xxLGF0 | #4E7T0 €11°0 #ELT0 449620 | TPTO 800°0~ 9.0°0 z81°0 furwmp 9667 S’
(g600)  (etr0)  (06000)  (00T°0) | (z60°0)  (TTT°0)  (060°0)  (860°0) | (260°0)  (TTT°0)  (160°0)  (260°0)
#kx66C°0 48610 4x8TT0  wksFLTO | 4xS0T0 2600 THT0 1¢1°0 LTT°0 ce0°0- 690°0 690°0 Awump ¢66T SN
(z600)  (#1T°0)  (9800)  (260°0) | (060°0)  (sTr0)  (980°0)  (960°0) | (160°0)  (911°0)  (880°0)  (660°0)
#x161°0 ¢c0°0 #xLLT°0 *x961°0 6¢1°0 7L0°0- LIT0 €010 ¢L00 evro- €900 7600 Awump $66T "S N
(62000 (6600)  (¥80°0)  (060°0) | (6200)  (sor0)  (¥80°0)  (260°0) | (6200)  (2010)  (¢80°0)  (260°0)
wkxSTT0  4LLT°0 489T°0  4ksl6T0 | 4FCTO 190°0 PITO 6020 | SIT0 0100 080°0 #C9T°0 fwump g661 SN
(0s00)  (6¢00)  (sP0°0)  (990°0) | (6v0°0)  (190°0)  (8v0°0)  (260°0) | (0%00)  (290°0)  (6V0°0)  (850°0)
#8110 450T°0 P00 4xxIST0 | 5F80°0 zr0°0 G200 48600 090°0 6000 2000 890°0 Lwump z66T SN
(2600)  (gc00)  (97000)  (120°0) | (620°0)  (8¢000)  (870°0)  (e¢0'0) | (0900)  (0900)  (060°0)  (¥50°0)
160°0 620°0 ¢10°0 ¥80°0 £80°0 600°0- 610°0 650°0 7L0°0 120°0- z10°0 €700 fwump 1661 SN
(6L1°0) (€21°0) (g81°0) (6L1°0) (L81°0) (181°0)
***wmm.o\ %%*mmmOw ***NHNOw **ﬂmﬁ\.o\ **%W@@O\ **HowOw kﬁ:QHZMV mD
(to00)  (¥00°0)  (1000)  (€00°0) | (100'0)  (F00°0)  (100°0)  (€00°0) | (10000)  (¥00°0)  (100°0)  (€00°0)
#7000~ 0000 000°0 G00°0- | #+P00°0- €000 T00°0-  F00'0- | %++P00°0-  $00°0 T000-  €00°0- 8018 J(aH
(er1°0)  (¥80°0) (geT0)  (¥80°0) (geT0)  (480°0)
OPT'0  ssslIL0 #x08G°0 558890 #%668°0  5xF€9°0 (endes/qan)so1
(aL¥°0) (¥sv°0) (10¢°0) (cL¥°0) (01°0) (647°0)
o OPET s OST T #xCVT T G T «+08T'T #xxGLET  XOpul Sul[eopJps-uy
(6or0)  (e1e0)  (eeo)  (69€0) | (eor0)  (ee0)  (o1€'0)  (09€°0) | (coro)  (ogg0)  (01€70)  (29€0)
LO0T'0- 4980 4s4s888'T  980°0- GP0'0  4xGE8°0"  4kxC6ST  60T0 TE0'0- @IS0 suslLST  OLTO Jue)suo))
(1) (11) (01) (6) (8) (2) (9) (c) ) (€) (¢) (1) s108s2130Y
ddn »d ejden g ddn »d ejdes g ddn »d ejides g
(D) unoo Sunsy poysnipe (zD) yunoo Sunsy poysnipe (TD) unoo Sunsy pejsnlpeun) g
-108IW-[Y ¥4 -10810m o1[qnd-03-01[qng :¥{

S[OAS] %T PUB ‘%G
‘00T 92 1@ 90URDIYIUSIS [ROIISTIR)S OJRIIPUL 4.\ PUR ‘., ‘. 'SIOLIO PIRPUR]S POIOISN[I-AIIUN0D AR[dSIp sesotjuaIed "D (IS WOIJ oIe viep ISIow pur ‘sogedowioy
a8uerpxe pue [(JA\ WOIJ aIe vjep Junod urysi] udio] ‘JSHD WOIJ oIk ©jep Junod Suljsi 'S () "SOLIunod ., jo ojdures [[1j oY) UO UNI oI SUOISSAISaI oy, "]
109204 9T} Ul Iojourered Tenuue o1y ST L oIoym ‘(s[qerrea Surfeds #f oy} uo Surpuedep) (T — 42) X *SAFTH x 0661511 10 (T — 4 2) X ¥SAdog x 06615y
se pandwoo st ded Sursi] "g ) Y)Y JO 971 oY) ‘(66T IoWe 7 IedA Ded 104 7 Iead ul (mord Jo) pue (eyides/J H)S0] ‘Xopul Sul[esap-J[os-19ue) So[qeLIRA
[01910D 27y10ads-A1)Unod Jo 498 © ST ¥ puR ‘9SIMISYIO OIdZ PUE ‘G () 9} ST AIJUNOD d) JI dUO JO onfes © SUIe) d[(eLIeA AWWND ®© ST ST "MO[dq SUWN]0D
POIDqUINU-USAD UI POPN[OUT ATUO oIv $)100[o poXy AIjunoy) ‘A[oar}oodsel ‘sjodfe poxy IeoA pue AIjunood are % pue ‘¢ *(17) ‘by ur peuyep oIe ¢r) pue ‘go
‘19 (21-11) @D 10d 10 (01-6) vHdes 10d (¢5)) yumod 3uryst) poysnlpe-ro3row-[[e 10 ‘(8-2) JAO 1od 10 (9-¢) rudes 1od (zo)) yumod 3uryst) poysnlpe-rorou
oriqnd-og-otriqnd ‘(7—¢) 4D Iod 1o (g-T1) eydes 1ad (TH)) junod Surysi] [enjoe uwWM[od Aq salrea (#g) 7 Iead Ul 2 AIJUNO0D I0J d[qeliea juapuadep oY) aIoym

‘NT=1 02020667 =1 M4 PXY 4 (2 x SAG) T+ SAqg + L+t + 0 = (PR)uy
:uo11eOYIads UOISSaISeT SUIMO[[0F Y[} WOIJ S9YRTIIISS JUSIOFe0D s110dal o[qe) o T,

0Z0Z2—066T ser1punod (e ‘sded Surjsi] pajsnlpe-resiomr pue pajysnlpeun ‘g Jo sorewir)sy :9 d[qelL,

95



6.0'C 16L°T 60 T6L°T 6L0'C 16L°T 6L0c  T6LT 180°'g GLL'T 180G GLLT N
1980 €610 860 €950 888°0 0¥1°0 Ge6'0 €050 2680 161°0 €660 0670 A
m®> OZ m@> OZ w@.\ﬂ OZ w®> OZ m®> OZ m@.% OZ M.Mrm \QQZSO
w®> w®> w@> w®> w@xﬁ w®> w@> w®> w®> w®> m@.% mw\ﬁ mrm Hmm..%
(ov1°0)  (g61°0) (F€T0) (P21°0) | (2€1°0)  (161°0) (ge1°0) (591°0) | (9¢1°0)  (681°0)  (GET0) (€91°0)
QLT0 €900  L00O  6IC0 6000 QLT0-  GET'0-  GTO0 | s4xl6F0"  45590L0- 45x9E9°0- 44490C°0- AWTUIp 020z 'S'N
(ov1°0)  (P61°0) (geT°0) (€21°0) | (2¢1°0)  (06T°0) (geT0) (co1°0) | (26T0)  (68T°0)  (9€T°0) (291°0)
1620 FL00 6100  6ET0 920°0 6ST°0-  €ET'0-  GT00 | 5#s€67°0" sssCPL 0" 4l GO°0-  4is0€C°0-  AWmunp 610z 'S'N
(gp10) (981°0) (ver0) (991°0) | (9¢1°0)  (1810) (2er0) (8¢1°0) | (¢er0)  (s21°0)  (ver0)  (€ST°0)
66’0 6010 1300  6£T0 700 €GT0-  OFT'0- 2000 | 54xS67°0"  4usFLO0"  4snl09°0- asI1G°0-  AWmump 810z SN
(evr0) (181°0) (1€T0) (291°0) | (PECT'O)  (LLT0) (621°0) (¥S10) | (ger0)  (121°0)  (16T°0)  (6¥T°0)
€20 1010 €500 1220 1200 GOT'0-  LPT'0- L1007 | sssTTC0"  4ssT89°0"  4snCLO0- isIEC0- AWTULP LT0Z SO
(e¥1°0)  (881°0) (0€T°0) (691°0) | (P€T°0)  (€81°0) (821°0) (091°0) | (ge1°0)  (F21°0)  (IET0) (zs1°0)
gIco  T00 L1000 FTT0 2000 GIT0-  TOT'0-  SZO0- | s4xlTC°0"  4s500L0  45x089°0- 444L9C°0- AWUmp 9707 'S'N
(#Fr°0)  (s12°0) (FPET0) (98T°0) | (P€T'O)  (€12°0) (TET°0) (821°0) | (PE€T'O)  (S020) (V€T 0) (1L1°0)
#L8T0  TOT'0  TE00 900 690°0 TCT0- OPT0- 62070 | sksl€F 0" 4ss8TL 0" 4xx8€9°0" 4asFOP°0-  Awmump ¢10z 'S0
(orr0) (161°0) (L6T0) (021°0) | (1€1°0)  (281T°0)  (¥er0) (g91°0) | (1€10)  (081°0)  (9¢10)  (9S1°0)
k6070 8GT'0  LLO0  44TLE0 | 9STO 9%0°0-  €60°0-  F60°0 | x#L0E0" 48807 sxnllS0- 4 870~ Awmump $10z7 'S0
(6e10) (e81°0) (9¢10) (P9T°0) | (1€1°0)  (621°0)  (PET'0) (9¢1°0) | (1€T0)  (221°0)  (ger0)  (SST°0)
kP00 €820 €900  440L€0 | GLTO 020°0-  €IT0- 88070 | #4CEE°0"  4sslPC 0" 4xIT90- 44 9EF°0- AWULP €107 SN
(se1°0) (z61°0) (9€1°0) (891°0) | (621°0)  (881°0) (zET'0) (091°0) | (Sgr'0)  (2810)  (¥ET0) (851°0)
+++86E°0 8920  OF00  44€LE0 | 8STO 8900~ 6ET0-  €L0°0 | 4skEFE 0" srsF6G 0" s4xTEY0-  4ssSFF0-  AWUMP ZT0Z 'S0
(cer0)  (291°0) (ee10) (ecr0) | (9210)  (¢91°0)  (0g1°0) (99v1°0) | (9z10)  (e91°0)  (0€T0)  (FFT°0)
wk08€°0  4CG0E'0  €90°0  44GFE0 | OFTO G000 LET'0-  GG00 | 4ssCFE 0" k06707 4sslTO0-  snlPP0-  ATWCOODP TTOZ 'S
(ger0) (691°0) (6210) (es1°0) | (P1°0)  (9910)  (ggr0) (¢v1°0) | (ger0)  (P9T°0)  (9210)  (¥¥1°0)
k8GE°0  TITO LS00 4«VEECO | TITO LFO'0-  9TT°0-  THO'0 | 444G9E°0"  sskCPG 0" 54G8G°0"  4ax ICP0-  AWmp 010z "S'N
(1er0) (061°0) (6210) (891°0) | (ggr'0)  (9810) (ggr0) (191°0) | (Ger0)  (s81°0)  (9210)  (8ST°0)
w+xG9E0  LT2°0 9600  4489€0 | TITO TET°0-  OTT0-  FG00 | sk TGE0" 4450907 4546950~ 446CF 0~ AWTUND 6007 SN
(Lgr'0)  (s¢1°0) (ge10) (s¥10) | (0zr'0)  (gc1°0)  (121°0) (6€T°0) | (611°0)  (281°0)  (CT1°0) (8¢1°0)
*%*mwm.o *mwm.o 9¢1°0 **wmm.o NNHAO 0c0°0- 160°0- N.M.OO %**Hmm.ol ***mbwdu **%@del %**HN%.Ou %Eﬁ::u 8002 mD
(cgr'0)  (g61°0) (611°0) (¢¥1°0) | (611°0)  (ge10)  (911°0) (28T°0) | (617°0)  (191°0)  (L1T°0) (9¢1°0)
#60€0  8TT0  LFTO 440620 | TS00 GLO0-  980°0-  T000 | 5#+0L8°0" 4s4ETG 0" 4549090~ 444EEF°0- AWump L00z 'S'N
(ger0) (g91'0) (P1T0) (9%1°0) | (911°0)  (6ST°0) (211°0) (6€1°0) | (91T0)  (6¢1°0)  (6110)  (LET0)
#CST0  09T°0  99T'0  44G62°0 | 80070 €010~ T80°0-  £00°0 | s44ETF 0"  444G6G°0" s I6F°0- asICH0-  AWUNP 9007 SN
(6110) (6¢1°0) (11T°0) (2FT'0) | (PIT'O)  (85T°0)  (60T°0) (9¢1°0) | (PIT0)  (8¢1'0)  (01T0)  (S€T0)
9810 8600 GFT'0 48620 | T180°0- LET0- EIT°0-  THO0- | 4ssG87' 0" 44lGO°0- usTTG 0" 4GP0~ AWWID GOOZ "S'N
(o11°0)  (2¥1°0) (201°0) (v€10) | (11T°0)  (9F1°0)  (g01°0) (8TT'0) | (0TT°0)  (9%T°0)  (GOT°0) (L21°0)
8600  T€00  0T0  OLT0 POT'0- 440060~  OPT'0-  OTT'0- | sss6FG 0" 54x0L9°0-  444CEG 0~  44xGSF0-  AWWMD F00Z 'S0
(r1iro) (e6e10) (vor0) (8g1°0) | (601°0)  (8¢10)  (2010) (gg10) | (6010)  (8e1°0)  (g010)  (€21°0)
€100~ F80°0- €600  €L0°0 | x4G9T°0- skxl8E0~ 4OLTO-  TOT'0- | 4ssGEO0" ssnB9L 0" ssslFCG 0~ 4ix08G°0- ATIWUODD €00T 'S’
(g1r0) (gero) (10T0) (8¢1°0) | (601°0)  (8ST0)  (660°0) (ze10) | (6010)  (zer0)  (00T0)  (1€1°0)
L80°0-  0LT°0-  LOT'0 29070 | 4sx€0E°0- s I6F 0~ 4GOT'0- 86T~ | 4sxk0E9 0" 4xkTG8°0- sqsF0G0- 4440960 AWWMP Z00Z ‘SN
(g1r0)  (691°0) (£60°0) (8%1°0) | (801°0)  (0L1°0)  (960°0) (gv1°0) | (8010)  (021°0)  (960°0)  (6£1°0)
0£0°0-  L9T°0-  TET'0  FITO | s4F92°0  susP6F0-  STT0- V10" | 4440870  4ssFFS 0" s OGF 0-  444C0G°0-  AWTWUND T00Z SN
(erro)  (021°0) (960°0) (6¥1°0) | (2010)  (g210)  (¥600) (¥¥1°0) | (co1'0)  (F21°0)  (¥60°0) (1¥1°0)
9zZ0'0  9.0°0-  €GT0  80Z'0 | 400270 440070~ €60°0-  0S0°0- | 454897 0" 5xxl69°0" 4456980  44GGE0-  AWmmp 000z 'S'0
(c1) (11) (01) (6) (8) (2) 9) (¢) ¥) (¢) (c) (1) 510880130
dao w»g eyideo 104 dao wd epdeo 104 dao wg eyrdeo 104

(D) yunoo Sunsiy pagsnlpe
-103IoW-[[Y M4

(zD) yunod Sunsip pagsnlpe
-1031owt orqnd-oy-o1qnyg :¥g

(TD) 3unoo Sunsy paysnlpeun :'g

(2 30 g o8ed) penuruoy) :9 Sqe],

96



a3ed jxeu U0 panuuo))

(tvr0)  (92z0)  (90r0)  (u810) | (Ler'0)  (see0)  (00T°0)  (681°0) | (ver0)  (162°0)  (00T'0)  (881°0)
980°0- 800°0 921°0 90T°0 | #8920~ 9.0 €80°0-  TIT'0" | 55492F0- 4461507  44x008°0-  +9F€°0- Lwmmp 6661 SN
(6eT0)  (6ez0)  (cor0)  (610) | (921°0)  (sez0)  (660°0)  (661°0) | (gzr0)  (0820)  (660°0)  (L61°0)
8£0°0 ZI1'0 G610 661°0 621°0 £91°0- 920°0-  L10°0~ | £4963°0-  89€0-  x00¢°0-  ¥I1Z0- Lwump 8661 SN
#Fvro)  (eveo)  (oro)  (60zo) | (0gT'0)  (zez0)  (voT'0)  (¢120) | (9zT0)  (LPEO)  (FOT'O)  (PTC0)
8€T°0 902°0 L9T°0 9820 110°0 070°0- 9€0°0 ¥60°0 L0T°0- 661°0- ¥80°0- 090°0- Awmmp 2667 SN
(gero)  (6L10)  (toro) (ocro) | (egr0)  (e8r0)  (101°0)  (0c1°0) | (0gT0)  (281°0)  (10T°0)  (6¥1°0)
912°0 982°0 6ST0  4«PEE0 | 80T°0 160°0 850°0 zL1'0 6100 820°0~ 820°0~ 960°0 fwwnp 9661 §'N
(860°0)  (¢800)  (¥80°0)  (1800) | (¥60°0)  (180°0)  (980°0)  (180°0) | (z60'0)  (180°0)  (280°0)  (180°0)
wik00E°0  5ssOTE0 4k T0T0  sornPTE0 | 448610  44G8T°0  GOT'0  44I8T0 | TT'0 201°0 ¥€0°0 1600 Awmp G661 SN
(¢600)  (0or'0)  (z80°0)  (96000) | (880°0)  (s0r0)  (¢80°0)  (€01°0) | (880°0)  (¥OT'0)  (980°0)  (FOT'0)
9¢1°0 0TT°0 Gero EVT0 750°0 L10°0- €900 8¢0°0 G000 780°0- €100 L2070~ Awump 66T SN
(9200)  (oT0)  (89000)  (F¢T0) | (690°0)  (e8T°0)  (890°0)  (991°0) | (890°0)  (081°0)  (890°0)  (L91°0)
180°0 7€0°0 £60°0 1800 £70°0 660°0- ¥10°0 0200~ L10°0 €G1°0- T10°0- TL0'0- fwwnp €661 SN
(2v00)  (g600)  (gc00)  (2800) | (gv0°0)  (66000)  (¢c0'0)  (60°0) | (gr00)  (L60°0)  (990°0)  (260°0)
%6£80°0 9¢0°0 L2070~ 990°0 8600 ¥10°0- 8¢0°0- €000 0700 L¥0°0- TS0°0- 0€0°0- Awwmp z661 SN
(70°0)  (980°0)  (8%0°0)  (0800) | (680°0)  (z60°0)  (9¥0°0)  (¢80°0) | (6€00)  (160°0)  (9F0°0)  (980°0)
£00°0- 820°0~ 6L00-  FI0°0- G000~ 2L00- TLO0- 05070 0100 0600~ €L0°0- 890°0- fwwnp 1667 SN
(L61°0) (902°0) (902°0) (602°0) (902°0) (602°0)
ok EPG0- #8TG0- 86770 #xCGF 0" +kSLF 0 wkT€F0 Lurump g
(z000)  (2000)  (g00'0)  (20000) | (20000)  (8000)  (200°0)  (2000) | (200°0)  (800°0)  (c00°0)  (L00°0)
100°0- 2000 #€00°0 0000 2000~ €00°0 200°0 200’0 2000~ 900°0 1000 £00°0 Im018 J(aH
(0sT°0)  (672°0) (0sT°0)  (692°0) F210)  (292°0)
#8€€°0"  #xxG08°0 CLT'0- %8990 L0T°0- 4 PF9°0 (endes/gan)so1
(L67°0) (¥87°0) (67<°0) (Fec0) (19¢°0) (67¢°0)
+xx680°C YA i d #xx720°C #£0680°C okl 66T #xx£90°C  Xopul SurfeopJps-uy
(¢tro)  (eeg0)  (¢190)  (¢2600) | (801°0)  (F2€0)  (809°0)  (000'T) | (60T0)  (8.8°0)  (28¢'0)  (000°T)
#x0VG 0" 45898 T 454 G86'E  GPR0™ | 45w 670" 5sscl9G T seunGLVE  TLEO" | sessllPO" wssP9G T 44x8LTE  F8T0- jueysuop)
(c1) (11) (01) (6) (8) (2) (9) (g) () (€) (2) (1) s10ss2130Y
ddo »d ejden g ddo »d ejden g ddn »d ejdes g
(D) unoo Sunysy poysnlpe (zD) yunoo Sunsy poysnipe (TD) unod Sunsy pejsnlpeun) :'g
-108I0W-[Y ¥4 -10810m o1 qnd-03-01[qng :¥{

S[OAS] %T PUR ‘%G ‘%01 oYl
1@ 9OUROYTUSIS [ROIPSIIR)S OJRIIPUL 4.\ PUR ‘4 ¢, "SIOLIO PIRPUR]S POIO)SND-AIIunod Ae[dsip seseyjjuored (S WO oIe vjep I0ZIow pue ‘sofedowioy o3ueydxd
pue [(JAA WOIj oIk e)ep JUN0d Sursl] uSedo] ‘JS¥D WOIJ aIe Bjep junod SUurSI "S'() ‘SOIWIOU02d padueApe ¢¢ Jo sjduresqns o) UO UNI dI€ SUOISSAIFaI o], "]
101204 9T} Ul Iojourered Tenuue o1y ST L oIoym ‘(s[qerrea Surfeds #f oy} uo Surpuedep) (T — 42) X ¥SAFqTH x 0661'SAL 10 (T — 4 2) X ¥SAdog x 0661'Sg
se pandwoo st ded Sursi] "g ) Y)Y JO 971 oY) ‘(66T IoWe 7 IedA Ded 104 7 Iead ul (mord Jo) pue (eyides/J H)S0] ‘Xopul Sul[esap-J[os-19ue) So[qeLIRA
[0I3U0D 2YI0ads-AIIUNOD JO 398 © SI ¥ puR ‘OSIMISYIO OISZ pUE 'Q'() Y} SI AIJUNO0D ) JI SUO JO aNfes © Suye) d[erres AWWNp & ST SA(] “MO[dq SUWN]OD
POIDqUINU-USAD UI POPN[OUT ATUO oIv $)100[o poXy AIjunoy) ‘A[oar}oodsel ‘sjodfe poxy IeoA pue AIjunood are % pue ‘¢ *(17) ‘by ur peuyep oIe ¢r) pue ‘go
‘19 (21-11) @D 10d 10 (01-6) vHdes 10d (¢5)) yumod 3uryst) poysnlpe-ro3row-[[e 10 ‘(8-2) JAO 1od 10 (9-¢) rudes 1od (zo)) yumod 3uryst) poysnlpe-rorou
oriqnd-og-otriqnd ‘(7—¢) 4D Iod 1o (g-T1) eydes 1ad (TH)) junod Surysi] [enjoe uwWM[od Aq salrea (#g) 7 Iead Ul 2 AIJUNO0D I0J d[qeliea juapuadep oY) aIoym

‘NT=1 02020667 =1 M4 PXY 4 (2 x SAG) T+ SAqg + L+t + 0 = (PR)uy
:uo11eOYIads UOISSaISeT SUIMO[[0F Y[} WOIJ S9YRTIIISS JUSIOFe0D s110dal o[qe) o T,

0Z0Z2—066T Setwwouoda padueape ‘sded Surysi] pajsnlpe-is3iow pue pajsnlpeun ‘g N Jo sajewar)sy :) 9[qel,

97



6.6 06 6.6 06 6.6 06 6.6 06 cL6 126 CL6 126 N
9%8'0 600 1260  0SV0 898°0 $0€°0 ¢16°0 96€°0 V.80 81€°0 2160 060 A
mm.> OZ w®> OZ w@xﬁ O»/H w@»% OZ m®> OZ wmxﬁ OZ mh \ngdoo
mo> mo.%p m0> wo> mo> mo> mO»%p m0> mo> wo> mo> wo\ﬂ m.Hr.M th»W
(LL1°0)  (8¢z'0) (¥G1°0) (e€g0) | (121°0)  (egz0)  (e910)  (Fog0) | (eL10)  (9¥c0)  (691°0)  (612°0)
98T°0-  89T°0-  L0Z'0-  €0T0- | €I80-  CGLZ0-  TETO0-  L9T'0- | 4sxT890" sunTLLO" 4448690 4452590~ AWWMP 0Z0Z SN
(LL10)  (6220) (es10)  (0gz0) | (or10)  (220)  (191°0)  (eve0) | (c21°0)  (2920)  (8910)  (8€20)
PLT0-  €9T°0-  ©2g0-  G60°0- | GIZ0-  POL0- 6980~ L8107 | ss90L°0" snll807 saklPL 0 s4xG0L°0-  AWWNP 6T0Z SN
(€21°0)  (682°0) (191°0) (918°0) | (291°0)  (ggz0)  (6¢T0)  (908°0) | (6910)  (zz0)  (991°0)  (20T°0)
LZ10- 6600~ 9120~ €60°0- | 061°0-  0£20- 8930~ €ST°0" | sssk069°07 sksPGL O™ sssFIL 0 4xx€L9°0-  AWWNP 8107 '
(291°0)  (282°0) (9%1°0) (€12°0) | (091°0)  (0g20)  (es10)  (zog0) | (1910)  (sge0)  (621°0)  (861°0)
LFT0- TIT0- 9020~ 1900~ | 220~ FSG0- %8480~ TLT0" | s TCL0"  5skOLL 0" 5sx69L°0" 44568970~ AWWMp LT0Z SN
(eo10) (9vz0) (¥P¥1°0) (8120) | (9¢1°0)  (682°0)  (6¥1°0)  (802°0) | (85T°0) (ezz0)  (951°0) (¥61°0)
€LT0-  TIPT0- 8020~ @80°0- | LGT0- 900~ 488070~  L0T0- | sxs€9L°0" snBL80" 4skB8L 0  s4xC8L°0-  AWWIP 9T0Z SN
(e91°0)  (Fg0) (eF1°0) (9820) | (ger'0)  (gee0)  (6¥10)  (z8g0) | (8¢1°0)  (91€0)  (9¢1°0)  (LLE°0)
6V1°0-  LPT0-  L€2°0- @900~ | TETO-  TLEOD-  4x0T€°0-  8TEO0~ | sxxG69°0" 08807 4xx80L°0-  sxT€L°0-  AWump GI0g SN
(co1'0) (ecz’0) (6e1°0) (zeg0) | (9¢1'0)  (L¥e0)  (8FT0)  (zee0) | (8s1°0)  (1b¢0)  (P¢T°0)  (L12°0)
FI000  6V00  T€60-  T80°0 | T60°0-  FFT0-  #490€°0-  T60°0" | xxk€SG 0"  44GE0°0"  4xxGGL 0" 4xI8G0-  Awump 510z S0
(se10) (682°0) (8e1°0) (1220) | (2¢1°0)  (eez0)  (9p1°0)  (e120) | (¥ST0) (sgz0)  (2s10) (L02°0)
G100 2900 «EFE0- 9800 | TOT'0-  FET'0-  #slTE€0-  €60°0° | xxkGLG 0" 4sxGE0°0" 4snB8L0" 4isP6G0- AU €707 SN
(Fero)  (eLz0) (9e1°0)  (0g20) | (¢¥1°0)  (c2z0)  (gv1°0)  (g¥bz0) | (LPT°O)  (9920)  (LFT0O)  (9€2°0)
G000~ 9200  4xPST0- 9900 | OET0-  0TT0-  44GLE0-  FPT'0- | 5s86G°0"  4xGTL0" 446780~ 5467970~  Awump g10g SN
(1e10) (c0z0) (oer0) (¥0z0) | (g¥10)  (961°0)  (8e1°0)  (¥61°0) | (9¥1°0)  (z61°0)  (¢¥10)  (061°0)
L9000 TET0 419270~ 6210 | €80°0-  TL00-  440L8°0-  CGLOO- | sssPFG 0" 45kCGG 0" sV IS0 440570~ AWUMp 1702 §'N
(6v1°0) (Pe20) (Ler0) (L120) | (2Fr0)  (8cz'0)  (ge1°0)  (coz0) | (evr'0)  (gez0)  (8e10)  (0020)
2200 LLO0  4882°0- 8600 | STI0-  €CT0-  4xlGE0-  LTT0- | 4ksk8LG0-  4sx609°0 4xx€6L°0- 44406G0- AWMMP 0T0Z SN
(871°0) (822°0) (8g1°0) (162°0) | (0¥1°0)  (9L20)  (eer0)  (eF@0) | (1¥1°0)  (89z0)  (261°0)  (L82°0)
9200 9S00 %6920~ L60°0 | O0ET°0-  GTZ0"  ssskBLE0-  LFT'0" | 5ssCOG0"  54980°0"  sssl6L 0~  4xL19°0-  AWump 6poz SN
(g¥1°0) (861°0) (¥e1°0) (661°0) | (6€1°0)  (681°0)  (661°0)  (681°0) | (oFT°0)  (g81°0)  (ge10)  (981°0)
PET'0 9020  908°0- 0020 | TG00~ 6200  x46FE0-  SE0°0- | wxkOLF 0 skILF0-  459GL0- 48P0~ Awummp 800z SN
#P1°0)  (g81°0) (181°0) (621°0) | (0P1°0)  (6L1°0)  (ggro)  (121°0) | (0FT'0)  (or0)  (661°0)  (691°0)
9600 €810 €10~ P8I0 | 001°0-  GPO'0- #8630~ €00 | 4xkb0G0"  44997°0" 456890 44xGOP0-  AWTUp L00Z SN
#r1°0)  (012°0) (L81°0) (261°0) | (8¢1°0)  (¥0z0)  (6z10)  (e81°0) | (6610)  (00z0)  (ge1'0)  (081°0)
1600 €610 FRO0-  LOT°0 | PPTO-  FRLO-  xL8E0- €007 | sssl€S°07  4xx09S°07  4xxG19°07 4488770~  Awmmp 900g SN
(6¢1°0) (2020) (221°0) (L810) | (ger0)  (P02'0)  (861°0)  (081°0) | (¥ET0) (tozo)  (eer0) (LL1°0)
L1000 8800  FRO'0-  SET0 | €610~ 0030~  49VC0-  OTT'0" | sssP2G 0" 5560907  ssesbTO0- s [CC0-  AWTUNP GOOZ S'N
(ge1'0)  (221°0) (811°0) (2ST0) | (8€1°0)  (6L10)  (61T0)  (FFTO) | (8210)  (PSTO)  (gG1'0)  (L¥T°0)
6900~ FEO0  LO0-  TLO0 | xk6LT0-  €ETO- 4406870 0LT0" | 5s4GED 0" s PTG 0" 4sl99°0  sxC6F 0~  AWUMP FOOZ ST
(621°0) (8¥1°0) (811°0) (L210) | (ge1'0)  (9¥1°0)  (8110)  (211°0) | (9210)  (8F1T0)  (0g1°0)  (LIT°0)
GOT0-  FG0'0- 9800 TIO0- | +498€°0-  £96G°0-  4x6L3°0"  4GTT 0" | ssalPLO" 55589907 45568970 4446870~ Amwump €00z §'N
(6z10) (181°0) (211°0) (16T°0) | (121°0)  (28T°0)  (¢11°0)  (¢¥T1°0) | (12T°0) (0810)  (91T°0) (171°0)
wllT0- T8I0~ ZI00 960707 | 5kx98V'0"  4skPGF 0 4CET0-  5sl0S°07 | hsCTS 0" sssTOS'0"  oinCLG 0~ 44xGPO°0-  AWUMp Z00Z S'N
(6210) (8gz0) (pr1°0)  (P6T0) | (21T°0)  (2€2'0)  (601°0)  (g¢61°0) | (211°0)  (8gz'0)  (01T0)  (¥6T0)
wxI1€0- 8GZ0-  TE00  TIT0- | 5sxG0G0" 4x12G0-  4G0T0-  GGE0- | 4sk008°0" ssx0G8°0" sl TG0~ 4xx€F9°0-  AWTUMp 1007 SN
(9¢10) (gsz’0) (otr0) (812°0) | (611°0)  (€92°0)  (g01°0)  (g2z0) | (21r0)  (2820)  (v010)  (2TT0)
220~ EPT0- TL00  €80°0- | xsxOTF0-  48FF0-  TET'0-  LPE0- | sssP99°0"  sn€EL 0" suxlTF0-  4410C0-  AWwuump 000z §'0
(e1) (11) (o1) (6) (8) (2) (9) (g) ¥) (g) (2) (1) 10852180
&QU go& @t&mo hoﬁﬁ &DO Ho.,\..ﬁ dﬁ&@o Ho& &DU (5& 5@_@50 (5&

(¢D) yunoo Sunysy peysnlpe
-Ie8IeW-[[Y K

(2D) yunoo Sursy peysnlpe
-1e81ow o1[qnd-09-o1[qng :¥g

(1) yunoo Supsyy peysnfpeun g

(g 3o g @3ed) penurjuo) :) a[qe],

98



Table 8: Listed firms’ employment, GDP, R&D spending, and patents granted,

1982-2018

This table shows the total annual amount of employment (in millions of people), value
added (in USD trillion), research and development spending (in USD billion), and patents
granted (in thousands) for U.S. public firms, all U.S. organizations or entities (public and
private firms, government, universities, and individuals), and majority-owned foreign affiliates
(MOFASs). To calculate the series shown in Figure 11, U.S. public firm output is divided by
the sum of output from all U.S. firms and all MOFAs (except for patents). All monetary
values are expressed in 2020 USD. MOFA R&D spending prior to 1989 is estimated and
marked with * below. Data are from the BEA, BLS, Compustat, GCPD, IMF, OECD, and
USPTO. Details in Appendix B.2.

Employees (m)

Gross product (USD tn)

R&D spending (USD bn)

Patents granted (k)

U.S. Al U.S. Al U.s. Al U.S. All

pub. U.S. All pub. U.S. All pub. U.S. All pub. U.S.

Year | firms org. MOFA | firms org. MOFA firms org. MOFA firms ent.
L | @2 6 4 | () (6 (7) @) () (10) (11) (12)

1982 | 26.9 89.4 5.0 2.7 89 0.6 95.8 2164 13.1* 12.5 33.9
1983 | 27.0 929 4.9 2.7 9.4 0.6 102.9 233.5 12.3* 12.3 32.9
1984 | 28.0 96.8 4.8 2.9 10.0 0.5 114.7 254.7 12.0* 14.5 384
1985 | 28.0 994 4.8 29 104 0.5 118.1 275.5 11.6* 14.8 39.6
1986 | 27.4 101.3 4.7 2.8 10.7 0.5 1234 2829 12.0%* 13.5 38.1
1987 | 27.7 1045 4.7 29 11.0 0.6 126.0 286.8 13.5% 15.3 43.5
1988 | 27.5 107.7 4.8 3.1 114 0.6 133.1 2919 14.3* 14.3 40.5
1989 | 27.3 109.7 5.1 3.0 117 0.7 137.0 295.1 14.6 17.3 50.2
1990 | 27.4 110.0 5.4 2.9 117 0.7 138.6 300.0 20.1 16.3 474
1991 | 27.5 109.1 5.4 28 11.6 0.7 142.3 304.8 17.7 18.2 51.2
1992 | 28.1 110.3 5.3 29 120 0.7 149.9 304.0 20.3 19.5 52.3
1993 | 28.6 113.1 5.2 3.1 122 0.6 153.2  295.9 19.5 20.8 53.2
1994 | 29.5 117.0 5.7 3.3 126 0.7 157.8 294.4 20.6 21.9 56.1
1995 | 30.7 119.1 5.9 3.6 129 0.8 179.2 310.7 21.2 22.2 55.7
1996 | 32.7 122.0 6.1 3.8 13.2 0.8 189.4 3244 23.0 24.9 61.1
1997 | 34.6 1254 6.5 4.1 13.7 0.8 215.4  340.9 23.4 26.1 61.7
1998 | 35.6 128.4 6.8 4.1 143 0.8 229.0 358.1 23.1 34.4 80.3
1999 | 36.3 131.6 7.8 44 149 0.9 2272 379.2 28.0 354 83.9
2000 | 36.8 133.5 8.2 45 153 0.9 255.1 402.6 30.6 37.5 85.1
2001 | 36.1 131.8 8.2 4.1 154 0.9 259.7 407.1 28.6 40.0 87.6
2002 | 35.5 131.2 8.3 4.0 156 0.9 243.3  400.3 30.1 40.8 87.0
2003 | 35.2 1314 8.2 4.2 16.0 1.0 242.1 410.9 31.9 42.7 87.9
2004 | 36.3 1334 8.7 4.5 16.6 1.1 2529 416.3 35.2 42.5 84.3
2005 | 36.6 136.0 9.1 4.7 172 1.2 255.5 432.2 36.4 37.8 74.6
2006 | 37.5 138.1 9.6 53 17.6 1.3 282.6  450.9 37.7 44.9 89.8
2007 | 37.1 139.3  10.0 54 179 14 288.9 471.8 42.7 39.5 79.5
2008 | 36.1 135.7 10.0 46 176 1.4 290.1 486.6 49.8 40.2 775
2009 | 34.1 130.7 10.8 4.2 173 14 2479 4734 47.0 41.9 82.4
2010 | 35.1 1316 11.3 49 177 1.5 269.4  465.7 47.1 54.3 107.8
2011 | 36.3 133.7 11.9 52 17.8 1.6 283.1 472.9 51.1 55.6 108.6
2012 | 36.8 135.9 12.1 5.2 18.1 1.6 295.6 466.8 50.4 62.0 121.0
2013 | 37.3 1383 124 53 185 1.5 304.6 479.8 54.4 70.0 133.6
2014 | 38.2 141.3 14.1 5.8 19.0 1.6 326.0 491.6 60.1 76.6 144.6
2015 | 39.0 144.0 14.1 5.8 19.8 1.5 341.0 510.4 60.9 71.3 141.0
2016 | 38.1 146.3 14.3 5.8  20.1 14 355.0 5H21.4 58.2 71.4 143.7
2017 | 385 1485 144 6.1 20.5 1.5 3777 535.1 60.7 - 151.0
2018 | 39.2 150.8 14.4 6.4 21.1 1.5 420.5 552.3 59.7 - 144.4
Avg. | 33.3 1243 8.3 4.2 149 1.0 225.0 383.7 32.2 35.0 79.8
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Figure 1: Listing count by stock exchange and around the world, 1980-2020

Panel A shows the number of firms listed on each of the three major U.S. stock exchanges.
Panel B shows the total number of domestic listed firms in 74 of the 100 countries with
highest GDP in 2020 according to the IMF, with 33 classified as advanced economies and 41
as developing or emerging economies. U.S. data are from CRSP. Non-U.S. listing counts are
from WDI, WFE, CEIC, and individual stock exchange home-pages. See Appendix B for
further details on the data selection. The vertical dotted line in 1996 marks the year of the
U.S. listing peak.
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Figure 2: Relative size and age of private targets of public acquirers

This figure shows the relative size and age of private-to-public targets compared to listed
firms. In Panel A, the median size of private-to-public targets (measured by deal value) and
age are divided by the median size and age, respectively, of listed firms within Fama-French
12 industries and years, after which this ratio is averaged across years and plotted here by
industry. Panel B plots the annual median age (since incorporation) of private-to-public
targets at acquisition and IPO firms at listing. The vertical dotted line in 1996 marks the
year of the U.S. listing peak. Sample period is 12/31/1980-12/31/2020. Data are from CRSP,
SDC, Jay Ritter, and Capital 1Q.
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Figure 3: Actual and merger-adjusted U.S. listing counts, 1980-2020

This figure plots the (monthly) U.S. actual and merger-adjusted counts of listed firms on NYSE,
AMEX, and Nasdaq from 12/31/1980-12/31/2020. The change in the actual (AL) and all-merger-
adjusted (AL,) listing counts are as follows:

AL — Newlists : IPO + Spin + Miscyeyw
Delists : MergePublic—to—Public + MergePublic—to—Private + MiSCDel

AL Newlistsy : IPO + Mergeprivate—to— Public + Misc%ew

A =
: ) N ~ c N
Delistsy : Mergep piic—to—Private T PDWESt Subsidiary—to— Private + Miscp,

The dotted curve in the middle of this figure is the merger-adjusted listing count when adjusting for
mergers involving public targets only. All variables defined in Table 1. Data are from CRSP and

SDC.
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Figure 4: Annual number of global listing peaks, 1975-2019

This figure shows the annual number of listing peaks (economies with fewer listed firms in 2020
than earlier, at peak) around the world. The peak in 1975 is Argentina. Blue bars designate
advanced economies and grey bars designate developing and emerging economies. 57 of 74
sampled countries and territories are represented in the figure. The U.S. listing count is from
CRSP and consists of firms with common stock listed on NYSE, AMEX, or Nasdaq. Non-
U.S. listing counts are found using data from WDI, the WFE, CEIC, and individual stock
exchange home-pages. Investment companies, mutual funds, real estate investment trusts,
and other collective investment vehicles are excluded. See Appendix B.3 for further details on
data selection. The vertical dotted line in 1996 marks the year of the U.S. listing peak.

W

&

w2

Total listing count peaks per year

[\

—_ e e e e =

B Listing count peaks (advanced economies) Listing count peaks (developing/emerging economies)

103



Figure 5: Country-specific listing peak years and subsequent listing decline, 1975—
2020

This figure shows the decline in the number of listed firms from the listing peak year to
2020. Light bars are countries that have not experienced a peak, and dark bars indicate
countries that have peaked (have fewer listed firms in 2020 than at peak). The listing peak
year is shown in parentheses. 74 countries are sampled: 33 advanced (Panel A) and 41
developing/emerging (Panel B). Data are from CRSP, WDI, WFE, CEIC, and stock exchange
homepages. Advanced and developing/emerging economies are classified by the IMF. The
vertical dotted line shows the U.S. decline of 50% from 1996 to 2020.
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Figure 6: Listing peaks in event time, 1975-2020

Conditional on experiencing a listing peak, this figure plots the percent change in listing
count over the eleven-year event window (-5,5) centered on the peak year (year 0) in Panel
A, and 2l-year window (-10,10) in Panel B. Countries with listing peaks are drawn from
the period 1975-2020. The percent change is relative to the country’s listing count in year
0. The portfolios of 23 non-U.S. advanced and 30 developing/emerging economies are equal-
weighted. Four countries are excluded due to outliers: Croatia, Czech Republic, Luxembourg,
and Portugal. Economic development is classified by the IMF. Data are from CRSP, WDI,
WFE, CEIC, and stock exchange home pages.
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is a public firm

Panel B shows the likelihood for a listed company to be acquired by

Figure 7: International merger rates, 1990-2020
another domestic listed firm. Blue bars indicate advanced economies and grey bars indicate

All mergers where at least one party

A

11%
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This figure shows the average annual merger likelihood for listed companies by country or

territory. Panel A shows the likelihood for a listed company to be the target or acquirer in
WDI, WFE, CEIC, and stock exchanges, and economic development status is classified by

developing/emerging economies. Merger data are from SDC, listing counts are from CRSP,
the IMF.
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Figure 8: Merger-adjusted peaks in event time, 1990-2020

For countries with a listing peak, Panel A plots the percent change in public-to-public merger-
adjusted listing count over the eleven-year event window (-5,5) centered on the peak year (year
0). Panel B plots the all-merger-adjusted listing count during the same event window. The
countries in this event-period sample are required to have a peak in 1995 or later to allow
for full event-period data coverage. Croatia and Czech Republic are excluded due to outliers.
The percent change is relative to the country’s adjusted listing count in year 0.
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Figure 9: Population-scaled unadjusted and merger-adjusted U.S. listing gaps

This figure shows the unadjusted (G1, black line) and two merger-adjusted U.S. listing gaps, estimated as
follows:

ZTL(L/PO]?”) =+ (51 + 7+ ﬁDUS + F(DUS X Tt) + )\X“g + €ity t= 1990, ‘e 2020, 1= ]., .ey N.

In(L/Pop;;) is the natural logarithm of the unadjusted or merger-adjusted listing count of country 4 in year
t, scaled per capita and specified as follows. In Panel A, the listing count is adjusted by adding one to the
listing count for each public- and minimum-sized private-to-public merger (G3, blue line). In Panel B, the
listing count is adjusted by adding back one for each domestic public-to-public merger (G2, broken red line).
Additionally, the U.S. merger-adjusted listing series tracks net firm outflows via the acquisition index Ny, as
well as spinoffs and subsidiary divestitures. Listing gaps G1, G2, and G3 are defined in Eq. (11). ¢; and 7
are country and year fixed effects, respectively. Dy is a dummy variable that takes a value of one if country
i is the U.S. and zero otherwise, and X;; is a vector of three country-specific control variables: country i’s
anti-self-dealing index, log(GDP /capita) and GDP growth. Standard errors are clustered at the country-level.
The U.S. listing gap in year ¢ is computed as L/Popy g 1999 X GDPys x (€7 — 1), where v is the annual
parameter in the vector I'. The sample consists of 74 countries and covers 1990-2020. U.S. listing data are
from CRSP, non-U.S. listing data are from WDI, WFE, CEIC, and exchange homepages, and merger data are
from SDC. The vertical dotted line indicates the year of the U.S. listing peak. The shaded grey area displays

90% confidence intervals.
A: Unadjusted and merger-adjusted listing gaps (G1, G3)

1,000

o

-1,000

2,000

-3,000

Number of missing U.S. listed firms

4,000
-5,000

-6,000
T v e 5 x 9
2 £ &£g8832zcc I 2z 22
232888 8 3 3
& & &aa3aaaaa

2001
2002
2003

=—Unadjusted (G1)  ==All-merger-adjusted (G3)

B: Public-to-public merger-adjusted listing gap (G2)

3,000

2,000

=
3
g
\
/

o
’
s

-1,000 Sene” e

2,000

Number of missing U.S. listed firms
’

3,000

4,000

3
5]
&

991
992
993
994
995
996
997
998
999

2000

a o o
s g 3
g 8 3
a8 & &

2005
2006
2007
2008
2009
20
20
20
20

0
20

0
20
20
20
2020

= ==Public-to-public merger-adjusted (G2)

108



Figure 10: Inflows and outflows of firm value classified by (de)listing channel

The figure shows the annual values (Vy4) of firm inflows (merger-adjusted new lists) and out-
flows (merger-adjusted delists) in U.S. public markets from 12/31/1980 to 12/31/2020. The
annual change in Vy (AVy) is measured using individual transaction values as follows:

AV Newlistss : PO + Mergeprivate—to—Pubtic + MiSCNew
A — . . .
DelZStSA : MergePublic—to—Private + D“)€St5ubsidiary—t0—Private + MZSCDel

The right axis shows annual values for each channel in 2020 USD billion (bars), while the left
axis shows the cumulative net new listing value in 2020 USD trillion (line). The new lists and
delists in Table 1 that have an effect on the actual, but not merger-adjusted, listing count are
not included. The vertical dotted line indicates the date of the U.S. listing peak. Variable
definitions are as in Figure 3 except that, in this figure, transactions are measured by market
value. Data from CRSP and SDC.
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Figure 11: ‘Synergistic’ merger waves and economic contribution of listed firms

Panel A shows the share of industry-years undergoing a synergistic merger wave for our
sample of public-to-public mergers, 1980-2020, using the Fama-French 49 industries. Fol-
lowing 7, industry-years are considered to undergo a synergy wave if the number of deals
with positive bidder and target combined wealth effect (CWE) in that year is one standard
deviation above the industry time-series median. CWE is the value-weighted average CAR
for the event period (-3,3), where (0) is the announcement date. CARs are calculated as
the difference between the realized and value-weighted market return. Pre-announcement
market value of the bidder and target is measured one month before the deal announcement.
Both acquirer and target must be U.S. public firms, with the bidder holding less than 50%
of target shares before announcement and seeking to hold at least 50% after the transaction.
Panel B shows the time series of public firms’ percent contribution to aggregate U.S.
employment, GDP, R&D spending, and patents, with data from the BEA, BLS, Compustat,
GCPD, IMF, OECD, and USPTO. Construction and data series are detailed in Appendix B.2.
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A Further on U.S. listing gap econometrics

In this section, we provide a detailed comparison of alternative ways to estimate the U.S.
listing gap. While we use the parameter 7, to compute the listing gap, Doidge, Karolyi,
and Stulz (2017) instead employ a non-U.S. dummy in their basic listing-gap regressions and
use the year fixed effect to compute the gap. In our vernacular, this alternative approach is
equivalent to using v; + 7; to compute the gap. To see why, consider the regression model in
Doidge, Karolyi, and Stulz (2017):

ln(Y;t) = Oé/ +Tt/ +B/Dnon7US + F/(DnonfUS X Tt/> + )\/Xit + €4, t= 1990, ey 2012, 1= 1, N N.

(12)
Their gap-parameter in year t is therefore
E(Yit | Duon-vs =0,year =t) — E(Yi | Dpon—vs = 0,year = 1990)
= ()
= 7. (13)

If we switch the country dummy back to our Dyg, and noting that E(Yy | Dpon—vs = 0) =
E(Yy | Dys = 1), it follows that

7, = FE(Yy | Dys = 1,year =t) — E(Yy | Dys = 1,year = 1990)
= (a+n+B+v) — (a+p)
= M+ T (14)

Hence, the year fixed effect (77) estimated in Doidge, Karolyi, and Stulz (2017) equals the
sum of the year fixed effect 7; and the gap-parameter in this paper =, where 7; is the portion
of the U.S. listing trend that is common to the U.S. and all other countries.

The estimates provided in Internet Appendix Table 3 illustrate the impact of the two
different econometric parameterizations of the U.S. listing gap—here and in Doidge, Karolyi,
and Stulz (2017). This table shows estimates of the listing-gap parameters v;, 7;, and 7, when
we use a U.S. dummy (columns 1 and 3, as in our analysis) and a non-U.S. dummy (columns
2 and 4, as in the earlier paper), respectively. This information allows us to isolate the impact
on the U.S. listing-gap computation of the inclusion of 7;. Columns (1) and (2), which exclude
the country fixed effect ¢; in the estimation, show that (72020 + 72020)/72020 = Tog20/ V2020 =
(—0.915)/(—0.506) = 1.81. In columns (3) and (4), where country fixed effects are included
in the regression, the corresponding ratio is smaller: 1.27. In other words, in our analysis,
including the global common trend in the listing gap computation (which we do not do) would
have increased the size of the gap by 27% at minimum and 81% at maximum. Finally, note

that using —v; as the listing-gap parameter in a regression with a non-U.S. dummy produces
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exactly the same listing gap estimate as using y; with a U.S. dummy.

The above analysis provides a basis for directly comparing the actual (not merger-adjusted)
U.S. listing gaps reported by Doidge, Karolyi, and Stulz (2017) and this paper. For year 2012—
the last year in the sample period of the earlier paper—the two gaps are -5,436 and -3,289
(both significant at the 1% level), respectively. The above difference in the two listing gap
estimates is primarily driven by the earlier paper’s inclusion of the common listing trend 7; in
their estimate. However, the two estimates also differ because we adjust for the growth in the
dependent-variable scaling factor and take the antilog of v, (as per Eq. 10). Other differences
arise because of our inclusion of country fixed effects, somewhat different data sources for
the listing count, a slightly different set of sampled countries, and a longer sample period
(1990-2020 instead of 1990-2012).

Lattanzio, Megginson, and Sanati (2023) also report listing-gap estimates, but with the
unscaled listing count In(L;) as the dependent variable—moving the scaling factor In(Pop)
to the right-hand side as a regressor. As Doidge, Karolyi, and Stulz (2017), they use the
equivalent of our parameter 7, to compute the listing gap, and hence also do not filter out
the listing trend that is common across countries. Moreover, their model adds country-level
regressors aggregating stock market valuation, private equity volume, and merger activity.
They show that this alternative regression specification substantially lowers the listing gap.
From 1991-2019, their regression renders the U.S. listing-gap estimate statistically insignifi-
cant for the years 1992-1993 and 2011-2012. In 2019, their gap-estimate is -1,974 firms, which
is statistically significant at the 5% level. Internet Appendix Table 4 shows that replacing our
dependent variable with In(L;) and using the scaling factor as a regressor does not alter our
main conclusion using either the full sample of 74 countries or the subsample of 33 advanced
economies.

Finally, we plot our estimates of GDP-scaled U.S. listing gaps in Internet Appendix Figure
2. This figure corresponds to Figure 9 in the paper, except that it scales the dependent
regression variable by GDP instead of by population. The three gaps (G1, G2, and G3) of
Internet Appendix Figure 2 are generated using the U.S.-year dummy coefficient estimates
from columns (4), (8), and (12) of Table 6 in the paper.

B Data sources and additional listing information

B.1 Data on U.S. listing anatomy

In the paper, we define U.S. public firms in CRSP and require them to be domestic companies
with common stock (share codes 10 or 11) that are listed on the NYSE, AMEX, or Nasdaq
(exchange codes 1, 2, 3, 31, 32, and 33). We further exclude investment funds and trusts (SIC
codes 6722, 6726, and 6798-6799). We also exclude firms that are listed for only one day.
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Appendix Figure A.1 Panel A shows the number of U.S. public firms listed on each individual
stock exchange from 1980-2020.

New lists are recorded when a firm first appears in the sample of CRSP public firms, or
when it is relisted after at least two weeks off public markets (thus excluding SEC trading
suspensions of a listed firm, which may last no more than ten days). To categorize new
lists, we first identify IPOs using data from SDC and Jay Ritter’s website.!® Spinoffs are
identified either in CRSP, with distribution code 3763 (Vijh, 1994), or SDC, using acquirer
name “shareholders” or spinoff, splitoff, and carve-out dummies. For each spinoff new list,
we match the parent company to a U.S. public firm at the time of listing. Relistings occur
after a U.S. public firm has been delisted for at least two weeks (not including suspension
periods). Reorganizations are cases in which a merger between two public companies results
in the creation of a new firm and removal of the old firms (as defined by PERMCO). We
identify form changes when a firm that already exists in CRSP but did not meet the U.S.
public criteria does so.'?

Delists are recorded when a firm ceases to be publicly listed for at least two weeks. To
classify delists, we follow Fama and French (2004) and use CRSP delisting codes: merger
(delisting codes 200-399), cause (codes 400-569 and 574-999), and voluntary (codes 570-573).
In CRSP, every PERMNO has one and only one delisting code observation (if a PERMNO
has never been delisted, it will have a delisting code of 100 on the last day of available CRSP
data). This means that if a firm is delisted and later relisted, no CRSP delisting code is
provided for the first delisting. Furthermore, no delisting code is provided if a PERMNO fails
to uphold the public-firm criteria listed above but still remains in CRSP. If no CRSP delisting
code is available, we classify the delisting reason as unknown.?® Finally, for CRSP merger
delistings we identify the acquiring firm using SDC, CRSP variables ‘acquiring PERMNO’
and ‘acquiring PERMCO’, or by hand using web searches.

The value of a new listing is the CRSP market cap on the day of the listing. If this value is
unavailable, we use the earliest available market value within two weeks. To estimate the value
of a firm at delisting, we use the CRSP variable ‘amount after delisting’. If this is missing or
equal to zero, we use CRSP delisting price instead. If the delist is not marked in CRSP (i.e.,
an unspecified delist), or if both amount after delisting and delisting price are missing, we use
market cap on the day of delisting. If no market cap data are available on that day, we use
the closest available data no more than two weeks before the delisting. If a firm (PERMCO)

Bhttps:/ /site.warrington.ufl.edu/ritter /ipo-data/

YExamples of form changes include when a company relocates from another country to the U.S., changes
the form of its listed equity to common stock, or a SPAC completes an acquisition and changes SIC code from
investment vehicle to operating company.

20We manually exclude one unknown delisting and relisting: JPMorgan Chase, which changes SIC to 6726
between Sep 9, 2009 and Jan 28, 2010 in CRSP, causing it to disappear from the sample of U.S. public firms
during this 4-month period. While this adjustment does not impact our analysis, it removes what otherwise
appears as a large value outflow-inflow in this period, despite the firm remaining active and listed on NYSE.
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has two or more U.S. public PERMNOs (usually different share classes) simultaneously, we

sum the value of these when calculating market cap.

B.2 Data on economic contribution of listed firms

Table 8 shows the annual amount of employment, gross product, R&D spending, and patents
generated by U.S. public firms, the U.S. economy as a whole, and majority-owned foreign
affiliates (MOFAs), explained below. To calculate the contribution of public firms to U.S.
employment, we follow the methodology of Schlingemann and Stulz (2022). For U.S. public
firms, we collect the Employees (EMP) variable from CRSP /Compustat Merged Fundamentals
Annual (CCM) database from WRDS. We only keep firms that can be matched to our CRSP
sample of end-of-year public firms described above. If a firm is missing EMP in one year but not
in adjacent years before and after, we replace the missing value with the average of the adjacent
values. To find U.S. aggregate employment, we use non-farm employment in December of each
year (not seasonally adjusted) as reported by the Bureau of Labor Statistics (BLS) (series ID:
CEU0000000001). Since Compustat does not distinguish between the employment and gross
product generated by U.S. multinational corporations (MNCs) in the U.S. versus abroad, it is
necessary to adjust aggregate U.S. employment to also include output generated by MOFAs
of U.S. MNCs. We therefore add MOFA employment from the Bureau of Economic Analysis
(BEA) to U.S. employment reported by the BLS.

Schlingemann and Stulz (2022) also provide the methodology that we use to calculate the
fraction of U.S. gross product (value added) attributable to public firms. Firm-level gross
product is found by summing Operating Income Before Depreciation (OIBDP) and Staff
Expense Total (XLR). To fill in missing values of XLR, we find the median ratio of XLR
to EMP for industries with at least 20 non-missing observations (firms) in each year. For
firms with missing XLR but non-missing EMP, EMP is multiplied with this median ratio
to estimate labor expenses. Four industry classifications are used, in order of descending
preference: Fama-French 17, Fama-French 12, 2-digit SIC, and finally BLS Supersectors. At
the aggregate U.S. level, GDP is from the IMF and MOFA gross product is from the BEA.

To analyze the role of U.S. public firms in innovation, we look at both research and
development (R&D) expenditure and patents. Firm-level R&D spending is found in CCM
using the Research and Development Expense (XRD) variable. U.S. aggregate R&D spending
is reported by the OECD (series name: GERD-SOF) and includes the source of funding. We
include all sectors with funding from domestic sources. We also add MOFA R&D spending to
the U.S. aggregate with data from the BEA. The BEA does not report MOFA R&D prior to
1989, so we estimate these values by assuming that the ratio of MOFA R&D to value added
is the same in 1982-1988 as in 1989. Firm-level patents are from the University of Virginia
Darden School of Business Global Corporate Patent Dataset (GCPD) (Bena, Ferreira, Matos,
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and Pires, 2017). The GCPD reports the annual number of utility patents granted by the
U.S. Patent and Trademark Office (USPTO) to publicly listed firms around the world, with
complete coverage from 1980-2016. After matching GCPD data to our CRSP sample of public
firms and aggregating patent grants by year, we divide by the annual count of USPTO utility
patent grants of U.S. origin.

B.3 Data on non-U.S. listings and mergers

To select which countries are included in our international sample, we start with the top 100
countries and territories by GDP per the IMF and as of 2020. For each country, we require
listing count data to be available from WDI, WFE, CEIC, or stock exchange homepages. We
also require the 2020 listing count to be reported and the country to have at least 10 years
of listing count observations. The full list of countries and territories included in each step of
the sample selection procedure is available in the Internet Appendix.

U.S. listing data are from CRSP as per above. For non-U.S. countries, the number of listed
firms is sourced from WDI and supplemented when necessary with data from the WFE, CEIC,
and foreign stock exchange homepages themselves. Data from the following stock exchange’s
homepages are used: Borsa Italiana, Boursa Kuwait, Bratislava Stock Exchange, Cambodia
Securities Exchange, Central Africa Securities Stock Exchange (BVMAC), Euronext, Ghana
Stock Exchange, Japan Exchange Group, Nairobi Securities Exchange, Nasdaq Baltic, Nasdaq
Nordic, Pakistan Stock Exchange, Prague Stock Exchange, and TMX Group. In some cases,
older versions of a stock exchanges homepage are accessed via The Wayback Machine.

The WDI data source raises some issues due to the merging of smaller local stock ex-
changes within a country. To account for this, we use the data sources listed above to record
a consistent set of stock exchanges for each sampled country.?! As in the U.S., we exclude
investment companies, mutual funds, real estate investment trusts (REITSs), and other collec-
tive investment vehicles. In Panel B of Appendix Figure A.1, we show the time-series of the
aggregate listing count for non-U.S. advanced economies and developing/emerging economies
from 1980-2020.

21For example, the WDI Canadian listings includes only the Toronto Stock Exchange (T'SX) prior to 2003,
and the sum of the TSX and TSX Venture Exchange (TSXV) afterward (resulting in a one-year jump in the
number recorded listed firms from 1,252 to 3,578). The TSXV was formed in 1999 by combining regional
Canadian stock exchanges (primarily Alberta and Vancouver). The firm population in these smaller regional
stock exchanges is different from that of the country’s major stock exchange(s): new ventures are typically
smaller and more risky than the more established firms. Based on this population difference, and in order
to preserve a consistent time series within any given country, we exclude changes in the WDI listing counts
resulting from regional exchange consolidations. In the case of Canada, we therefore use the TSX listing count
net of the TSXV. Similarly, for Japan, we exclude listings on the Osaka Exchange from the Japan Exchange
Group (JPX) after the exchange consolidation in 2013. While the WDI listing count data for Spain include
regional exchanges, these exchanges are consistent over time and we thus keep these data as recorded. Were
we to instead use data from Spain’s primary exchange (the Mercado Continuo) only, we would have observed
a listing peak in 2007 instead of 2015.
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We identify international merger transactions using SDC. Deals are required to be com-
pleted, result in 100% ownership by the acquirer, and take the deal form merger, acquisition,
or acquisition of majority /partial /remaining interest (since the latter also results in delisting).
To be counted as public, a target or acquirer must be listed on a major exchange. Targets
listed on minor or OTC exchanges are counted as private.

We identify listing peaks if a country’s actual listing count is lower in 2020 than earlier
in the sample period. The listing-peak year is then the year of the country’s listing count
maximum. When a country has two identical peak years, we use the most recent year. For
five non-advanced countries (Brazil, Bulgaria, Kenya, Nigeria, and Poland), there are two
identical peak years. Furthermore, if a country has a second peak at least ten years after the
first and with a listing count within 95% of the first peak, we use the year of the second peak.
This applies to Belgium, Mexico and Norway.
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Appendix Table A. 1: New lists and delists in the U.S. by type, 1981-2020

This table shows the total annual (year-end) number of new lists (Panel A) and delists (Panel
B) on NYSE, NASDAQ and AMEX. The change in the actual listing count, AL is the sum
of the following six variables, all of which are defined in Table 1:

Newlists : IPO + Spin + Miscyew

Delists : Mergepublic—to—Public + Mergepublic—to—Private + MiSCDel

AL =

IPQO are initial public offerings, Spin are spinoffs, and Miscy., are miscellaneous new
listings. Miscpe; are miscellaneous delists. The subscript in Merge indicates the direction of
the change in the target’s public/private status.

A: Newlists = IPO + Spin + Miscyew

Total Miscnew
Year  lists (L) | Newlists IPO  Spin Uplists Relist Reorg. Form
I ¢ I N N € N M (5 N N I )
1981 5,073 646 309 0 315 14 4 4
1982 4,999 326 105 0 182 34 4 1
1983 5,571 944 638 0 263 34 5 4
1984 5,691 621 318 8 242 47 4 2
1985 5,652 570 293 11 208 49 4 5
1986 5,930 984 603 10 292 65 1 13
1987 6,222 828 453 13 292 64 5 1
1988 5,955 437 191 14 175 47 8 2
1989 5,770 419 181 14 163 55 3 3
1990 5,634 414 156 15 177 52 7 7
1991 5,672 529 344 5 129 42 3 6
1992 5,801 650 463 13 145 23 2 4
1993 6,334 894 587 15 238 47 4 3
1994 6,634 ey 495 15 210 24 3 0
1995 6,861 796 514 13 220 37 8 4
1996 7,325 1,028 747 19 212 30 14 6
1997 7,315 709 490 21 164 21 8 5
1998 6,873 523 299 10 174 21 11 8
1999 6,539 633 467 20 104 28 12 2
2000 6,246 585 347 15 153 47 18 5
2001 5,550 196 76 11 57 37 6 9
2002 5,129 170 69 9 50 32 8 2
2003 4,807 192 68 8 69 42 4 1
2004 4,750 320 172 8 71 52 7 10
2005 4,684 320 160 10 99 43 6 2
2006 4,616 304 164 10 86 35 4 5
2007 4,524 349 195 14 93 41 4 2
2008 4,259 144 36 19 46 33 3 7
2009 4,005 126 44 5 54 16 2 5
2010 3,874 194 100 5 59 25 2 3
2011 3,721 150 88 11 27 20 2 2
2012 3,601 161 116 10 26 3 2 4
2013 3,594 232 173 11 33 11 3 1
2014 3,713 317 225 21 44 20 5 2
2015 3,681 219 140 22 31 21 4 1
2016 3,542 155 84 16 40 13 1 1
2017 3,515 230 140 9 60 12 5 4
2018 3,520 232 156 12 42 12 2 8
2019 3,520 231 153 6 33 13 1 25
2020 3,633 312 228 10 40 20 2 12
Total 17,837 10,87 458 5,118 1,282 201 191
Average 5,108 446 265 11 128 32 5 5

Continued on next page
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Appendix Table A. 1: Continued (page 2 of 2)

B: Delists = Mergepupiic—to—pubtic + Merge pupiic—to—private + MiSCpe;

A/jergePublic—to—P7'ivate
Actual Acquired Acquired
listing Merge Acq. by by non-U.S. by non-U.S. Acq. by Miscper
Year count (L) | Delists  pup—to—pup U.S. priv. public private unknown Cause Voluntary Unknown
1) @ | ¢ @ (5) (6) (7) 8 (9 (o a1
1981 5,073 290 97 40 10 11 12 96 1 23
1982 4,999 397 114 51 8 8 10 162 1 43
1983 5,571 373 121 53 0 3 7 144 4 41
1984 5,691 501 127 95 9 4 4 201 15 46
1985 5,652 607 161 78 10 4 10 263 12 69
1986 5,930 708 169 94 23 2 16 317 10 7
1987 6,222 535 160 68 25 4 12 204 9 53
1988 5,955 704 164 145 36 10 13 275 15 46
1989 5,770 605 116 103 33 4 5 280 16 48
1990 5,634 550 97 57 26 5 8 307 7 43
1991 5,672 491 86 20 6 1 1 325 13 39
1992 5,801 520 115 16 2 0 1 328 21 37
1993 6,334 361 131 32 5 1 4 151 9 28
1994 6,634 449 200 28 19 0 1 157 9 35
1995 6,861 567 247 47 20 1 1 204 11 36
1996 7,325 565 305 57 25 4 0 152 6 16
1997 7,315 719 353 76 37 3 2 217 4 27
1998 6,873 967 392 98 47 7 0 368 5 50
1999 6,539 965 377 92 80 6 0 333 7 70
2000 6,246 879 373 109 74 5 0 273 8 37
2001 5,550 891 268 86 49 10 0 394 25 59
2002 5,129 590 161 50 15 4 0 286 28 46
2003 4,807 515 145 68 16 2 0 217 24 43
2004 4,750 376 162 67 14 2 0 94 17 20
2005 4,684 389 142 53 23 6 0 110 30 25
2006 4,616 369 146 82 23 7 1 76 7 27
2007 4,524 441 164 119 40 12 0 85 7 14
2008 4,259 410 105 71 40 3 0 143 25 23
2009 4,005 380 66 38 17 0 0 181 49 29
2010 3,874 326 97 71 22 3 0 105 18 10
2011 3,721 303 65 90 26 5 0 90 8 19
2012 3,601 282 81 76 16 4 0 84 5 16
2013 3,594 239 85 65 13 8 0 48 7 13
2014 3,713 197 79 41 18 3 0 36 6 14
2015 3,681 251 99 35 33 4 0 54 9 17
2016 3,542 293 101 56 27 13 0 84 2 10
2017 3,515 273 94 52 31 11 0 54 8 23
2018 3,520 211 85 42 21 [§ 0 42 3 12
2019 3,520 232 55 62 24 13 0 59 8 11
2020 3,633 198 39 37 21 8 0 64 13 16
Total 18,919 6,144 2,620 984 207 108 7,063 482 1,311
Average 5,108 473 154 66 25 5 3 177 12 33
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Appendix Table A. 2: Merger-adjusted new lists and delists in the U.S. by type,
1990-2020

This table shows the total annual (year-end) number of new lists and delists on NYSE, NAS-
DAQ and AMEX that impact the merger-adjusted listing count. The change in the all-merger-

adjusted listing count, AL 4 is the sum of the following six variables, all of which are defined
in Table 1:

Newlistsy : PO + Mergeprivate—to—pPublic + Misc%ew
ALy =

- . N - N
Delistsa: Mergepyic—to—private T DP1WeStsubsidiary—to—Private + M15CpHy

The superscript N indicates that the count adjusts for the acquisition index (Eq. 4). PO
are initial public offerings and MiscY,, are miscellaneous new listings. Mischy ; are misc.

delists. The subscript in Merge™) and Divest indicates the direction of the change in the
target’s public/private status.

All-merger- Mergepriv—to—Pub
adjusted U.S. priv.  Non-U.S. Merge™ Divest

Year count (L4) | Newlistss IPO target target  MiscN,, | Delistsa  pub—to—Priv  Sub—to—priv  Miscy,
) (2) (3) (4) (5) (6) (7) (8) 9) (10) (11)
1981 5,320 812 309 160 1 342 208 80 8 120
1982 5,574 553 105 224 0 224 299 82 8 209
1983 6,551 1,248 638 298 1 311 271 69 8 194
1984 7,085 951 318 330 4 299 417 140 6 271
1985 7,264 691 293 103 3 292 512 145 5 362
1986 7,730 1,082 603 99 4 376 616 175 3 438
1987 8,220 936 453 96 4 383 446 158 7 281
1988 8,092 523 191 79 9 244 651 278 8 365
1989 8,016 531 181 99 18 233 607 186 14 407
1990 7,989 563 156 108 13 286 590 163 11 416
1991 8,183 692 344 124 18 206 498 40 18 440
1992 8,565 876 463 199 30 184 494 29 27 438
1993 9,488 1,229 587 297 29 316 306 62 27 217
1994 10,311 1,150 495 360 45 250 327 67 26 234
1995 11,130 1,250 514 389 59 288 431 107 26 208
1996 12,279 1,565 747 454 68 296 416 164 19 233
1997 13,010 1,262 490 469 82 221 531 209 13 309
1998 13,361 1,178 299 501 129 249 827 258 24 545
1999 13,592 1,140 467 384 105 184 909 326 16 567
2000 13,850 1,156 347 439 100 270 898 374 15 509
2001 13,305 473 76 216 59 122 1,018 274 25 719
2002 12,924 409 69 158 54 128 790 112 15 663
2003 12,705 416 68 134 46 168 635 155 13 467
2004 12,967 647 172 198 70 207 385 173 16 196
2005 13,073 623 160 208 71 184 517 234 20 263
2006 13,129 578 164 174 59 181 522 319 17 186
2007 13,137 653 195 214 66 178 645 456 22 167
2008 12,833 347 36 134 60 117 651 308 28 315
2009 12,452 239 44 70 29 96 620 151 14 455
2010 12,307 356 100 74 60 122 501 270 19 212
2011 12,084 350 88 117 57 88 573 375 18 180
2012 12,005 327 116 110 49 52 406 197 19 190
2013 12,085 427 173 81 61 112 347 217 10 120
2014 12,302 529 225 137 48 119 312 170 16 126
2015 12,340 437 140 136 53 108 399 195 21 183
2016 12,186 314 84 88 34 108 468 289 17 162
2017 12,174 397 140 93 43 121 409 258 19 132
2018 12,265 356 156 92 20 88 265 172 3 90
2019 12,190 361 153 78 26 104 436 261 9 166
2020 12,195 394 228 58 12 96 389 202 3 184

Total 28,021 10,587 7,782 1,699 7,953 20,542 7,900 613 12,029
Average 10,907 701 265 195 42 199 514 198 15 301
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Appendix Figure A. 1: Firm size thresholds and transactions in the merger-
adjusted series

The transformation from unadjusted to all-merger-adjusted listing count requires a firm size
threshold for MergePrivateftofPublic and DiUeStSubsiduaryftofPm’vate- While igl’lOI‘il’lg il’ldllStI'y
matching, Panel A shows the time series of three such alternative firm size thresholds
(measured in 2020 USD million). These are the 15 percentile market values of IPOs,
all listed firms, and all listed firms that also survive and stay listed over the following
year. In the empirical analysis, the size threshold is the 1°¢ percentile of listed firms with
survivorship requirement, matched with the Fama-French 12 industry classification of the
firm. Panel B shows the annual count of the transactions that differentiate the unadjusted,
public-to-public merger-adjusted, and merger-adjusted listing counts after applying this size
threshold. N;t net delists are delists of accumulated targets minus relists. All transactions
are defined in Egs. (2), (3), and (4) in the text. The vertical dotted line indicates the date of
the U.S. listing peak. Sample period 12/31/1980-12/31/2020. Data are from CRSP and SDC.

A: Firm size thresholds for private-to-public mergers and subsidiary divestitures
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1 Introduction

It is becoming increasingly challenging for small businesses to take out loans. According to
the Federal Reserve’s April 2023 Senior Loan Officer Opinion Survey, a large fraction of banks
reported tightening lending standards for firm loans, credit card loans, and home equity lines
of credit — three of the most common sources of financing for startups — in the first quarter
of 2023. This is particularly likely to impact small firms that do not qualify for public listing
but are simultaneously unable to attract venture capital (VC) funding.! For these firms,
alternative sources of capital are likely to become more important as catalysts of economic
growth.

In this paper, we address two such alternatives: debt crowdfunding and equity crowdfund-
ing. Since 2016, Regulation CF of the JOBS Act allows small businesses in the US to offer
securities to individual investors via online crowdfunding platforms, with $530 million raised
as of 2021. We investigate firms’ decision to issue crowdfunded debt versus equity and how
this choice relates to their stage in the financial growth cycle (Berger and Udell, 1998; Cole,
Liang, and Zhang, 2020) as well as access to other sources of external financing. We find
that firms that are less profitable, are in an earlier developmental stage, and have stronger
ties to the banking system are more likely to issue crowdfunded equity than debt. Successful
crowdfunding is associated with increases in firm size, revenue, and profitability for early-stage
firms, but not for late-stage firms. Our findings suggest that crowdfunding can alleviate cap-
ital constraints and foster growth for early-stage firms, but has a negligible impact on more
mature firms that are already profitable.

In order to issue debt or equity via crowdfunding, an entrepreneur needs to file Form
C with the Securities and Exchange Commission (SEC), disclosing information about the
firms’ financials, risk factors, business plan, leadership team and intended use of proceeds, as
well as the type of security issued (debt or equity) and the crowdfunding goal (the amount

that the entrepreneur intends to raise). The registrant also needs to select a crowdfunding

!Nanda and Phillips (2022) report that only 0.5% (0.4%) of the firms in the US Survey of Business Owners
use VC funding to start (expand) their business, while 22% (20%) use business loans from banks, 14% (18%)
credit cards, and 7% (4%) home equity.
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platform (website) on which to issue securities, with platforms generally specializing in either
equity or debt securities.? An important function of both Form C disclosure and platform due
diligence (Cumming, Johan, and Zhang, 2019) is to reduce the information asymmetry that
traditionally makes it difficult for entrepreneurs to secure external debt from providers other
than banks (Diamond, 1984, 1991). If the entrepreneur manages to meet their crowdfunding
goal, the campaign is considered successful and the securities are issued. If not, the funds are
returned to the investors.

We collect data from SEC Form C filings to construct a sample of 2,052 crowdfunding
campaigns from 2016-2021, 1,697 of which are equity issuances and 355 debt. We supplement
these data with firm-level characteristics from FactSet, SEC Form D filings on previous security
issuances, and industry classifications from Capital 1) and web searches. We also include
ZIP- and county-level data from the US Census Bureau, IPUMS (Manson, Schroeder, Riper,
Kugler, and Ruggles, 2022), and the Federal Deposit Insurance Corporation (FDIC), among
others.

We start by examining the factors associated with a firm’s choice between debt and equity
crowdfunding. The pecking order theory (Myers and Majluf, 1984) suggests that firms prefer
debt over equity when seeking external capital due to lower information costs. Alternatively,
the financial growth cycle framework proposed by Berger and Udell (1998) suggests that
the hierarchy of financing options depends on firm size and development stage, as there are
different levels of information asymmetry and financial needs for each phase of growth. In the
spirit of Cole, Liang, and Zhang (2020), we categorize firms into three stages of the financial

growth cycle that are appropriate for smaller entrepreneurial firms: a first stage where firms

2Equity issuances most often consist of common stock. Debt contracts vary; Some resemble traditional
bonds with a predetermined yield and maturity, while others entitle investors to a percentage of the business’s
revenue each quarter until they reach a predetermined return on their investment or the note reaches maturity
(thus resembling a royalty contract with maturity and capped payouts).

3The focus of our paper is securities crowdfunding (also referred to as return-based crowdfunding), which
is distinct from project-based crowdfunding via platforms like Kickstarter. In the latter, individuals pledge
capital in exchange for a specific product or service, whereas the former gives retail investors shares in the
company itself (equity) or the right to pre-specified cash flows (debt). The incentives for entrepreneurs differ
between these two types of crowdfunding; Project-based crowdfunding aims to deliver a specific product within
a defined timeframe, while return-based crowdfunding is appropriate for investors with a long-run investment
horizon due to the illiquidity of crowdfunded securities. Unless otherwise specified, “crowdfunding” in this
paper refers to securities crowdfunding.
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have assets in place but do not generate revenue, a second stage where firms have positive
revenue but are unprofitable, and a third stage where firms achieve profitability to generate
positive revenue and net income. We find that the capital structure of crowdfunded firms
tends to follow a growth cycle pattern. More specifically, early-stage startups are more likely
than late-stage startups to fund themselves with equity crowdfunding. As firms move on from
their introductory developmental phase, they tend to rely more on debt-based crowdfunding,
consistent with improved financial stability and creditworthiness.

Next, we investigate how the availability of traditional bank financing is related to the
firm’s choice of crowdfunding offering. Previous studies in the banking literature document
that banks are prone to establish lending relationships with borrowers located in close proxim-
ity to their branches and that lending to small businesses is usually restricted to local markets
(Agarwal and Hauswald, 2010; Brevoort, Wolken, and Holmes, 2010; Nguyen, 2019). Likewise,
the distance between entrepreneurs and offline early-stage investors, such as banks, venture
capitalists, and angel investors, has been shown to be a barrier to small business financing
(Cumming and Dai, 2010; Stuart and Sorenson, 2003). Since online funding platforms can
reduce these distance-related costs, we hypothesize that debt crowdfunding can serve as a
substitute for bank lending when the entrepreneur has limited access to traditional offline
funding sources (Agrawal, Catalini, and Goldfarb, 2015; Vulkan, Astebro, and Sierra, 2016).

Our results support the substitution hypothesis. We find that firms located in areas with
access to a larger number of bank branches (proxying for access to bank loans) are more likely
to issue crowdfunded equity. We also observe the same pattern for firms located in areas with
higher house prices (proxying for access to home equity).

To conclude our analysis, we investigate whether successful crowdfunding is associated with
realized gains in firm size and performance. Theoretically, it is ex-ante ambiguous whether
to expect crowdfunding to result in positive firm outcomes, i.e., whether entrepreneurs are
willing and able to put the funding to productive use. For example, due to high information
asymmetry and moral hazard in crowdfunding markets, entrepreneurs may be less compe-
tent, take on riskier projects, and be more likely to commit fraud than entrepreneurs seeking

traditional sources of funding (Agrawal, Catalini, and Goldfarb, 2014).
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To analyze the relationship between crowdfunding and firm growth, we compare firms that
successfully issue crowdfunded debt or equity to a sample of matched private firms from Factset
in a diff-in-diff setting (as in Boucly, Sraer, and Thesmar (2011)). We find that crowdfunding
firms increase their total assets, revenue, and profitability relative to the control sample. We
also show that this difference is largest for first-stage firms, with the relationship weakening as
firms mature. While the change in profitability associated with crowdfunding is positive and
significant for both first- and second-stage firms, it is insignificant for third-stage firms. Our
results suggest that crowdfunding can improve operational performance for firms that are not
yet profitable but has a negligible impact on more mature, profitable, firms.

Related literature. Our paper primarily contributes to two strands of literature. First,
we add to the literature on securities crowdfunding (see Mochkabadi and Volkmann (2020)
and Bollaert, Lopez-de Silanes, and Schwienbacher (2021) for recent surveys) and Regulation
Crowdfunding (CF) of the Jumpstart Our Business Startups (JOBS) Act. This paper is, to
our knowledge, the first to investigate the choice between issuing crowdfunded debt or equity
as well as how firm characteristics relate to this decision. While several papers explore either
debt or equity crowdfunding in isolation, what motivates firms to choose between these two
security types has not previously been documented. The only other paper addressing equity
and debt crowdfunding simultaneously that we are aware of is Cumming, Johan, and Reardon
(2022), who show that equity offerings are more likely to be successful and raise more capital
than debt offerings.

Previous empirical evidence on whether securities crowdfunding facilitates firm growth is
limited and mixed. Using a sample of UK firms, Eldridge, Nisar, and Torchia (2021) find that
equity crowdfunding is associated with improved return on assets (ROA) but not increased
innovation activity. Havrylchyk and Mahdavi Ardekani (2020) do not observe any relation-
ship between debt crowdfunding and sales growth, investment, employment, or profitability
for a sample of French firms. Hornuf, Schmitt, and Stenzhorn (2017), Buttice, Di Pietro,
and Tenca (2020), and Dolatabadi, Fracassi, and Yang (2021) show that successful equity
crowdfunding campaigns are associated with a higher likelihood of subsequent venture capital

funding and higher survival rates. Our results show that post-crowdfunding growth is related
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to the firm’s growth cycle stage, which may partially reconcile why prior papers have observed
positive effects associated with equity (early-stage) crowdfunding, but not debt (late-stage)
crowdfunding.*

Second, we contribute to prior work on the capital structure and growth of small en-
trepreneurial firms (see Ewens and Farre-Mensa (2022) and Nanda and Phillips (2022) for
recent surveys). Due to data limitations, most studies on entrepreneurial financing decisions
focus on small, privately held firms using data from surveys like the Federal Reserve Board’s
Surveys of Small Business Finances or the Kauffman Firm Surveys (Berger and Udell, 1998;
Cole and Sokolyk, 2018; Coleman, 2002; Robb and Robinson, 2012). Berger and Udell (1998)
find that small firms rely more on debt financing during their early growth stages but decrease
their reliance on debt as they mature. Robb and Robinson (2012) show that young firms rely
more on external debt financing and less on friends-and-family-based funding sources. More
recently, Cole, Liang, and Zhang (2020) look at sources of debt financing for small firms that
trade over-the-counter (OTC). We contribute by providing the first evidence on the relation-
ship between growth cycle patterns for startups and crowdfunding decisions, as well as showing
that growth outcomes following crowdfunding are related to the firm’s growth cycle stage.

The rest of this article proceeds as follows. In Section 2, we describe the institutional
framework that motivates the article. In Section 3, we describe the data and provide summary

statistics. Sections 4 through 5 present the empirical analysis, and Section 6 concludes.

2 Institutional background

The JOBS Act, signed into law on April 5, 2012, aims to facilitate capital raising for startups
and small businesses by allowing them to offer securities to a wider pool of investors at lower
costs. On October 30, 2015, the SEC adopted the final rules for Regulation CF, which became

effective on May 16, 2016. Under Regulation CF, US private firms can raise up to $1.07 million

4While this study focuses on existing firms’ growth, other studies analyze whether crowdfunding is con-
ducive to new business formation. Rashidi Ranjbar (2022) finds that the passage of both state-level crowdfund-
ing legislation and Regulation CF increases the number of new business applications, but that only the former
results in successful business formation. Lambert, Ralcheva, and Roosenboom (2022) show that project-based
crowdfunding (Kickstarter) is positively associated with business formation and average establishment size at
the county level.
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in a 12-month period by issuing debt or equity securities. As of 2021, the maximum aggregated
offering amount in a 12-month period is increased to $5 million.

Prior to Regulation CF, debt and equity crowdfunding was limited to accredited investors,
typically high-income or high-net-worth individuals. Regulation CF expands investment op-
portunities to non-accredited (retail) investors, allowing them to purchase debt or equity
securities issued through crowdfunding. To comply with SEC requirements, issuers must dis-
close both quantitative and qualitative information by filing Forms C, C-U, and C-AR, making
this information publicly available at least 21 days before the securities are sold. Additionally,
the offering must be conducted through a broker-dealer or a SEC-registered portal, which is
a new type of intermediary introduced by the JOBS Act.

The disclosure requirements in Regulation CF are designed to protect investors from fraud
and ensure the reliability of the information provided by businesses. To mitigate the risk of
fraudulent activities, the JOBS Act introduces three additional measures. First, it sets limits
on the amount that individuals can invest annually (up to 10% of their income or net worth),
thereby limiting potential losses. Second, it enables civil actions against issuers, directors,
and officers who provide false or misleading statements. Third, it grants the SEC authority

over funding portals to enforce regulations and mandates for both issuers and intermediaries.

3 Data

3.1 Data sources

Our primary data source is the Electronic Data Gathering, Analysis, and Retrieval system
(EDGAR) operated by the SEC. EDGAR serves as the primary system for companies and
other entities submitting documents under various securities acts. We construct a sample
of crowdfunding security offerings in the US under Regulation CF from July 2016 to the
end of 2021. Regulation CF requires companies issuing securities through crowdfunding to
disclose Forms C and C-U with the SEC, investors, and the intermediary facilitating the

offering. These filings detail the firms’ financials, risk factors, business plan, leadership team,
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and intended use of proceeds, as well as the type of security issued (debt or equity) and the
crowdfunding goal (the amount that the entrepreneur intends to raise). These filings allow us
to record information about the issuing firms’ financial statements at the time of the offering,
one year prior to the offering, and, if the offering is successful, one year after the crowdfunding
campaign (Form C-AR).

Our main sample of analysis is a cross-section of 2,052 firms that launched a crowdfunding
campaign in 2016-2021. To exclude firms that are crowdfunding but have not yet formed, we
require firms to have non-zero assets. We winsorize all continuous variables at the 2% and
98% tails. Since industry codes are not specified in Form C filings, we manually collect SIC
codes using Capital 1QQ and via manual web searches.

To get information about prior security issuances, we collect information from Form D
filings in EDGAR. Firms that raise capital through private placement of securities under
Regulation D are required to fill out Form D. These data allow us to get information about
additional capital raised through institutional investors by firms in our sample. In particular,
we are able to assess whether firms raise capital by issuing securities through other venues
before and/or after the crowdfunding offering.

In order to investigate the relationship between crowdfunding and bank lending, we gather
data on banks from the Board of Governors of the Federal Reserve System. These data provide
information about the number of bank branches at the ZIP code or county level. We also collect
the house price index (HPI) at the ZIP code level from Federal Housing Finance Agency).

To construct a control group of private firms, we rely on FactSet. FactSet allows us to
access information about private firms in the US from 2015 to 2021. We construct a matched
control sample by matching crowdfunding firms in the year before they issue crowdfunding
securities to FactSet firms using propensity score matching on industry (SIC-2), ROA, and
total assets.

Finally, we supplement our analysis with macroeconomic variables and Census data at the
ZIP-code level from the IPUMS National Historical Geographic Information System (NHGIS)
(Manson, Schroeder, Riper, Kugler, and Ruggles, 2022). IPUMS NHGIS offers easy access

to summary tables and time series of population, housing, agriculture, and economic data for
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various levels of US census geography. In particular, we use data from the 2020 American

Community Survey: 5-Year Data (2016-2020) for county-level control variables.

3.2 The US crowdfunding market

In this section, we describe the crowdfunding market governed by Regulation CF from 2016—
2021. We start by presenting information about the number of total and successful offerings
by year. Figure 1 shows that the number of security offerings increases from 192 in 2016 to
1,586 by 2021. The unconditional probability for a campaign to be successful remains fairly
stable at around 40% during 2016-2020, but dips to 24% in 2021.

Figure 2 Panel A shows the quarterly amount successfully raised by crowdfunding firms
in USD millions. Firms raised around $10 million in the third quarter of 2016, an amount
which grows to $115 million by the fourth quarter of 2021, in part because Regulation CF
was amended in 2021 to allow an increase in the maximum amount firms are allowed to raise
via crowdfunding. In Panel B, we plot the average number of days that it takes a campaign
to reach its goal. On average, it takes 150 days for a firm to meet its funding goal, but this
figure starts to decline in 2021. The dramatic drop in the fourth quarter is mechanical: Since
the sample ends in 2021, the closing date is recorded for only the fastest and most successful
crowdfunding campaigns.

Next, we provide a more granular analysis of crowdfunding intermediaries. As of 2021,
more than 100 internet portals are registered with the SEC. Figure 3 plots the number of
internet portals acting as intermediaries from 2016-2021. However, more than 70% of the
offerings are intermediated by only eight portals and the two most popular portals (Wefunder
and StartEngine) manage as much as 45% of the offerings (see Figure 4). Thus, even though
the number of registered portals is large, the intermediaries market is heavily concentrated,
likely because network effects attract issuers to platforms that already have a large investor
base.

Finally, we are interested in the location and legal status of issuing firms. Figure 5 shows

the number of offerings per county in our sample period. Most of the issuers are headquar-
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tered in California, Florida, New York, and Oregon. Furthermore, 60% of the companies are

corporations and 38% limited liabilities companies.

3.3 Summary statistics

Table 1 presents summary statistics for our sample of 2,052 crowdfunding firms. The table is
divided into three panels: issuing firm characteristics (Panel A), offering characteristics (Panel
B), and macro variables (Panel C). Table Al provides detailed definitions for all variables.

Panel A displays firm characteristic sample statistics for several variables: profitability
(ROA), the size of the firm measured as the natural log of total assets (Size), cash holdings
(Cash), leverage measured as total debt over total assets (Leverage), sales measured as the
natural log of total sales (Log sales), firm age in a number of years (Age), and the number
of employees measured as the natural log of the total number of employees (Log employees).
Issuers tend to be small firms both in terms of size (mean assets are $708,000 and median
$103,000) and number of employees (mean 9 employees and median 4). Comparing firms
issuing debt and equity reveals that the former is on median smaller but has a higher fraction
of large issuers (resulting in a higher average), with average (median) assets of $1.07 million
($66,000) versus $632,000 ($114,000) for equity issuers. Equity issuers also tend to be younger,
more levered, and less profitable than debt issuers.

Panel B summarizes offering campaign characteristics, with the amount of funding sought
(Amount offered), price per security (Price security), type of security offered (Type of security,
where 1 is debt and 0 equity), whether the campaign was successful (Success), and whether
the firm had previously raised capital from institutional or accredited investors (Previous
Institutional Funding). Firms seek to raise $63,000 on average ($25,000 median), with an
average security price of $487 for debt and $92 for equity. 17% of the issuances are debt
versus 83% equity, and 37% of campaigns are successful. Notably, around 25% of the sample
has previous funding from institutional or accredited investors according to Form D filings,
with a smaller fraction of debt issuers (14%) than equity (27%).

Panel C presents information regarding macro variables. Bank Density is the natural log
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of the total number of bank branches within 150 miles of the issuer’s location. Top Bank is a
dummy variable that takes the value of 1 if the issuer is located in an area that is in the top
quartile of the Bank Density distribution, and 0 otherwise. Total population, Median Income,
Frac. White, and Num. of Establishment are variables at the county level. A comparison of
debt and equity issuers suggests that debt issuers are headquartered in areas with more access
to banks and slightly lower median income.

Finally, Table 2 shows the industry distribution (classified by SIC-2 code) of our full sample
as well as the subsamples of debt and equity issuers. Business services (in particular computer
software) is the largest industry among equity issuers (19%) and second largest among debt
issuers (15%). Food products (often breweries and distilleries) and eating and drinking places
(mostly restaurants) also account for a large fraction of debt issuers (29%) and a smaller,
but still significant, fraction of equity issuers (12%). Other represented industries among
equity (debt) issuers include miscellaneous retail and wholesale trade at 8% (8%), engineering,
research, and management services at 4% (5%), amusement and recreation services at 4% (3%),

and chemicals and allied products at 3% (2%).

4 The Choice of Debt versus Equity Crowdfunding

4.1 Crowdfunding and the Financial Growth Cycle

How do firms choose between debt and equity crowdfunding? The pecking order theory, as
developed by Myers and Majluf (1984), predicts that if capital is needed for new investment
opportunities, firms have a preference for internal financing over external financing due to
adverse selection. When outside funds are needed, firms prefer debt over equity because debt
issues are associated with lower information costs. Equity is seldom issued. However, this
theory does not account for several broad patterns of corporate finance. In particular, small
high-growth firms are typically thought to have significant information asymmetries, making
them particularly susceptible to adverse selection problems. Frank and Goyal (2009) find

evidence that such firms generally do not act in accordance with the pecking order theory.
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In Table 3, we run cross-sectional firm-level OLS regressions with security choice (1 if
debt, 0 if equity) as the dependent variable. The control variables include a set of firm
characteristics (profitability, size, cash holdings, long-term leverage, and short-term leverage)
as well as year and industry fixed effects varying by column. Columns 1-3 contain the full
sample of 2,052 firms, 4-5 the subsample of successful issuers, and 6-7 the subsample of failed
issuers. The table shows that more profitable firms are more likely to issue debt, which is
consistent with them being better able to service debt than less profitable firms. We also find
that larger issuers are more likely to issue equity crowdfunding, although this relationship
is not statistically significant for the subsample of successful crowdfunders. Finally, we note
that firms with higher leverage are more likely to issue equity than debt. This could have
several potential explanations, including levered firms (1) not needing to turn to crowdfunding
for debt funding since they already have access to bank lending (which we explore further in
Section 4.2), (2) being unable to issue further debt due to borrowing constraints, or (3) using
crowdfunding to reduce their leverage and bankruptcy risk.

As noted by Berger and Udell (1998), the pecking order hierarchy depends on the size
and stage of development of the firm, as there are different levels of information asymmetry
and financial needs for each phase of growth. We next investigate whether the likelihood
of issuing debt crowdfunding increases as the firm progresses through the financial growth
cycle. We define three growth cycle stages appropriate for startups in the spirit of Cole,
Liang, and Zhang (2020): a first stage where firms are pre-revenue, a second stage where
firms have positive revenue but are not yet profitable (negative or zero net income), and a
third stage where firms achieve profitability to generate positive revenue and net income.
Since businesses establish more solid track records (reducing information asymmetry) and
start to generate steady revenue streams as they progress through these stages, we expect
debt crowdfunding to become a more viable financing option for these firms as they mature.

In Table 4, we run the same set of regressions as in Table 3, but add two additional
independent variables: a dummy designating that the firm is a second-stage firm (revenue-
generating but not profitable) and a dummy for third-stage firms (revenue-generating and

profitable). Our results indicate a monotonic and positive relationship between stage and the

135



likelihood of issuing debt: As per Column 3, firms in the second stage are 4.6pp likelier to issue
debt over equity, and firms in the third stage are 13.3pp likelier. In other words, more mature
firms with positive cash flows are more likely to choose debt crowdfunding when available,
allowing them to access funding without relinquishing ownership or control of their business.
In contrast, early-stage firms that have not started generating revenues are the most likely to
opt for equity issuance. These startups do not have a track record of stable cash flows and
may be more informationally opaque for investors, which makes debt financing less attractive.

In Table A2 of the Appendix, we present consistent results when using age as an alternative
measure for the firm’s financial growth cycle. There are several reasons why we use age to
proxy for growth cycle stage only for robustness. Faff, Kwok, Podolski, and Wong (2016)
argue that firm age is not a reliable indicator of a firm’s growth cycle stage, as the time it
takes for a firm to transition across growth cycle stages can vary by industry, and firms of the
same age can learn at different rates based on their feedback mechanisms. Furthermore, using
age as a proxy for the growth cycle stage assumes that a firm progresses linearly through the

cycle, which may not be the case (Dickinson, 2011).

4.2 Crowdfunding and Access to Bank Lending

Next, we ask whether debt crowdfunding can act as a substitute for bank lending for bor-
rowers with limited access to capital through traditional banking channels. A large body of
research in banking establishes that banks constrain their lending to areas surrounding their
bank branches, and that lending to small businesses is usually restricted to local markets
(Agarwal and Hauswald, 2010; Brevoort, Wolken, and Holmes, 2010; Nguyen, 2019). Accord-
ingly, areas with a higher concentration of bank branches are known to have more competitive
banking markets, resulting in improved credit access. In the same vein, the distance between
entrepreneurs and offline early-stage investors, such as banks, venture capitalists, and angel
investors, has been shown to be a barrier to small business financing (Cumming and Dai, 2010;
Stuart and Sorenson, 2003). Since online funding platforms can reduce these distance-related

costs, crowdfunding is anticipated to improve the odds for entrepreneurs located in areas un-
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derserved by traditional offline funding sources to secure outside capital (Agrawal, Catalini,
and Goldfarb, 2015; Vulkan, Astebro, and Sierra, 2016).

To distinguish between the effects of bank access and demographic differences in loan
demand, we follow a similar approach as Erel and Liebersohn (2022) and control for county
fixed effects. These capture systematic differences in the financial environment across counties
(e.g., local business cycle or economic factors). In addition, we control for plausible demand-
side factors by adding local demographic and income controls such as median income, the
proportion of the white population, the total population, and the number of establishments

within each ZIP code. Our baseline regression specification is as follows:

Equity;, = fBankAccess,_1 + Controls,; + @i + 7s + 0. + €4 (15)

where i, s, z, ¢ and t index crowdfunding campaign, industry sectors, ZIP codes, counties,
and time, respectively. We are primarily interested in (3, the coefficient on bank access mea-
surements. It is difficult to measure a firm’s access to bank lending directly, which makes it
necessary to apply proxies instead. We proxy for bank access using two different measures.
The first is the log local house price index (HPI) measured at the ZIP code level. Home
equity is one of the most frequent sources of funding for startups (Nanda and Phillips, 2022),
so we expect HPI to be positively correlated with greater access to bank lending. The second
measure is the number of bank branches within 150 miles. We also use a dummy equal to one
if the firm is located in the top quartile of ZIP codes by the number of bank branches within
150 miles.

To investigate whether debt crowdfunding can substitute for bank lending, Table 5 presents
similar cross-sectional regressions as in Tables 3 and 4, but with the addition of the HPI
variable, controls for ZIP-level economic and demographic conditions, and county fixed effects.
We observe a negative and significant relationship between local house prices and a firm’s
likelihood of issuing debt instead of equity. In Column (5), which controls for year, industry,
and county fixed effects, we estimate that a one standard deviation increase in HPI corresponds

to a 2.9% lower likelihood for a firm to choose debt financing. This suggests that as home
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values increase — and entrepreneurs have more home equity to tap for funding — firms become
more likely to seek equity crowdfunding instead of debt.

In Table 6, we again address the same question but with the second proxy for bank access:
the number of bank branches within 150 miles of the firm’s headquarters. Column 1 shows
that firms located in areas with more bank branches (proxying for better access to bank
loans) are less likely to issue crowdfunded debt. One log-point increase in bank branches
within 150 miles is associated with a decrease in the likelihood of obtaining crowdfunded
debt by about 0.62. The standard deviation of Log Bank Density is 0.69, so a one standard
deviation increase in the log number of bank branches within 150 miles is associated with
an approximately 42.9% decline in the odds of getting debt crowdfunding compared to the
median. In Columns 2 and 3, year fixed effects are used to control for intertemporal variation
in the crowdfunding choice, and industry fixed effects are used to control for unobservable,
time-invariant differences across industries. The estimates obtained when including county
fixed effects alone, as shown in Column 1, exhibit a similar magnitude to those obtained when
incorporating year and industry effects, as presented in Columns 2 and 3. In Columns 4-6,
we rerun our analysis with Top Bank Density (150 miles) as the alternative measure of bank
access, showing consistent results across all specifications. As per Column 6, we estimate that
a firm is 9.8pp less likely to choose debt financing if it is located in a ZIP code that is in the

top quartile in terms of the number of nearby bank branches.

5 Crowdfunding and growth

In this section of the paper, we assess whether successful crowdfunding is associated with real
growth outcomes, and how these outcomes relate to the firm’s stage in the financial growth
cycle. As discussed in Section 1, theory does not give a clear indication of whether to expect
crowdfunding to result in improved performance due to issues of information asymmetry and
moral hazard. Moreover, prior empirical evidence is ambiguous on whether crowdfunding
fosters growth.

To analyze the relationship between crowdfunding and firm growth, we compare firms
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that successfully issued crowdfunded debt or equity to a sample of matched private firms
from Factset in a diff-in-diff setting (as in Boucly, Sraer, and Thesmar (2011)). We create a
matched set of control firms from the period 2016-2021 using propensity-score matching on
the following variables, measured in the year before the treated firm launches its crowdfunding
campaign: SIC-2 industry, ROA, and total assets. We additionally require matched firms to
have non-missing data in the year after they are matched (i.e., the counterfactual year after
crowdfunding). Due to data limitations, we are only able to analyze a two-period setting: one
year before crowdfunding and one year after. Consequently, we can only evaluate short-term
effects associated with crowdfunding.’

In Table 7, we run diff-in-diff panel regressions with two-way fixed effects (firm and year)
for six different outcome variables: size (log total assets), log revenue, profitability (ROA),
cash holdings, book leverage, short-term leverage, and long-term leverage. We include a
post-period control dummy (equal to one if the observation represents the (matched) year
after crowdfunding) and a post-period and treated interaction variable, which is our primary
variable of interest and captures the estimated effect associated with crowdfunding after the
campaign has concluded.

We find that crowdfunding firms increase their total assets, revenue, and ROA relative
to similar firms that do not issue securities via crowdfunding. More specifically, successful
crowdfunding is associated with a 42% increase in size, 46% increase in revenue, and a 0.96
higher ROA (for comparison, the pre-crowdfunding sample average ROA is 2.26). Short-term
leverage is expected to decrease by 0.17, consistent with a majority of the offerings in the
sample being equity. In other words, compared to similar firms that do not issue crowdfunded
securities, issuers appear to grow in size while simultaneously improving their performance.
This suggests that any information asymmetry and moral hazard problems present during
crowdfunding do not fully disincentivize entrepreneurs from putting crowdfunded capital to

good use.

50ur sample is limited since firms that issue securities according to Regulation CF are only required to
disclose financials once prior to crowdfunding and once after the campaign succeeds (no more than 120 days
after fiscal year-end). Thus, we can only observe multiple post-crowdfunding years of data for a firm if it
for some reason has to extend its filing period or if it makes subsequent Form C filings in conjunction with
follow-on crowdfunding campaigns.
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In Section 4, we showed that the firm’s choice of debt versus equity securities is related
to its stage in the financial growth cycle. Next, we investigate whether the growth effects
seen above also vary by developmental stage. To do so, we include controls in Table 8 for the
growth stage as well as a pair of three-way interaction variables: post-period times treated
times growth stages two and three, respectively. This allows us to estimate the relative growth
effects associated with successful crowdfunding for startups in their first, second, and third
stages of development.

Table 8 shows large increases in size (83%), revenue (90%), and ROA (1.25) for first-
stage startups that successfully crowdfund versus similar firms that do not. Relative to first-
stage firms, however, second- and third-stage firms see significantly lower gains in size (-
71% and -50%) and revenue (-59% and -74%), with third-stage firms additionally seeing
less of an increase in ROA (-1.19). Relative to control firms without crowdfunding, only
second-stage firms see gains in revenue (90%-59%=31%, significant at the 5% level) and
profitability (1.25-0.21=1.04, significant at the 10% level). In contrast, third-stage firms that
successfully crowdfund do not see significant gains in size, revenue, or profitability. In other
words, the positive real economic effects associated with crowdfunding appear related to the
firm’s developmental stage, with startups that have yet to become profitable seeing significant
operating gains while profitable, more mature, firms do not show signs of improvement.

Our findings may provide new context as to why prior empirical studies yield mixed pre-
dictions regarding the relationship between crowdfunding and growth. In particular, Eldridge,
Nisar, and Torchia (2021) finds a positive relationship between equity crowdfunding and ROA
for UK firms, while Havrylchyk and Mahdavi Ardekani (2020) do not observe any relationship
between debt crowdfunding and sales growth or profitability for a sample of French firms.
We document that both the firm’s choice of security type — debt versus equity — and post-
issuance gains in revenue and profitability are closely related to the firm’s stage in the financial

growth cycle.
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6 Conclusion

Regulation CF of the JOBS Act allows small businesses in the US to offer crowdfunded debt
and equity securities to individual investors. In this paper, we raise several questions regarding
this recent source of startup capital: Which types of firms choose to issue crowdfunded debt,
and which choose equity? How does this decision relate to the firm’s stage in the financial
growth cycle and access to bank lending? Is successful crowdfunding associated with realized
improvements in firm size and profitability?

We start by examining the factors associated with a firm’s choice between debt and equity
crowdfunding. We find that larger, less profitable, and more levered firms are less likely to
select debt when issuing securities via crowdfunding. We also find that the capital structure
of crowdfunded firms tends to follow a growth cycle pattern. Specifically, early-stage startups
are more likely than late-stage startups to finance their growth through equity crowdfunding.
As firms develop, they tend to rely more on debt-based crowdfunding, potentially because
improved financial stability and creditworthiness make debt financing less costly.

Next, we investigate how the availability of traditional bank financing is related to the
firm’s choice of crowdfunding security type. We find evidence consistent with debt crowd-
funding serving as a substitute for bank lending. We show that firms located in areas with
higher house prices (proxying for access to home equity, a frequent source of funding for star-
tups) and a higher number of bank branches (proxying for access to bank loans) are more
likely to issue crowdfunded equity.

To conclude our analysis, we investigate whether successful securities crowdfunding is asso-
ciated with realized increases in firm size and performance. We compare firms that successfully
issued crowdfunded debt or equity to a sample of matched private firms from Factset. We
find that crowdfunding firms increase their total assets, revenue, and ROA relative to the
control sample. This difference is largest for first-stage firms, with the relationship weakening
as firms mature. While the positive association between crowdfunding and ROA is positive
and significant for both first- and second-stage firms, it is insignificant for third-stage firms.

Our results suggest that crowdfunding can improve operational performance for firms that are
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not yet profitable but has a negligible impact on more mature, profitable, firms.
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Figure 1: Yearly offerings. This figure shows the total number of offerings and the number of
successful offerings from 2016 through 2021. Data come from EDGAR.

146



Time Required to Meet the Funding Goal and Amount Raised
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Figure 2: Time required to meet the funding goal and total amount raised. These
figures show respectively the total amount raised through crowdfunding (in millions USD) and the
time required to raise the funds (in days). Data comes from EDGAR.
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Figure 3: Number of crowdfunding platforms. This figure shows the evolution of the total
number crowdfunding from 2016 through 2021.
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Figure 4: Most popular crowdfunding platforms. This figure shows the percentage of the
offerings managed by the most eight most popular crowdfunding portals. Data come from EDGAR.
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Figure 5: Crowdfunding geography. This figure shows the country-level graph of the numbers
of crowdfunding offerings across US Counties. Colors correspond to bins of the number of offerings.

Data come from EDGAR.
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Table 2: Industry Distribution of Sample Crowdfunded Firms and Financing Choice

The table presents the distribution of sample firms based on their Standard Industrial Classification
(SIC) 2-digit industry code, sorted by frequency. It also shows the number and percentage of firms
that opt for debt-based crowdfunding (CF) and equity-based crowdfunding within each industry
category. The sample contains 2,052 US crowdfunding campaigns, 2016-2021. All variables are
defined in the Appendix (Table Al).

All firms Debt-based CF Equity-based CF
SIC2 Industry Num. Percent Num. Percent Num. Percent
73 Business Services 384 18.71 54 15.21 330 19.45
20 Food and Kindred Products 199 9.7 62 17.46 137 8.07
58 Eating and Drinking Places 111 5.41 42 11.83 69 4.07
87 Engineering, Accounting, Research, and Management Services 93 4.53 18 5.07 75 4.42
59 Miscellaneous Retail 87 4.24 14 3.94 73 4.3
51 Wholesale Trade - Nondurable Goods 80 3.9 15 4.23 65 3.83
79 Amusement and Recreation Services 76 3.7 11 3.1 65 3.83
28 Chemicals and Allied Products 56 2.73 7 1.97 49 2.89
54 Food Stores 50 2.44 15 4.23 35 2.06
80 Health Services 50 2.44 5 1.41 45 2.65
50 Wholesale Trade - Durable Goods 49 2.39 4 1.13 45 2.65
38 Measuring, Photographic, Medical, & Optical Goods, & Clocks 48 2.34 4 1.13 44 2.59
36 Electronic & Other Electrical Equipment & Components 47 2.29 2 0.56 45 2.65
72 Personal Services 46 2.24 8 2.25 38 2.24
48 Communications 42 2.05 5 1.41 37 2.18
35 Industrial and Commercial Machinery and Computer Equipment 38 1.85 3 0.85 35 2.06
82 Educational Services 38 1.85 7 1.97 31 1.83
27 Printing, Publishing and Allied Industries 30 1.46 2 0.56 28 1.65
78 Motion Pictures 30 1.46 2 0.56 28 1.65
37 Transportation Equipment 29 1.41 1 0.28 28 1.65
56 Apparel and Accessory Stores 28 1.36 6 1.69 22 1.3
39 Miscellaneous Manufacturing Industries 27 1.32 3 0.85 24 1.41
65 Real Estate 27 1.32 5 1.41 22 1.3
61 Nondepository Credit Institutions 26 1.27 3 0.85 23 1.36
62 Security & Commodity Brokers, Dealers, Exchanges & Services 24 1.17 5 1.41 19 1.12
67 Holding and Other Investment Offices 23 1.12 2 0.56 21 1.24
83 Social Services 23 1.12 5 1.41 18 1.06
47 Transportation Services 22 1.07 4 1.13 18 1.06
49 Electric, Gas and Sanitary Services 18 0.88 2 0.56 16 0.94
75 Automotive Repair, Services and Parking 17 0.83 4 1.13 13 0.77
89 Services, Not Elsewhere Classified 15 0.73 2 0.56 13 0.77
86 Membership Organizations 13 0.63 3 0.85 10 0.59
1 Agricultural Production - Crops 12 0.58 5 1.41 7 0.41
23 Apparel, Finished Products from Fabrics & Similar Materials 12 0.58 3 0.85 9 0.53
31 Leather and Leather Products 12 0.58 1 0.28 11 0.65
55 Automotive Dealers and Gasoline Service Stations 12 0.58 0 0 12 0.71
34 Fabricated Metal Products 11 0.54 0 0 11 0.65
15 Construction - General Contractors & Operative Builders 10 0.49 5 1.41 5 0.29
42 Motor Freight Transportation 10 0.49 1 0.28 9 0.53
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Table 3: Financing Choice and Firm Characteristics

The table presents the relationship between firm characteristics and the choice of security type
in crowdfunding campaigns. The dependent variable is a dummy that takes the value of 1 when
the issued security is in the form of debt, and 0 otherwise. Columns (1), (2), and (3) display
the estimated coefficients for the full sample. Columns (4) and (5) present results for successful
campaigns, while columns (6) and (7) report coefficients for failed campaigns. All variables are
defined in the Appendix (Table Al). Firm-level variables are lagged by one year. The sample
contains 2,052 US crowdfunding campaigns, 2016-2021. T-statistics are in parentheses and standard
errors are clustered at the industry level. * ** and *** indicate statistical significance at 10%, 5%,
and 1%, respectively.

Full Sample Successful CF Failed CF
Variables (1) (2) (3) (4) (5) (6) (7)
Profitability 0.009%%*  0.009***  (0.008%** 0.008**  0.007** 0.012%%*  0.010***
(3.60) (3.71) (3.38) (2.48) (2.25) (4.46) (3.69)
Size -0.013*** -0.012%** -0.011** -0.006 -0.004 -0.022%*  -0.022**
(3.03) (2.96) (2.32) (1.24)  (0.71) (2.37) (2.47)
Cash holdings -0.056 -0.057 -0.027 -0.016 0.010 -0.113* -0.082*
(1.47) (1.53) (0.92) (0.50)  (0.32) (1.94) (1.90)
LT Leverage -0.003*%*%*  -0.003***  -0.003** -0.003**  -0.002* -0.003***  -0.003*
(2.85) (2.85) (2.37) (2.28)  (1.80) (2.75) (1.73)
ST Leverage -0.005%*  -0.004**  -0.003* -0.002 -0.000 -0.010%%*  -0.008**
(2.41) (2.24) (1.83) (0.72)  (0.20) (2.79) (2.38)
Year FE Y Y Y Y Y Y
Industry FE Y Y Y
Observations 2,052 2,052 2,045 1,292 1,286 760 741
Adjusted R-squared 0.024 0.025 0.057 0.025 0.049 0.041 0.084
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Table 4: Financing Choice and Growth Stage

The table presents the relationship between the stage of a firm’s financial growth and the choice of
security type in crowdfunding campaigns. The dependent variable is a dummy that takes the value of
1 when the issued security is in the form of debt, and 0 otherwise. Columns (1), (2), and (3) display
the estimated coefficients for the full sample. Columns (4) and (5) present results for successful
campaigns, while columns (6) and (7) report coefficients for failed campaigns. We categorize firms
into three stages of the financial growth cycle: pre-revenue (Growth Stage 1), positive revenue but
not yet profitable (Growth Stage 2), and profitable with positive revenue and net income (Growth
Stage 3). All variables are defined in the Appendix (Table Al). Firm-level variables are lagged by
one year. The sample contains 2,052 US crowdfunding campaigns, 2016-2021. T-statistics are in
parentheses and standard errors are clustered at the industry level. *, ** and *** indicate statistical
significance at 10%, 5%, and 1%, respectively.

Full Sample Successful CF Failed CF
Variables (1) (2) (3) (4) (5) (6) (7)
Growth Stage 2 0.063*%**  0.065*** 0.046%* 0.092%**  0.076%* 0.022 0.013
(3.69) (3.15) (1.97) (3.39) (2.44) (0.82) (0.38)
Growth Stage 3 0.179%F*  (0.153***  (.133%** 0.146***  0.130*** 0.156%F*  (0.122%*
(4.88) (4.38) (3.63) (3.26) (2.80) (4.24) (2.64)
Profitability 0.005%* 0.004 0.003 0.003 0.007***  0.007**
(1.80) (1.62) (0.95) (0.87) (2.67) (2.46)
Size -0.018***  _0.015%** -0.013**  -0.010 -0.024**  -0.024***
(3.92) (3.28) (2.42) (1.64) (2.46) (2.79)
Cash holdings -0.041 -0.015 0.003 0.025 -0.097 -0.071
(1.17) (0.50) (0.09) (0.84) (1.65) (1.59)
LT Leverage -0.003**  -0.002** -0.003**  -0.002* -0.003** -0.002
(2.61) (2.14) (2.14) (1.69) (2.55) (1.65)
ST Leverage -0.004* -0.003 -0.001 -0.000 -0.009**  -0.007**
(1.92) (1.55) (0.54) (0.05) (2.39) (2.11)
Year FE Y Y Y Y Y Y
Industry FE Y Y Y
Observations 2,032 2,032 2,025 1,280 1,274 752 733
Adjusted R-squared 0.023 0.037 0.064 0.037 0.056 0.054 0.092
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Table 5: Housing Price Changes and Financing Choice of Crowdfunding

The table presents the relationship between house prices and the choice of security type in crowd-
funding campaigns. The dependent variable is a dummy that takes the value of 1 when the issued
security is in the form of debt, and 0 otherwise. All variables are defined in the Appendix (Table
A1l). Firm-level variables and HPI are lagged by one year. HPI and the macro controls are at the
ZIP code level. The sample contains 2,052 US crowdfunding campaigns, 2016-2021. T-statistics
are in parentheses and standard errors are clustered at the industry level. *, ** and *** indicate
statistical significance at 10%, 5%, and 1%, respectively.

Variables (1) (2) (3) (4)
log HPI -0.049%**  _0.052*%FF _0.040** -0.041*
(2.65) (2.68) (2.13)  (1.92)
log Med. Inc 0.004 0.001 0.015
(0.13) (0.02) (0.44)
log Population 0.009 0.005 0.002
(0.40) (0.20) (0.08)
Establishments Per Cap. -0.002 -0.002 -0.002
(0.30) (0.36) (0.28)
Firm Controls Y Y Y Y
County FE Y Y Y Y
Year FE Y Y
Industry FE Y
Observations 1320 1180 1180 1166
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Table 6: Bank-lending Availability and Crowdfunding Choice

The table reports results from the bank-lending availability and the choice of security type in crowd-
funding campaigns regression estimations. The dependent variable is a dummy that takes the value
of 1 when the issued security is in the form of debt, and 0 otherwise. All variables are defined in
the Appendix (Table Al). Firm-level variables are lagged by one year. The sample contains 2,052
US crowdfunding campaigns, 2016-2021. T-statistics are in parentheses and standard errors are
clustered at the industry level. *, ** and *** indicate statistical significance at 10%, 5%, and 1%,
respectively.

Variables (1) (2) (3) (5) (6) (8)

Log Bank Density (150 miles) -0.622** -0.588** -0.551*
(241)  (227)  (1.89)

Top Bank Density (150 miles) -0.114%*%  0.134%%*  -0.098*
(2.96) (3.47) (1.85)
Log Med. Inc 0.000 0.000 0.000 0.000 0.000 0.000
(0.32) (0.41) (0.39) (0.31) (0.40) (0.39)
Frac. White -0.036 -0.039 -0.023 -0.031 -0.034 -0.019
(0.63) (0.70) (0.39) (0.55) (0.62) (0.33)
Log Population 0.001 0.001 0.001 0.001 0.001 0.001
(1.38) (1.41) (1.12) (1.32) (1.35) (1.07)
Establishments Per Cap. -0.000 -0.000*  -0.000*  -0.000%* -0.000*  -0.000*
(167)  (1.71)  (1.70) (1.78) (1.82)  (1.78)
Firm Controls Y Y Y Y Y Y
County FE Y Y Y Y Y Y
Year FE Y Y Y Y
Industry FE Y Y
Observations 1,826 1,826 1,826 1,826 1,826 1,826
Adjusted R-squared 0.141 0.142 0.152 0.139 0.141 0.150
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Table 7: Institutional Investors and Financing Choice

The table provides regression results for the relationship between institutional funding and the choice
of security type in crowdfunding campaigns. Columns (1), (2), and (3) display the estimated co-
efficients for the full sample. Columns (4) and (5) present results for successful campaigns, while
columns (6) and (7) report coefficients for failed campaigns. The dependent variable is a dummy that
takes the value of 1 when the issued security is in the form of debt, and 0 otherwise. All variables
are defined in the Appendix (Table Al). Firm-level variables are lagged by one year. The sample
contains 2,052 US crowdfunding campaigns, 2016-2021. T-statistics are in parentheses and standard
errors are clustered at the industry level. *, ** and *** indicate statistical significance at 10%, 5%,
and 1%, respectively.

Full Sample Successful CF Failed CF
Variables (1) (2) (3) (4) (5) (6) (7)
Previous Institutional Funding -0.094***  -0.075***  -0.065*** -0.059**  -0.040 -0.102%**  -0.088**
(5.03) (4.07) (3.95) (2.14)  (1.51) (3.01)  (2.48)
Profitability 0.009%**  0.008*** 0.008**  0.007** 0.011%**  0.010%**
(3.66) (3.35) (2.41)  (2.23) (4.23)  (347)
Size -0.008* -0.007 -0.003 -0.002 -0.015* -0.016*
(1.76) (1.44) (0.62)  (0.37) (1.79) (1.94)
Cash holdings -0.046 -0.018 -0.009 0.014 -0.095* -0.066
(1.26) (0.64) (0.29)  (0.46) (1.71)  (1.56)
LT Leverage -0.003***  -0.003** -0.003**  -0.002* -0.003***  -0.003*
(2.84) (2.41) (2.24)  (1.80) (2.96) (1.92)
ST Leverage -0.003* -0.003 -0.001 0.000 -0.009***  -0.008**
(1.76) (1.45) (0.31)  (0.08) (2.89)  (2.50)
Year FE Y Y Y Y Y Y
Industry FE Y Y Y
Observations 2,052 2,052 2,045 1,292 1,286 760 741
Adjusted R-squared 0.011 0.031 0.061 0.029 0.050 0.053 0.092
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Table 8: Crowdfunding and Growth

The table presents results from the regression estimation of crowdfunding and growth. Post is a
dummy variable that takes a value of 1 after the crowdfunding campaign, and 0 otherwise. Treated is
a dummy variable that takes a value of 1 if the firm successfully concluded a crowdfunding campaign,
and 0 otherwise. All variables are defined in the Appendix (Table A1). Firm-level variables are lagged
by one year. The sample contains 349 US crowdfunding firms and their matched controls, 2016-2021.
Data frequency is yearly. T-statistics are in parentheses and standard errors are clustered at the
industry level. *, ** and *** indicate statistical significance at 10%, 5%, and 1%, respectively.

1) 2 3) (4) (5) (6) (7
Size Log Revenue Profitability Cash holdings Book Leverage ST Leverage LT Leverage

Post 0.064 -0.065 -0.476 0.002 -0.861%* 0.008 0.007
(0.38) (0.51) (0.74) (0.06) (2.50) (0.42) (0.17)
Post x Treated 0.424%5% () 464%5% 0.964* 0.044 0.274 -0.168%** -0.141
(2.67) (4.33) (1.73) (1.56) (0.71) (2.99) (1.21)
Year FE Y Y Y Y Y Y Y
Firm FE Y Y Y Y Y Y Y
Observations 1,359 1,113 1,352 1,349 1,241 1,363 1,241
Adjusted R-squared  0.700 0.871 0.673 0.693 0.494 0.511 0.619
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Table 9: Crowdfunding, Growth, and Financial Growth Cycle

The table presents the relationship between crowdfunding, growth, and the financial growth cycle.
Post is a dummy variable that takes a value of 1 after the crowdfunding campaign, and 0 otherwise.
Treated is a dummy variable that takes a value of 1 if the firm successfully concluded a crowdfunding
campaign, and 0 otherwise. We categorize firms into three stages of the financial growth cycle: pre-
revenue (Growth Stage 1), positive revenue but not yet profitable (Growth Stage 2), and profitable
with positive revenue and net income (Growth Stage 3). All variables are defined in the Appendix
(Table Al). Firm-level variables are lagged by one year. The sample contains 349 US crowdfunding
firms and their matched controls, 2016-2021. Data frequency is yearly. T-statistics are in parentheses
and standard errors are clustered at the industry level. *, ** and *** indicate statistical significance

at 10%, 5%, and 1%, respectively.

1 ©) 3) (4) (5) (6) (7)
Size Revenue Profitability Cash holdings Book Leverage ST Leverage LT Leverage
Post -0.027 -0.079 -0.526 0.019 -0.361 0.005 0.009
(0.17) (0.66) (0.82) (0.57) (1.21) (0.24) (0.23)
Post x Treated 0.829%**  (0.899*** 1.248%** 0.028 -0.468 -0.162* -0.338*
(4.54) (5.43) (2.23) (0.81) (1.18) (1.93) (1.79)
Post x Treated x Growth Stage 2 -0.705%**  -0.588%** -0.212 0.023 0.214 -0.092 0.369
(4.80) (3.02) (1.07) (0.63) (0.51) (0.73) (1.42)
Post x Treated x Growth Stage 3 -0.498%** -(.738%**  _].190*** -0.075 0.697* 0.221%* 0.450%*
(2.70) (4.05) (3.02) (1.40) (1.82) (1.83) (1.87)
Growth Stage 2 0.748 -0.351%* 3.525%* -0.265 0.112 0.332 -0.054
(1.59) (2.31) (2.28) (1.10) (0.21) (1.14) (0.37)
Growth Stage 3 1.184%* 1.662 -0.252 0.130 0.306 -0.070
(2.53) (0.99) (1.04) (0.21) (1.04) (0.45)
Year FE Y Y Y Y Y Y Y
Firm FE Y Y Y Y Y Y Y
Observations 1,339 1,109 1,336 1,329 1,221 1,343 1,221
Adjusted R-squared 0.719 0.876 0.683 0.709 0.558 0.502 0.620
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GOffee GOffee

Make Mornings Easy

$84,774 ..o

$1,067,743 previously crowdfunded @

130 $19.5M
Investors Valuation
$1.41 $297.51
Price per Share Min. Investment
Common Equity
Shares Offered Offering Type
$1.07M ®©o

Offering Max Days Left

® Website 9 New York, NY FOOD & BEVERAGE

This offering ended on October 30, 2021 and is no
longer accepting investments.

Figure Al: Example of a crowdfunding offering. This figure shows the example of a
crowdfunding offering from StartEngine.
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Bank Branches per Firm by ZIP Code New York
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Figure A2: Number of bank branches New York Metropolitan Area. This figure
shows data from New York County, Bronx County, Queens County, Kings County, and Richmond
County (New York Metropolitan Area) ZIP Codes. Colors correspond to bins of the number bank
branches per establishment per ZIP code.
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Debt Issuers by ZIP Code New York Equity Issuers by ZIP Code New York
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Figure A3: Number of debt and issuers New York Metropolitan Area: This figure
shows data from New York County, Bronx County, Queens County, Kings County, and Richmond County
(New York Metropolitan Area) ZIP Codes. The left panel colors correspond to bins of the percentage of
establishments that issued debt securities through crowdfunding. The right panel colors correspond to bins of
the percentage of establishments that issued equity securities through crowdfunding.
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Table A2: Financing Choice and Growth Stage (proxied by Age)

The table presents the relationship between the choice of security type in crowdfunding campaigns
and age. All variables are defined in the Appendix (Table Al). Firm-level variables are lagged by
one year. The sample contains 2,052 US crowdfunding campaigns, 2016-2021. T-statistics are in
parentheses and standard errors are clustered at the industry level. *, ** and *** indicate statistical
significance at 10%, 5%, and 1%, respectively.

Full Sample Successful CF Failed CF
Variables (1) (2) (3) (4) (5) (6) (7)
Age 0.006*  0.006** 0.007** 0.005 0.005 0.009**  0.011%**
(1.69) (2.07) (2.22) (1.46) (1.38) (2.33) (2.81)
Profitability 0.009***  0.008*** 0.008**  0.007** 0.011%**  0.010%**
(3.67) (3.30) (2.40) (2.19) (4.56) (3.60)
Size -0.015%**  -0.014%** -0.008**  -0.007 -0.026**  -0.027**
(3.35) (2.93) (2.00) (1.39) (2.56) (2.68)
Cash holdings -0.048 -0.020 -0.006 0.019 -0.105* -0.075*
(1.31) (0.68) (0.18) (0.59) (1.87) (1.81)
LT Leverage -0.003***  _0.003** -0.003**  -0.003** -0.003***  -0.003*
(3.12) (2.51) (2.49) (2.03) (2.73) (1.74)
ST Leverage -0.005%* -0.004* -0.002 -0.001 -0.011%%*  _0.010**
(2.29) (1.81) (0.80) (0.31) (2.88) (2.53)
Year FE Y Y Y Y Y Y
Industry FE Y Y Y
Observations 2,011 2,011 2,002 1,258 1,253 753 735
Adjusted R-squared  0.004 0.029 0.062 0.028 0.055 0.050 0.094
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