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Abstract
We study the effect of antitakeover provisions (ATPs) on innovation. To establish causal-
ity, we use a regression discontinuity approach that relies on locally exogenous variation
generated by shareholder proposal votes. We find a positive, causal effect of ATPs on inno-
vation. This positive effect is more pronounced in firms that are subject to a larger degree
of information asymmetry and operate in more competitive product markets. The evidence
suggests that ATPs help nurture innovation by insulating managers from short-term pres-
sures arising from equity markets. Finally, the number of ATPs contributes positively to
firm value for firms involved in intensive innovation activities.

I. Introduction
Innovation is a key corporate strategy for the long-run growth and compet-

itive advantage of firms (Porter (1992)). Unlike routine tasks, such as mass pro-
duction and marketing, innovation activities involve a long process that is full of
uncertainties and with a high probability of failure (Holmstrom (1989)). There-
fore, motivating innovation needs significant tolerance for failure in the short run
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and reward for success in the long run (Manso (2011)).1 However, equity markets
are often accused of creating excessive pressure on managers and exacerbating
managerial myopia. In this paper, we empirically analyze whether corporate gov-
ernance mechanisms, such as antitakeover provisions (ATPs) that insulate man-
agers from threats of hostile takeovers, help to solve the conflicts between pres-
sures from short-term public markets and innovation activities which are in the
long-run interest of the firm.

We develop our testable hypothesis based on two strands in the theoreti-
cal literature that produce contradictory predictions regarding how ATPs affect
firm innovation. A stream of the theoretical literature suggests that firms inno-
vate more when managers are insulated from the pressures from short-term equity
market investors. Stein (1988) argues that shareholders cannot properly evaluate
a manager’s investment in long-run innovation due to information asymmetry.
Therefore, outside shareholders tend to undervalue the stocks of firms investing
in long-term (innovative) projects, which leads these firms to have a greater expo-
sure to hostile takeovers. To protect themselves and current shareholders against
such expropriation, managers tend to invest less in innovation and put more effort
in routine tasks that offer quicker and more certain returns (corporate myopia).
Chemmanur and Jiao (2012) develop a formal theoretical analysis demonstrat-
ing that ATPs such as dual-class share structures allow high-talent firm managers
to undertake long-term (innovative) projects rather than short-term projects, thus
mitigating the above corporate myopia problem.2 This theoretical literature, thus,
implies that ATPs enhance corporate innovation. We will refer to this hypothesis
as the “long-term value creation” hypothesis.

Another strand in the theoretical literature produces the opposite implica-
tion. Moral hazard models suggest that managers who are not properly moni-
tored shirk or tend to invest suboptimally in routine tasks with quicker and more

https://doi.org/10.1017/S0022109018000029
https://www.cambridge.org/core
https://www.cambridge.org/core/terms


Chemmanur and Tian 1165

corporate innovation (lowering firm value).3 We refer to this as the “management
entrenchment” hypothesis.

We test the above two competing hypotheses by examining whether ATPs
nurture or impede firm innovation. We use firm patent information to construct
our main measures of firm innovation. Our ordinary least squares (OLS) regres-
sions show that firms with a greater number of ATPs are significantly more in-
novative: Firms with a larger number of ATPs not only generate more patents but
also generate patents with higher quality. Our OLS results are robust to alternative
subsamples, alternative ATP measures, and alternative econometric models.

While our OLS results suggest a positive association between the number
of ATPs and innovation output, identifying the causal effect of ATPs on firm in-
novation is difficult because the number of ATPs a firm has is endogenous.4 To
establish causality, we use a regression discontinuity (RD) design that relies on
“locally” exogenous variation in the number of ATPs a firm has generated by
governance proposal votes that pass or fail to pass by a small margin of votes
in annual meetings. This RD approach is a powerful and appealing identification
strategy: For these close-call votes, passing is very close to a random, indepen-
dent event and, hence, is unlikely to be correlated with unobservable firm char-
acteristics. This nearly randomized variation in the number of ATPs is generated
by voters’ inability to precisely control the assignment variable (votes) near the
known cutoff that determines the vote outcomes (Lee and Lemieux (2010)).

After performing diagnostic tests to ensure that the key identifying assump-
tion of the RD approach (i.e., there is no precise manipulation of votes around the
known threshold) is not violated, we show a positive, causal effect of ATPs on
firm innovation. According to our baseline RD regression estimation, passing a
governance proposal that intends to decrease the number of ATPs results in a de-
crease in patent counts and patent citations in the first 3 years after the vote. This
result is generally robust to alternative bandwidths and alternative RD regression
specifications and is absent at artificially chosen thresholds (other than the true
threshold) that determine the governance proposal vote outcomes.

Next, we look for further evidence for identification in the cross section
by exploring how cross-sectional heterogeneity in firm characteristics alters the
marginal effect of ATPs on innovation in the RD framework. Specifically, we find
that the effect of ATPs on firm innovation is more pronounced for firms that are
subject to a larger degree of information asymmetry and that operate in more com-
petitive product markets. These findings are consistent with the implication of the

3The previous models consider a setting where the incumbent management of a firm (large share-
holder) obtains not only cash flow or “security” benefits (arising from their equity ownership in the
firm) but also private benefits from being in control; outside shareholders receive only security bene-
fits. These models conclude that ATPs are value reducing, since they reduce the chance of takeovers by
rival management teams who can increase the cash flows to current shareholders by managing the firm
better than the incumbent. Thus, under these theories, ATPs are inefficient, and the only role of such
provisions is to entrench existing management and, thereby, reduce the chance of their losing control.
See also Cary (1969) and Williamson (1975), who made earlier, more informal arguments that ATPs
act primarily to entrench incumbent management.

4For example, the number of ATPs and innovation could be jointly determined by unobservable
firm characteristics, making correct inferences difficult to draw. There could also be a reverse causality
in which the level of expected future innovation affects the current number of ATPs.
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long-term value creation hypothesis that ATPs provide insulation for managers
against pressures from short-term public market investors and allow managers
to focus on investing in innovative activities. Therefore, ATPs are more valuable
when information asymmetry is more severe and when short-term competitive
pressures are greater.

In the final part of the paper, we explore the valuation effect of ATPs through
their effect on innovation. Starting with Gompers, Ishii, and Metrick (2003), there
has been considerable debate on the effect of ATPs on various aspects of firm
performance and, thereby, on shareholder value. For example, while Gompers
et al. show that firms with a larger number of ATPs have lower long-term stock
returns, Core, Guay, and Rusticus (2006) question the previous findings, arguing
that there is no conclusive evidence indicating that ATPs affect actual firm per-
formance. Johnson, Karpoff, and Yi (2015) find that ATPs help to improve IPO
firms’ valuation and subsequent operating performance. One possibility is that
ATPs destroy shareholder value in a subset of firms, while they are value-neutral
or even value-enhancing in others. Consistent with this conjecture, we find that
ATPs contribute positively to firm value, but only if the firm is involved in inten-
sive innovation activities and has high innovation output. If, however, ATPs are
adopted while firms are not conducting a significant extent of innovation activ-
ities, ATPs reduce firm value, which is consistent with the findings of Gompers
et al. Our findings suggest that the role of ATPs may be more nuanced than that
indicated by the bulk of the literature so far: While adopting these ATPs is optimal
(value-enhancing) for innovative firms, it is suboptimal (value-reducing) for firms
that are not engaged in a significant extent of innovation.

The rest of the paper is organized as follows: Section II discusses the related
literature. Section III describes sample selection and reports summary statistics.
Section IV provides our main results relating ATPs and firm innovation. Section V
presents our results regarding the impact of ATPs on firm value through innova-
tion. Section VI discusses some limitations of our analysis and presents some
policy implications. Section VII concludes.

II. Relation to the Existing Literature
Our paper contributes to two strands in the existing literature. The first strand

is the one on corporate innovation. Recent empirical research testing the implica-
tions of Manso (2011) includes Ederer and Manso (2012), who conduct a con-
trolled laboratory experiment; Azoulay, Graff Zivin, and Manso (2011), who ex-
ploit key differences across funding streams within the academic life sciences; and
Tian and Wang (2014), who show that IPO firms financed by more failure-tolerant
venture capital investors are more innovative. All studies provide supporting evi-
dence for the predictions of Manso.

The existing empirical literature shows that various firm and industry char-
acteristics affect managerial incentives for investing in innovation. A larger in-
stitutional ownership (Aghion, Van Reenen, and Zingales (2013)), lower stock
liquidity (Fang, Tian, and Tice (2014)), hedge fund activism (Brav, Jiang, Ma,
and Tian (2018)), private instead of public equity ownership (Lerner, Sorensen,
and Stromberg (2011)), and corporate rather than traditional venture capitalists
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(Chemmanur, Loutskina, and Tian (2014)) alter managerial incentives and, hence,
help nurture innovation. Other studies show that product market competition, mar-
ket conditions, firm boundaries, financial market development, banking compe-
tition, chief executive officer overconfidence, labor unions, bank interventions,
customer feedback, and financial analysts all affect firm innovation (Aghion,
Bloom, Blundell, Griffith, and Howitt (2005), Hirshleifer, Low, and Teoh (2012),
Cornaggia, Mao, Tian, and Wolfe (2015), He and Tian (2013), Nanda and Rhodes-
Kropf (2013), Hsu, Tian, and Xu (2014), Seru (2014), Bradley, Kim, and Tian
(2017), Chu, Tian, and Wang (2018), and Gu, Mao, and Tian (2018)).5 Our paper
contributes to this empirical literature by documenting that ATPs provide some
insulation from the takeover market and spur innovation in public firms.

A few recent papers examine research questions somewhat more closely re-
lated to ours. Atanassov (2013) uses the enactment of Business Combination laws
as a proxy for the decrease in the threat of hostile takeovers and finds that state
antitakeover laws stifle innovation. Sapra, Subramanian, and Subramanian (2014)
show a U-shaped relationship between innovation and takeover pressures. They
also use the state-level antitakeover laws as the proxy for takeover. However,
Karpoff and Wittry (2015) point out that using state ATPs to identify empirical
tests is problematic, since, in many cases, these state ATPs did not raise the bar-
riers to takeover for firms incorporated in these states. Rather, changes in state
ATPs first reduced such barriers to takeover in prior years before increasing them.
Therefore, comparing innovations before and after the passage of these state anti-
takeover laws to identify empirical tests on the effect of ATPs on innovation may
yield misleading results. Different from Atanassov (2013) and Sapra et al. (2014),
we use firm-level ATP information and the RD approach to tackle the research
question. Our paper, thus, is the first one that studies the causal link between the
number of ATPs at the firm level and corporate innovation. It is also worth noting
that the broader conclusions that can be drawn from our paper regarding the rela-
tion between ATPs and innovation are opposite to those implied by the above two
papers using state-level antitakeover laws.6

Our paper also contributes to the debate on the effect of ATPs on firm value
and on long-term stock returns. Gompers et al. (2003) show that firms with a
greater number of ATPs have lower stock returns. However, Core et al. (2006)
question the findings of Gompers et al. and argue that there is no conclusive ev-
idence suggesting that having a larger number of ATPs leads to poorer stock re-
turns. Bebchuk and Cohen (2005) find that staggered boards are associated with
a reduction in firm value. Bebchuk, Cohen, and Ferrell (2009) show that 6 ATPs
deserve the most attention, and they are associated with reductions in firm valua-
tion and stock returns. Cremers and Ferrell (2014) use a new hand-collected data
set and find a robustly negative association between the number of ATPs and firm
value over the 1978–2006 period. In contrast to the previous papers, Chemmanur,

5He and Tian (2017) provide a survey of this literature.
6A contemporaneous work by Becker-Blease (2011) finds a positive association between the pres-

ence of governance provisions and corporate innovation for a sample of firms between 1984 and 1997.
He further shows that coverage by state-level antitakeover legislations is typically unassociated or
negatively associated with innovation. However, it is hard to draw causal inferences from his analysis,
and he does not explore the valuation effect of ATPs through corporate innovation.
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Paeglis, and Simonyan (2011) show that firms with higher quality management
teams tend to adopt a larger number of ATPs and that firms with a combination
of higher quality management teams and a larger number of ATPs outperform the
other groups of firms in their sample. Johnson et al. (2015) find that ATPs help
to bond the IPO firm’s commitments to its business partners, such as customers,
suppliers, or strategic partners, which improves the IPO firm’s valuation and sub-
sequent operating performance. Our paper contributes to the previous debate by
showing a new channel, namely, corporate innovation, through which ATPs pos-
itively contribute to firm value. However, we also show that, if ATPs are adopted
by noninnovative firms (the vast majority of firms fall into this category), they are
associated with a reduction in firm value. Thus, our evidence is consistent with
the findings of Gompers et al. that ATPs lower subsequent stock returns, but it
sheds further light on their findings by distinguishing between the kinds of firms
in which ATPs reduce firm value and those in which they increase firm value.

III. Sample Selection and Summary Statistics
The sample examined in this paper includes 3,474 publicly traded firms with

ATP information available during the period 1990–2006. We combine innova-
tion data from the National Bureau of Economic Research (NBER) Patent Cita-
tion database, ATPs and shareholder proposal vote information from RiskMetrics,
firms’ balance sheet data from Compustat, analyst coverage data from Thomson
Reuters Institutional Brokers’ Estimate System (IBES), and institutional owner-
ship data from the Thomson Financial 13F institutional holdings database.

A. Measuring Innovation
The innovation variables are constructed from the latest version of the NBER

Patent Citation database created by Hall, Jaffe, and Trajtenberg (2001), which
contains updated patent and citation information from 1976 to 2006. The NBER
Patent Citation database provides annual information regarding patent assignee
names, the number of patents, the number of citations received by each patent,
the technology class of the patent, the patent application year, and the patent grant
year. As suggested by the innovation literature (e.g., Griliches, Hall, and Pakes
(1987)), the application year is more important than the grant year since it is
closer to the time of the actual innovation. We then construct innovation variables
based on the patent application year.

The NBER patent database is subject to two types of truncation problems.
We follow the innovation literature to correct for the truncation problems in the
NBER Patent Citation database. The first type of truncation problem regards
patent counts, because the patents appear in the database only after they are
granted and the lag between patent applications and patent grants is significant
(approximately 2 years on average). As we approach the last few years for which
there are patent data available, we observe a smaller number of patent applications
that are eventually granted. This is because many patent applications filed during
these years were still under review and had not been granted by 2006. Follow-
ing Hall et al. (2001), we correct for the truncation bias in patent counts by first
estimating the application-grant lag distribution for the patents filed and granted
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between 1995 and 2000. This estimation is done by calculating the time inter-
val in years between a patent’s application year and its grant year. We define Ws ,
the application-grant lag distribution, as the percentage of patents applied for in
a given year that are granted in s years. We then compute the truncation-adjusted
patent counts, Padj, as Padj= Praw/

∑2006−t
s=0 Ws , where Praw is the unadjusted number

of patent applications at year t and t is between 2001 and 2006.
The second type of truncation problem regards the citation counts: While

patents keep receiving citations over a long period of time, we observe, at best,
only the citations received up to 2006. Following Hall et al. (2001), we correct the
truncation in citation counts by scaling up the citation counts using the variable
“hjtwt” provided by the NBER database, which relies on the shape of the citation
lag distribution.

The NBER patent database is unlikely to be subject to survivorship bias. An
eventually granted patent application is counted and attributed to the applying
firm at the time when the patent application is submitted even if the firm later gets
acquired or goes bankrupt. In addition, patent citations attribute to a patent but not
a firm. Hence, a patent assigned to an acquired or bankrupt firm can continue to
receive citations for many years even after the firm goes out of existence.

We construct two measures for a firm’s innovation output. The first measure
is the truncation-adjusted patent count for a firm each year. Specifically, this vari-
able counts the number of patent applications filed in a year that are eventually
granted. One concern is that a simple count of patents may not distinguish break-
through innovations from incremental technological discoveries. Griliches et al.
(1987) show that the distribution of patents’ value is very skewed; that is, most of
the value is concentrated in a small number of patents. Therefore, we construct the
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TABLE 1
Summary Statistics

Table 1 reports the summary statistics for variables constructed based on the sample of U.S. public firms from 1990 to
2006. Panel A reports the summary statistics of innovation variables. Panel B reports the summary statistics of the per-
centage of votes that are for shareholder proposals. Panel C presents the year distribution of shareholder proposal voting.
Panel D reports the industry distribution of firms with shareholder proposals. Panel E reports the summary statistics of
antitakeover provision (ATP) variables as well as other control variables. SIC stands for Standard Industrial Classification.
Variables are defined in the Appendix.

Panel A. Innovation Variables

Variable Mean Median Std. Dev. No. of Obs.

PATENTS 7.40 0 36.74 36,159
CPP 2.42 0 10.43 36,159

Panel B. Percentage of Votes That Are for Shareholder Proposals

25th 75th No. of
Proposals Mean Percentile Median Percentile Passage Rate Obs.

All 26.7% 7% 18% 43% 18.7% 4,787
ATP-related 50.9% 36% 52% 65% 52.4% 1,380
Close-call ATP 50.2% 45% 51% 55% 51.5% 233

Panel C. Year Distribution of Shareholder Proposal Voting

ATP-Related Close-Call ATP
Year All Proposals Proposals Proposals

1997 386 114 22
1998 373 119 19
1999 405 143 9
2000 391 126 31
2001 412 127 34
2002 439 147 29
2003 607 183 43
2004 592 139 23
2005 554 131 23
2006 628 151 0

Total 4,787 1,380 233

Panel D. Industry Distribution of Firms with Shareholder Proposals

ATP-Related Close-Call ATP
SIC Description All Proposals Proposals Proposals

0 Agriculture 11 1 1
1 Mining 169 43 6
2 Light manufacturing 852 157 49
3 Heavy manufacturing 752 206 49
4 Transportation 682 236 58
5 Wholesale trade 437 109 36
6 Finance 516 140 11
7 Services 214 69 20
8 Health services 28 9 0
9 Public administration 90 12 3

Panel E. Independent Variables

No. of
Variable Mean Median Std. Dev. Obs.

GINDEX 8.93 9.00 2.75 36,159
ASSETS (in US $billions) 8.77 1.20 46.20 33,233
ROA (%) 12.14 6.22 10.13 32,300
R&D/ASSETS (%) 1.65 0.00 7.11 36,159
PPE/ASSETS (%) 58.82 51.81 40.47 29,890
LEVERAGE (%) 25.59 23.51 20.34 32,956
CAPEXP/ASSETS (%) 5.88 4.53 5.67 30,436
HHI 0.21 0.09 0.27 36,159
TOBINS_Q 1.76 1.35 1.37 32,545
KZ_INDEX 0.90 0.84 6.96 27,080
INST_OWNERSHIP (%) 35.29 35.23 33.45 36,159
DISPERSION (%) 8.89 4.50 13.58 22,129
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and citations per patent are highly right skewed, we use the natural logarithm of
patent counts and citations per patent as the main innovation measures in our
analysis. To avoid losing firm-year observations with 0 patents or citations, we
add 1 to the actual value when calculating the natural logarithm.

B. Measuring ATPs and Control Variables
The number of ATPs a firm has in its corporate charter and bylaws is

collected from RiskMetrics, which publishes an index compiled by Gompers et al.
(2003). There have been eight publications of this index (1990, 1993, 1995, 1998,
2000, 2002, 2004, and 2006). They include detailed information on the ATPs
of approximately 1,500 firms in each of the 8 publication years, with more firms
added in recent publications. The index (defined as the GINDEX hereafter) counts
how many ATPs the firm has and consists of 24 different provisions in five cat-
egories.7 Following Gompers et al. (2003), we assume that, during the years be-
tween two consecutive publications, firms have the same ATPs as in the previous
publication year. Therefore, we replace the missing values of the GINDEX with
the values reported in the previous publication year. Panel E of Table 1 reports the
descriptive statistics of the ATP measures. On average, a firm has 8.9 ATPs each
year. The median GINDEX is 9.

To implement the RD analysis, we also collect data from RiskMetrics for
9,082 shareholder proposals from 1997 to 2006.8 Since the percentage of votes
that are for or against the proposal is critical in our RD analysis, we exclude
proposals with this information missing. As a result, we end up with 4,787 share-
holder proposals. Among them, we identify 1,380 proposals that are related to
changing the number of ATPs a firm has. RiskMetrics provides information on
the meeting date, the percentage of votes in favor of the proposal, and the pro-
ponent. Because all proposals from RiskMetrics are shareholder sponsored, these
ATP-related proposals are intended to decrease the number of ATPs a firm has in
its corporate charter, thus increasing shareholder power. For example, these share-
holder proposals involve issues such as repealing classified boards, redeeming a
poison pill, or eliminating a supermajority provision.

In the RD analysis, we mainly focus on proposals with shareholder votes
falling in a narrow band around the vote threshold. The choice of bandwidth re-
flects a trade-off between precision and bias. Using a wider bandwidth includes
more observations and yields more precise estimates. However, a wider bandwidth
can introduce more noise and, hence, bias the estimates. Following the existing lit-
erature (e.g., Cuñat, Gine, and Guadalupe (2012)), we define a “close-call” sample
as one that includes ATP-related shareholder proposals with a percentage of votes
for proposals falling in a 10-percentage-point margin around the threshold. There
are 233 proposals in this close-call sample.

7See Gompers et al. (2003) for a detailed description of the individual provisions.
8Rule 14a-8 allows shareholders to submit proposals that request certain corporate matters to be

put to a vote at the firm’s next annual shareholder meeting. To be eligible to submit a shareholder
proposal, a shareholder needs to be a beneficial owner of at least 1% or $2,000 in market value of
securities that are entitled to vote, have owned these securities for at least 1 year, and continue to own
these securities through the date of the meeting.
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It is worth noting that most of the vote outcomes are nonbinding because
shareholder proposals are presented as a recommendation to the board of direc-
tors. However, even such nonbinding shareholder proposals, if passed, will im-
pose greater pressure on firm management to decrease the number of ATPs in a
firm’s corporate charter compared to situations in which such shareholder propos-
als are not passed. This greater pressure on management for the reduction of ATPs
upon passage of shareholder proposals recommending reduction of the number of
ATPs to the board allows us to use them for the identification of the causal effect
of ATPs on firm innovation in our RD framework, provided that the key identi-
fying assumption of the RD analysis is satisfied. According to Lee and Lemieux
(2010), the variation in a firm’s number of ATPs is as good as that from a ran-
domized experiment regardless of whether these proposals are binding or not if
no one can precisely manipulate the forcing variable (i.e., the number of votes)
near the known cutoff, the key RD identifying assumption. This is because, if this
assumption is satisfied, the ex ante propensity of firms that barely pass and that
of firms that barely fail to pass the vote to implement a reduction in ATPs should
be identical. As a result, even when these shareholder proposals are not binding,
it would not affect our identification of a causal effect here. We later do a number
of diagnostic tests to ensure the satisfaction of the previous key RD identifying
assumption in our setting.

Panel B of Table 1 reports the summary statistics for the percentage of shares
that vote for various shareholder proposals. In the full sample, an average proposal
receives 26.7% of shareholder support. The median percentage vote for these pro-
posals is 18%. As a result, 18.7% of proposals are passed. In the ATP-related
proposals, the passage rate is much higher: The passage rate is 52.4% and the me-
dian percentage vote for a proposal is 52%. In the close-call sample, the passage
rate is 51.5%, with the mean percentage vote for the proposals being 50.2%.

Panel C of Table 1 presents the frequency of all shareholder proposals, ATP-
related proposals, and proposals in the close-call sample. Consistent with Cu
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product market competition (measured by the Herfindahl–Hirschman index
(HHI) based on sales), growth opportunity (measured by Tobin’s Q),
financial constraints (measured by the Kaplan and Zingales (1997)
5-variable KZ index), and institutional ownership. To capture the possible
nonlinear relation between product market competition and innovation (Aghion
et al. (2005)), we also include the HHI2 in the OLS regressions. We provide
detailed variable definitions in the Appendix.

Panel E of Table 1 reports the descriptive statistics of our control variables.
An average firm has total assets of $8.8 billion, ROA of 12.1%, leverage of 25.6%,
Tobin’s Q of 1.76, net PPE ratio of 58.8, and approximately 35% of equity shares
held by institutional investors.

IV. ATPs and Innovation
In Section IV.A, we report the results from our OLS regressions and present

a rich set of robustness checks. We then discuss the main results from our iden-
tification strategy, the RD approach, in Section IV.B. Section IV.C explores the
cross-sectional heterogeneity in the effect of ATPs on innovation. Specifically, we
examine how a firm’s information environment and product market competition
alter the effect of ATPs on innovation.

A. OLS Results
To examine how ATPs affect firm innovation, we estimate the following

model using OLS regressions:

ln(INNOVATIONi ,t+n) = α+βGINDEXi ,t + δ
′Z i ,t(1)

+YEARt +FIRMi + ui ,t ,

where i indexes firm, t indexes time, and n equals 1, 2, and 3. ln(INNOVATION) is
the dependent variable and can be one of the following two measures: the natural
logarithm of the number of patents filed by the firm, ln(PATENT), or the natural
logarithm of the number of citations per patent, ln(CPP). Z is a vector of firm
and industry characteristics that may affect a firm’s innovation productivity, as
discussed in Section III.B. YEARt captures fiscal year fixed effects. We control for
time-invariant unobservable firm characteristics by including firm fixed effects,
FIRMi . We cluster standard errors at the firm level.9

We include firm fixed effects in our OLS regressions to mitigate the endo-
geneity concern that innovation output and the adoption of ATPs could be jointly
determined by certain unobservable firm characteristics. As a result, unobserv-
ables may bias our coefficient estimates and make correct inferences difficult to
draw. Including firm fixed effects helps to mitigate this concern if the unobserv-
able firm characteristics correlated with both ATPs and innovation output are con-
stant over time.

Table 2 reports our OLS regression results. We estimate equation (1) with
ln(PATENT) as the dependent variable and report the regression results in

9Besides pooled OLS regressions, we use a Tobit model that takes into consideration the nonneg-
ative nature of patent and citation data. We also run a Poisson regression when the dependent variable
is the number of patents to take care of the discrete nature of patent counts. Our OLS results are robust
to using the previous alternative econometric models.

https://doi.org/10.1017/S0022109018000029
D

ow
nloaded from

 https://w
w

w
.cam

bridge.org/core . Tsinghua U
niversity , on 09 M

ay 2019 at 03:02:15 , subject to the Cam
bridge Core term

s of use, available at https://w
w

w
.cam

bridge.org/core/term
s .

https://doi.org/10.1017/S0022109018000029
https://www.cambridge.org/core
https://www.cambridge.org/core/terms


1174 Journal of Financial and Quantitative Analysis

TABLE 2
OLS Regressions

Table 2 reports the OLS regressions estimating equation (1). The dependent variables are the natural logarithm of the
number of patents in a year (columns 1�3) and the natural logarithm of the number of citations per patent in a year
(columns 4�6). The variable of interest is the GINDEX. Other independent variables include the natural logarithm of firm
assets, return on assets, R&D scaled by firm assets, PPE scaled by firm assets, firm leverage, capital expenditure scaled
by firm assets, the Herfindahl�Hirschman index (HHI), the HHI2, Tobin’s Q , the KZ index, and institutional ownership.
Variables are defined in the Appendix. Coefficient estimates and standard errors clustered by firm are reported. *, **, and
*** indicate significance at the 10%, 5%, and 1% levels, respectively.

Dependent Variable

ln(PATENTt+1) ln(PATENTt+2) ln(PATENTt+3) ln(CPPt+1) ln(CPPt+2) ln(CPPt+3)

Variable 1 2 3 4 5 6

GINDEX 0.090*** 0.087*** 0.090*** 0.044*** 0.038*** 0.035**
(0.025) (0.025) (0.028) (0.014) (0.015) (0.016)

ln(ASSETS) 0.296*** 0.181*** 0.058 0.053 −0.001 −0.036
(0.065) (0.067) (0.071) (0.037) (0.038) (0.041)

ROA 0.599*** 1.062*** 1.356*** 0.525*** 0.752*** 0.676***
(0.183) (0.224) (0.283) (0.134) (0.147) (0.163)

R&D/ASSETS 1.276*** 1.763*** 2.147*** 0.887*** 1.110*** 1.052***
(0.376) (0.370) (0.401) (0.206) (0.194) (0.213)

PPE/ASSETS 0.351** 0.250 0.323* 0.089 0.094 0.170
(0.143) (0.160) (0.177) (0.090) (0.100) (0.110)

LEVERAGE −0.399*** −0.319** −0.297** −0.196*** −0.186** −0.180**
(0.114) (0.127) (0.144) (0.071) (0.079) (0.088)

CAPEXP/ASSETS 1.134*** 1.464*** 1.367*** 0.729*** 0.784*** 0.689***
(0.381) (0.422) (0.483) (0.231) (0.253) (0.257)

HHI 0.102 −0.019 −0.126 0.045 −0.076 −0.116
(0.174) (0.188) (0.219) (0.108) (0.116) (0.128)

HHI2 −0.201 −0.074 0.006 −0.127 −0.025 0.016
(0.247) (0.267) (0.304) (0.150) (0.162) (0.182)

TOBINS_Q 0.075*** 0.049** −0.009 0.004 −0.016 −0.036***
(0.023) (0.023) (0.023) (0.012) (0.012) (0.012)

KZ_INDEX 0.002*** 0.002*** 0.003*** 0.001*** 0.001*** 0.001***
(0.001) (0.001) (0.001) (0.000) (0.000) (0.000)

INST_OWNERSHIP 0.284*** 0.340*** 0.389*** 0.208*** 0.210*** 0.143*
(0.102) (0.123) (0.148) (0.059) (0.070) (0.084)

Constant −1.490*** −2.926*** −2.043*** 0.320 −0.688** −0.358
(0.491) (0.592) (0.620) (0.274) (0.333) (0.360)

Year fixed effects Yes Yes Yes Yes Yes Yes
Firm fixed effects Yes Yes Yes Yes Yes Yes

No. of obs. 20,204 18,663 17,018 20,204 18,663 17,018
R 2 0.800 0.787 0.778 0.671 0.657 0.645

columns 1–3 of Table 2. The coefficient estimate of the GINDEX in column 1
of Table 2 is positive and significant at the 1% level, suggesting that having a
larger number of ATPs is associated with a larger number of patents generated by
the firm in the following year.

Because the innovation process generally takes longer than 1 year to come to
fruition, we examine the impact of a firm’s number of ATPs on its patenting in the
subsequent years in columns 2 and 3 of Table 2, where the dependent variables
are the natural logarithm of patent counts measured in 2 years (t+2) and in 3
years (t+3), respectively.10 The coefficient estimates of the GINDEX are positive
and significant at the 1% level in both columns, suggesting that the number of
ATPs is positively related to the firm’s innovation output 2 and 3 years in the

10In an untabulated analysis, we examine the impact of ATPs on innovation productivity in the
contemporaneous year (t) and in 4 years (t+4), and the results are both quantitatively and qualitatively
similar.
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future. More importantly, the magnitudes of the coefficient estimates are very
much comparable to that in column 1 of Table 2 and remain stable over time
(across various columns).

We control for a comprehensive set of firm characteristics that may affect a
firm’s innovation output. We find that firms that are larger, more profitable, and
have lower leverage are more innovative. A larger R&D spending, which indi-
cates a larger innovation input, is associated with more innovation output. Larger
capital expenditures are also associated with higher innovation productivity.
Further, consistent with the findings of Aghion et al. (2013), institutional own-
ership is positively associated with a firm’s innovation output. However, industry
competition does not appear to significantly affect firm innovation.

Columns 4–6 of Table 2 report the regression results estimating equation (1)
with the dependent variable replaced with ln(CPP) to examine the effect of ATPs
on innovation quality. The coefficient estimates of the GINDEX are positive and
significant at either the 1% or 5% level, suggesting a positive association between
ATPs and firm innovation output. Once again, we find that firms that are more
profitable, have lower financial constraints, have lower leverage, invest more in
R&D, and have higher institutional ownership are more likely to generate high
impact patents.

To check the robustness of our OLS regression results, we conduct a rich set
of robustness tests. First, we focus on the subsample of firms that has at least 1
patent in the sample period. This test is to address the concern that our results
may be driven by the large number of firm-year observations with 0 patents. In an
untabulated analysis, we continue to observe positive and significant coefficient
estimates of the GINDEX in this subsample. For example, in this untabulated
analysis, the coefficient estimate for the GINDEX is 0.129 (p-value < 0.001) in
column 1 of Table 2, where ln(PATENTt+1) is the dependent variable, and 0.047
(p-value = 0.015) in column 4, where ln(CPPt+1) is the dependent variable. In
other words, the magnitudes of the coefficient estimates of the GINDEX are larger
in the subsample of firms with at least 1 patent than those estimated from the full
sample, since innovation is more relevant in this subsample.

Second, while we cluster standard errors at the firm level in the OLS regres-
sions, we cluster standard errors by both firm and year to check the robustness of
these findings. In an untabulated analysis, the positive coefficient estimates of the
GINDEX continue to be statistically significant, although the significance level
drops to the 5% level.
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Finally, Bebchuk et al. (2009) suggest that 6 ATPs are most effective and are
not influenced by the noise produced by the other ATPs.11 Therefore, we follow
the existing literature and define the index consisting of the above 6 provisions
as the E-index and reestimate equation (1) with the main independent variable
replaced with the E-index. In untabulated tests, the coefficient estimates of the
E-index are positive and significant at the 1% level in all specifications.

Overall, the results reported in this section suggest that having a larger num-
ber of ATPs is positively associated with a firm’s subsequent innovation output;
that is, the firm not only generates more patents but also produces patents with
higher impact. These findings are consistent with the long-term value creation
hypothesis.

B. Identification
While our OLS results are consistent with the long-term value creation hy-

pothesis, as discussed earlier, our empirical design may be subject to endogeneity
concerns due to omitted variables. For example, management talent could be an
example of an omitted variable. High-quality managers may tend to have a larger
number of ATPs relative to low-quality managers (Chemmanur et al. (2011)).
High-quality managers would also be more likely to engage in innovation ac-
tivities that result in a larger innovation output. Thus, the number of ATPs will be
positively correlated with the firm’s innovation. However, having a larger number
of ATPs, per se, may not lead to higher innovation output. There could also be a
reverse causality concern; that is, the level of expected future innovation predicts
the firm’s current number of ATPs. Our strategy of including firm fixed effects in
the OLS regressions partially mitigates the omitted variables concern if the unob-
servable firm characteristics biasing the results are constant over time. However,
if the unobservable characteristics are time varying, including firm fixed effects
is not adequate to control for the endogeneity problem. To establish causality, we
use an RD approach that relies on the simple majority passing rule (50%) and ex-
plore the passage of ATP-decreasing governance proposals in annual shareholder
meetings.

The RD approach relies on locally exogenous variation in ATPs generated
by ATP-related shareholder proposal votes that pass or fail by a small margin
of votes around the 50% threshold. Conceptually speaking, this empirical ap-
proach compares firms’ innovation output subsequent to shareholder proposal
votes that pass by a small margin to those shareholder proposal votes that pass
by a small margin. It is a powerful and appealing identification strategy, because,
for these close-call votes, passing is very close to a random, independent event
that is unrelated to firm unobservable characteristics, and it provides a random-
ized variation in a firm’s number of ATPs as a consequence of the RD design,
which helps us to identify the causal effect of ATPs on firm innovation (Lee and
Lemieux (2010)).12 The fact that these shareholder proposals are not binding but

11The 6 provisions are staggered boards, limits to bylaw amendments, limits to charter amend-
ments, supermajority requirements for mergers, poison pills, and golden parachutes.

12Another advantage of the RD design is that we do not have to include observable covariates, Z ,
in the analysis because the inclusion of covariates is unnecessary for identification (Lee and Lemieux
(2010)).
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are presented as a recommendation to the board of directors does not present a
problem for ouridentification. This is because even such nonbinding shareholder
proposals, if passed, will impose greater pressure on firm management to decrease
the number of ATPs in a firm’s corporate charter compared to the situation where
such shareholder proposals are not passed.13

A key identifying assumption of the RD approach is that agents (both
shareholders and managers in our setting) cannot precisely manipulate the forc-
ing variable (i.e., the number of votes) near the known cutoff (Lee and Lemieux
(2010)).14 If this identifying assumption is not violated, the variation in the num-
ber of ATPs is as good as that from a randomized experiment. To check the validity
of this assumption, we perform two diagnostic tests.

First, Figure 1 shows a histogram of the sample distribution of proposal
vote shares in 25 equal-spaced vote share bins (with a bin width of 4%), and the

FIGURE 1
Density of Governance Proposal Vote Shares

Figure 1 plots a histogram of the distribution of the number of elections with the percentage of votes for unionizing in
our sample across 25 equal-spaced bins (with a 4% bin width). The x -axis is the percentage of votes favoring an ATP-
decreasing proposal. Governance proposals are obtained from RiskMetrics.
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13One possible concern here is that, within the set of firms passing such nonbinding proposals
by a small margin, the probability of implementing these proposals (leading to a reduction in the
number of ATPs) may be correlated with management and firm factors, which, in turn, could also be
correlated with their potential for innovation. However, it should be noted that, even if this were the
case, this would not present a problem for identifying the causal effect, since, under our RD design,
we are essentially comparing two ex ante identical groups of firms, one passing these proposals by
a close-call vote and the other failing to pass these ATP-decreasing proposals by a close-call vote,
and establishing that the former group of firms are more innovative on average. Of course, under the
circumstances postulated here, there may be a selection effect as well as a treatment effect. We thank
an anonymous referee for raising this concern.

14Lee (2008) shows that, even in the presence of manipulation, as long as firms do not have precise
control over the forcing variable, an exogenous discontinuity still allows for random assignment to the
treatment.
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x-axis represents the percentage of votes favoring passing a governance proposal
that intends to decrease the number of ATPs. If there is systematic sorting of
firms within close proximity of the threshold, this sorting would be observed by
a discontinuity in the vote share distribution at the 50% vote threshold. Figure 1
shows that the vote share distribution is continuous within close proximity of the
cutoff; thus, no evidence of precise manipulation is observed at the cutoff point.

Second, we follow McCrary (2008) and provide a formal test of a disconti-
nuity in the density. Using the 2-step procedure developed in McCrary (2008),
Figure 2 plots the density of governance proposal vote shares.15 The x-axis
represents the percentage of votes favoring passing an ATP-decreasing
governance proposal. The dots depict the density and the solid line represents
the fitted density function of the forcing variable (i.e., the number of votes) with
a 95% confidence interval around the fitted line.

FIGURE 2
Density of Governance Proposal Vote Shares

Figure 2 plots the density of governance proposal vote shares following the procedure in McCrary (2008). The x -axis is
the percentage of votes favoring an ATP-decreasing proposal. The small circles depict the density estimate. The solid
line represents the fitted density function of the forcing variable (the number of votes) with a 95% confidence interval
around the fitted line. Governance proposals are obtained from RiskMetrics.
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The density appears generally smooth and the estimated curve gives little in-
dication of a strong discontinuity near the 50% threshold. The discontinuity esti-
mate (the difference in height) is 0.247, with a standard error of 0.193. Therefore,
we cannot reject the null hypothesis that the difference in density at the threshold
is 0. As a result, it appears that the identifying assumption of the RD design that
there is no precise manipulation by voters or managers at the known threshold is
not violated.

Before we undertake rigorous RD regressions, we first plot the raw data in
Figure 3 to visually check if there is a discontinuity in innovation output around

15See http://emlab.berkeley.edu/∼jmccrary/DCdensity for a detailed discussion of the algorithm.
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FIGURE 3
Regression Discontinuity Plots

Figure 3 presents regression discontinuity (RD) plots using a fitted quadratic polynomial estimate with a 95% confidence
interval around the fitted value. The x -axis is the percentage of votes favoring the ATP-decreasing proposals. Patent data
are from the NBER Patent Citation database and Governance proposals are obtained from RiskMetrics.
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the cutoff. The left-hand-side graphs present plots for the number of patents, and
the right-hand-side plots present the number of citations per patent. The x-axis
represents the percentage of votes for passing the governance proposals. In all
plots displayed, firms that fail to pass the proposals are to the left of the 50%
threshold and firms that succeed in passing the proposals are to the right of the
threshold. The dots depict the average value of innovation outcome variables in
the bins. The solid line represents the fitted quadratic polynomial estimate with a
95% confidence interval around the fitted value.

Figure 3 shows a discontinuity in both patent counts and patent citations at
the threshold in each of the 3 years after the governance proposal votes. Specif-
ically, within close proximity of the threshold, patent counts and citations drop
significantly once the percentage of votes in favor of proposals that intend to
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decrease the number of ATPs crosses the 50% cutoff point. This observation
points to a positive, causal effect of ATPs on firm innovation.

We next move on to more rigorous RD tests. Specifically, we estimate the
following model in the close-call sample and report the results in Table 3:

(2) ln(INNOVATIONt+n) = α+βPASSt + δ
′Z t +YEARt + INDi + ui ,t ,

where i indexes industry, t indexes time, and n equals 1, 2, and 3.
ln(INNOVATION) can be one of the following two measures: the natural log-
arithm of the number of patents filed by the firm, ln(PATENT), or the natural
logarithm of the number of citations received by each patent, ln(CPP). The key
variable of interest is PASS, which equals 1 if the governance proposal passes,
and, therefore, the number of ATPs increases, and 0 if the governance proposal
fails to pass. Z is the same vector of firm and industry characteristics as that in
equation (1). YEARt captures fiscal year fixed effects, and INDi captures industry
fixed effects.

In columns 1–3 of Table 3, where the dependent variable is patent counts,
the coefficient estimates of PASS are all negative and statistically significant. The
evidence suggests that passing a governance proposal that intends to reduce the
number of ATPs leads to a decrease in innovation quantity. In columns 4–6 of
Table 3, we replace the dependent variable with patent citations to capture inno-
vation quality. We find negative coefficient estimates of PASS in all three columns
and significant coefficients in the last two columns, in which future citations re-
ceived by patents generated 2 and 3 years after the vote are considered, suggesting
that a decrease in ATPs leads to a decrease in the quality for patents filed 2 and 3
years post the proposal vote.

After our baseline RD analysis, we perform three robustness checks to ex-
amine the sensitivity of our RD results. First, we repeat the baseline RD anal-
ysis in alternative “class-call” samples with smaller bandwidths, that is, a 5-
percentage-point margin around the winning threshold, a 2-percentage-point mar-
gin around the winning threshold, and a 1-percentage-point margin around the
winning threshold. The choice of bandwidths reflects a trade-off between bias
and precision. On the one hand, a wider bandwidth makes use of more obser-
vations within the local neighborhood of the cutoff and, thus, yields more precise

TABLE 3
Regression Discontinuity Analysis

Table 3 presents the regression discontinuity (RD) results estimating equation (2). The dependent variables are innovation
measures, and the variable of interest is a PASS dummy. The dependent variable in columns 1�3 is the natural logarithm
of 1 plus patent counts, which measures innovation quantity. In columns 4�6, the dependent variable is the natural
logarithm of 1 plus citation counts scaled by patents, which measures the quality of innovation. Patent data are from the
NBER Patent Citation database, and governance proposals are obtained from RiskMetrics. Variables are defined in the
Appendix. *, **, and *** indicate significance at the 10%, 5%, and 1% levels, respectively.

Dependent Variable

ln(PATENTt+1) ln(PATENTt+2) ln(PATENTt+3) ln(CPPt+1) ln(CPPt+2) ln(CPPt+3)

Variable 1 2 3 4 5 6

PASS −0.627*** −0.680** −0.585* −0.048 −0.164** −0.164*
(0.194) (0.301) (0.328) (0.080) (0.083) (0.083)

No. of obs. 233 210 187 233 210 187
R 2 0.454 0.440 0.419 0.263 0.255 0.282
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Chemmanur and Tian 1181

estimates. However, wider bandwidths may introduce more noise and bias into the
estimation since tests with wider bandwidths use more “nonlocal” observations
away from the cutoff. The converse problem arises for narrower bandwidths: on
the negative side, the number of observations falling into the bandwidth becomes
smaller, which reduces the test power; however, on the positive side, fewer non-
local observations are used.

We report the results in Table 4. In Panel A, in which we focus on obser-
vations within the 5-percentage-point margin around the winning threshold, we
continue to observe negative coefficient estimates of PASS. Here, 4 out of 6
coefficients are statistically significant. In Panels B and C, in which 2- and 1-
percentage-point margins are used, respectively, we continue to observe generally
negative coefficient estimates. However, these coefficients are not statistically
significant. This observation is probably due to the fact that fewer observations
fall into these narrower bandwidths, which reduces the power of these tests.

Second, we explore an alternative RD specification, a global polynomial
series model (see, e.g., Cuñat et al. (2012)), that uses the entire support of all
governance proposal votes in our sample. Specifically, we estimate the following
model:

(3) ln(INNOVATIONt+n) = α+βPASSt + Pl(v,c)+ Pr (v,c)+ εt ,

where t indexes time and n equals 1, 2, and 3. The dependent variables are
the same as those in equation (2). Pl(v,c) is a flexible polynomial function for

TABLE 4
RD Analysis with Alternative Ways of Defining ‘‘Close-Call’’ Sample

Table 4 presents the RD regression results estimating equation (2). Panel A reports the results for observations falling
in a 5-percentage-point margin around the winning threshold. Panel B reports the results for observations falling in a
2-percentage-point margin around the winning threshold. Panel C reports the results for observations falling in a 1-
percentage-point margin around the winning threshold. The dependent variables are innovation measures, and the vari-
able of interest is a PASS dummy. The dependent variable in columns 1�3 is the natural logarithm of 1 plus patent counts,
which measures innovation quantity. In columns 4�6, the dependent variable is the natural logarithm of 1 plus citation
counts scaled by patents, which measures the quality of innovation. Patent data are from the NBER Patent Citation
database, and governance proposals are obtained from RiskMetrics. Variables are defined in the Appendix. *, **, and
*** indicate significance at the 10%, 5%, and 1% levels, respectively.

Dependent Variable

ln(PATENTt+1) ln(PATENTt+2) ln(PATENTt+3) ln(CPPt+1) ln(CPPt+2) ln(CPPt+3)

Variable 1 2 3 4 5 6

Panel A. 5-Percentage-Point Margin around the Winning Threshold

PASS −1.041** −0.733* −0.677 −0.330** −0.350* −0.180
(0.374) (0.339) (0.436) (0.142) (0.169) (0.138)

No. of obs. 145 132 122 145 132 122
R 2 0.539 0.499 0.495 0.338 0.356 0.356

Panel B. 2-Percentage-Point Margin around the Winning Threshold

PASS −0.528 −0.435 −0.570 −0.105 −0.185 −0.121
(0.807) (0.885) (0.518) (0.263) (0.261) (0.140)

No. of obs. 58 54 49 58 54 49
R 2 0.610 0.572 0.643 0.671 0.613 0.655

Panel C. 1-Percentage-Point Margin around the Winning Threshold

PASS 0.700 −0.215 −0.270 −0.170 −0.012 −0.068
(1.000) (1.212) (0.951) (0.336) (0.362) (0.219)

No. of obs. 40 38 33 40 38 33
R 2 0.661 0.612 0.742 0.693 0.631 0.748
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observations on the left-hand side of the threshold c with different polynomial
orders; Pr (v,c) is a flexible polynomial function for observations on the right-
hand side of the threshold c with different polynomial orders; and v is a total vote
share (percentage of votes in favor). Because governance proposal votes win with
a simple majority of support among the voters, c equals 50% in our setting.

In this estimation, β is the key variable of interest and its magnitude is es-
timated by the difference in these two smoothed functions at the cutoff, which
captures the causal effect of passing an ATP-decreasing shareholder proposal on
firm innovation output 1, 2, and 3 years later. Note, however, that because RD
estimates are essentially weighted average treatment effects, where the weights
are the ex ante probability that the value of an individual proposal vote falls in
the neighborhood of the win threshold (Lee and Lemieux (2010)), this coefficient
should be interpreted locally in the immediate vicinity of the win cutoff.

We present the results estimating equation (3) in Table 5. We report the re-
sults with polynomials of order 2, but our results are qualitatively similar if we
use other polynomial orders. The coefficient estimates of PASS are negative in
all years and statistically significant 2 and 3 years after proposal votes for patent
counts and 3 years after proposal votes for patent citations. These findings, once
again, suggest a positive, causal effect of ATPs on innovation output. Hence, our
baseline results are robust to an alternative RD specification.

TABLE 5
Alternative Regression Discontinuity Specification

Table 5 presents our results estimating the global polynomial model specified in equation (3). The dependent variables
are innovation measures, and the variable of interest is a PASS dummy. The dependent variable in columns 1�3 is the
natural logarithm of 1 plus patent counts, which measures innovation quantity. In columns 4�6, the dependent variable
is the natural logarithm of 1 plus citation counts scaled by patents, which measures the quality of innovation. Patent data
are from the NBER Patent Citation database, and governance proposals are obtained from RiskMetrics. Variables are
defined in the Appendix. *, **, and *** indicate significance at the 10%, 5%, and 1% levels, respectively.

Dependent Variable

ln(PATENTt+1) ln(PATENTt+2) ln(PATENTt+3) ln(CPPt+1) ln(CPPt+2) ln(CPPt+3)

Variable 1 2 3 4 5 6

PASS −0.719 −0.784* −0.909** −0.065 −0.160 −0.309***
(0.541) (0.411) (0.425) (0.186) (0.154) (0.093)

No. of obs. 755 669 572 755 669 572
R 2 0.128 0.142 0.153 0.210 0.211 0.198

Third, we do placebo tests in which we artificially create alternative thresh-
olds (other than the true threshold of 50%) to examine whether the “passage”
of governance proposals around these artificial thresholds is related to a firm’s
post-vote innovation output. If the results reported in Table 3 are spurious, we
should observe similar findings around these artificial thresholds as well. We do
the placebo tests in the close-call sample, assuming 30% and 70% are the “win”
thresholds, and report the results in Table 6. For consistency with our baseline
results presented in Table 3, we use equation (2) to estimate these placebo tests as
well.

In these placebo tests, the coefficient estimates of PASS have mixed signs.
More importantly, none of them are statistically significant. We observe a similar
finding in other artificially chosen thresholds. The evidence is consistent with
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Chemmanur and Tian 1183

TABLE 6
Placebo Test: Artificially Assumed Thresholds

Table 6 presents the results of our baseline RD analysis but with artificially assumed thresholds. Panel A reports the results
when 30% is assumed to be the threshold; Panel B reports the results when 70% is assumed to be the threshold. The
dependent variables are innovation measures, and the variable of interest is a PASS dummy. The dependent variable
in columns 1�3 is the natural logarithm of 1 plus patent counts, which measures innovation quantity. In columns 4�6,
the dependent variable is the natural logarithm of 1 plus citation counts scaled by patents, which measures the quality
of innovation. Patent data are from the NBER Patent Citation database, and governance proposals are obtained from
RiskMetrics. Variables are defined in the Appendix. *, **, and *** indicate significance at the 10%, 5%, and 1% levels,
respectively.

Dependent Variable

ln(PATENTt+1) ln(PATENTt+2) ln(PATENTt+3) ln(CPPt+1) ln(CPPt+2) ln(CPPt+3)

Variable 1 2 3 4 5 6

Panel A. Artificial Threshold = 30%

PASS 0.412 0.291 −0.269 −0.313 −0.297 −0.190
(0.491) (0.476) (0.561) (0.240) (0.190) (0.152)

No. of obs. 169 159 135 169 159 135
R 2 0.448 0.441 0.431 0.183 0.218 0.263

Panel B. Artificial Threshold = 70%

PASS −0.213 0.056 0.428 −0.003 0.037 0.083
(0.528) (0.488) (0.412) (0.101) (0.104) (0.081)

No. of obs. 168 144 119 168 144 119
R 2 0.250 0.215 0.131 0.194 0.124 0.080

the conjecture that the treatment effect of ATPs on firm innovation is absent at
artificially chosen vote thresholds. It also suggests that the positive effects of ATPs
on firm innovation that we documented earlier are unlikely to be driven by chance;
therefore, our RD estimates are unlikely to be spurious.

Overall, in this section, we use an RD approach that explores locally exoge-
nous variation in the number of ATPs a firm has incorporated into its corporate
charter through ATP-related governance proposal votes to establish a causal link
between ATPs and firm innovation output. We show a positive, causal effect of
ATPs on innovation.16 Our evidence is consistent with the implications of the
long-term value creation hypothesis.

C. Cross-Sectional Analysis
In this section, we look for further evidence of identification in the cross

section using the cross-sectional variation in firms’ information environment,
product market competition, and innovation difficulty to further explore the effect
of ATPs on innovation. We first examine how heterogeneity in firms’ information
asymmetry affects the positive effect of ATPs on innovation in Section IV.C.1. We
then examine how a firm’s product market competition alters the effect of ATPs
on innovation in Section IV.C.2. In this subsection, we undertake all the analyses
in the RD framework estimating equation (2) in the close-call sample.

1. Information Asymmetry

A key assumption in the models of Stein (1988) and Chemmanur and Jiao
(2012), on which the long-term value creation hypothesis is based, is the informa-
tion asymmetry between firm insiders and outside investors. Due to information
asymmetry, outside investors in a firm are unable to properly evaluate the firm

16Note, however, some of the limitations of our RD analysis that we discuss in Section VI.
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manager’s investment in long-term innovation and tend to undervalue the equity
of companies undertaking innovative projects (and, consequently, underinvest in
such innovative projects). Therefore, a natural implication of the long-term value
creation hypothesis is that the value of ATPs that insulate managers from short-
term investor pressures will be larger if there is a larger information gap between
firm insiders and outsiders. Therefore, we expect that the positive effect of ATPs
on innovation is more pronounced for firms with a larger degree of information
asymmetry.

Following previous literature, we construct a measure for a firm’s informa-
tion asymmetry, DISPERSION, which equals the average standard deviation of
analyst earnings forecasts in a year. Firms with a higher standard deviation of
analyst earnings forecasts are expected to have a larger extent of information
asymmetry. We obtain analyst forecast information from the IBES database. We
test the cross-sectional implication of the long-term value creation hypothesis by
splitting the sample based on the median value of DISPERSION: a subsample
of firms with more information asymmetry, with DISPERSION being above the
sample median, and a subsample of firms with less information asymmetry, with
DISPERSION being below the sample median. If the previous conjecture is sup-
ported, we expect to observe a much stronger effect of ATPs on innovation in the
subsample of firms with more information asymmetry.

Table 7 reports these regression results. We report the results for larger infor-
mation asymmetry firms in Panel A and the results for smaller information asym-
metry firms in Panel B. In Panel A, the coefficient estimates of PASS are positive
and statistically significant in all columns except for column 4. However, the co-
efficient estimates of PASS are mixed and statistically significant only in column
4 in Panel B. The magnitudes of coefficient estimates on PASS from Panel A are

TABLE 7
Information Asymmetry

Table 7 presents our subsample analysis (in the RD framework) of how information asymmetry affects the relation between
ATPs and innovation. The dependent variables are innovation measures, and the variable of interest is a PASS dummy.
The dependent variable in columns 1�3 is the natural logarithm of 1 plus patent counts, which measures innovation
quantity. In columns 4�6, the dependent variable is the natural logarithm of 1 plus citation counts scaled by patents,
which measures the quality of innovation. Panel A reports the results for the subsample for which the standard error of
forecasts is above the sample median (more information asymmetry), and Panel B reports the results for the subsample
for which the standard error of forecasts is below the sample median (less information asymmetry). Patent data are from
the NBER Patent Citation database, and governance proposals are obtained from RiskMetrics. Variables are defined in
the Appendix. *, **, and *** indicate significance at the 10%, 5%, and 1% levels, respectively.

Dependent Variable

ln(PATENTt+1) ln(PATENTt+2) ln(PATENTt+3) ln(CPPt+1) ln(CPPt+2) ln(CPPt+3)

Variable 1 2 3 4 5 6

Panel A. More Information Asymmetry

PASS −1.579*** −1.868*** −1.310** −0.411 −0.390*** −0.271*
(0.453) (0.515) (0.456) (0.253) (0.106) (0.123)

No. of obs. 111 98 87 111 98 87
R 2 0.640 0.624 0.578 0.438 0.404 0.446

Panel B. Less Information Asymmetry

PASS 02 :624 0.578 0
R 2 0 2 :624 0.578 0.438 0

:404 0
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also much larger than those in Panel B. This evidence appears to suggest that the
positive effect of ATPs on firm innovation output is more pronounced for firms
that are subject to a larger degree of information asymmetry.

To check the robustness of this finding, we construct two alternative proxies
for firm information asymmetry. The first one is a firm’s analyst coverage, which
equals the number of analysts following the firm in a year. Firms with larger ana-
lyst coverage are considered to have a smaller degree of information asymmetry.
The second measure is a firm’s analyst earnings forecast error, which equals the
ratio of the absolute difference between the forecasted and actual earnings per
share over the absolute actual earnings per share in a year. Firms with a higher
analyst forecast error can be expected to have a greater extent of information
asymmetry. In an untabulated analysis, we split the sample using these two alter-
native information asymmetry proxies and obtain qualitatively similar results.

Overall, our findings are consistent with the theoretical predictions of Stein
(1988) and Chemmanur and Jiao (2012) and support the implications of the long-
term value creation hypothesis: The effect of ATPs on firm innovation is more
pronounced for firms with a larger degree of information asymmetry.

2. Product Market Competition

Product market competition increases a firm’s pressure to keep competitive
advantages over its rivals and make progress in generating profits in the short run
to satisfy its equity market investors (see Aghion et al. (2013) for a similar argu-
ment). If ATPs indeed provide a shield for managers against short-term investors
such that they can focus on innovation, we then expect that the positive effect of
ATPs on innovation to be more pronounced when the firm is operating in a more
competitive product market, namely, the pressures are higher and the insulation
provided by ATPs is more needed and valued.

We test the cross-sectional implication of the long-term value creation hy-
pothesis by splitting the sample based on the median value of the HHI: a sub-
sample of firms in more competitive product markets with HHI below the sample
median and a subsample of firms in less competitive product markets with HHI
above the sample median. The economics and finance literature has widely used
the HHI as a proxy for product market competition. The HHI is calculated by sum-
ming the square of each firm’s market share (in sales) at the 4-digit SIC level. The
HHI ranges between 0 and 1, with an increase in its value indicating a decrease in
product market competition.

Table 8 reports our regression results. We report the results for more com-
petitive product markets in Panel A and the results for less competitive product
markets in Panel B. In Panel A, the coefficient estimates of PASS are negative and
statistically significant in all columns except for column 6. However, in Panel B,
the coefficient estimates of PASS have mixed signs and are statistically insignifi-
cant in all columns. The magnitudes of coefficient estimates on PASS from Panel
A are also much larger than those in Panel B. This evidence appears to suggest
that the positive effect of ATPs on firm innovation output is more pronounced for
firms operating in more competitive product markets and is consistent with our
conjecture that the effect of ATPs on firm innovation is larger when firms face
tougher product market competition.
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TABLE 8
Product Market Competition

Table 8 presents our subsample analysis (in the RD framework) of how product market competition affects the relation
between ATPs and innovation. The dependent variables are innovation measures, and the variable of interest is a PASS
dummy. The dependent variable in columns 1�3 is the natural logarithm of 1 plus patent counts, which measures in-
novation quantity. In columns 4�6, the dependent variable is the natural logarithm of 1 plus citation counts scaled by
patents, which measures the quality of innovation. Panel A reports the results for the subsample in which the Herfindahl�
Hirschman index (HHI) is below the sample median (more competitive product markets), and Panel B reports the results
for the subsample in which the HHI is above the sample median (less competitive product markets). Patent data are from
the NBER Patent Citation database, and governance proposals are obtained from RiskMetrics. Variables are defined in
the Appendix. *, **, and *** indicate significance at the 10%, 5%, and 1% levels, respectively.

Dependent Variable

ln(PATENTt+1) ln(PATENTt+2) ln(PATENTt+3) ln(CPPt+1) ln(CPPt+2) ln(CPPt+3)

Variable 1 2 3 4 5 6

Panel A. More Competitive Product Markets

PASS −1.008** −1.224** −0.878* −0.333** −0.295* −0.030
(0.334) (0.435) (0.404) (0.133) (0.152) (0.095)

No. of obs. 124 112 100 124 112 100
R 2 0.450  Td [(:)]TJ/F72 5.9776 Tf 1.644 0 Td [(435))-5882((0)]TJ/F92 3f152).0.

R 2 0.
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a variation of equation (3) by excluding ln(PATENT) and the interaction term
ln(PATENT) × GINDEX from the regression and control for industry instead of
firm fixed effects. The purpose of this regression is to examine the direct effect
of ATPs on firm value, which serves as a benchmark to which we are going to
compare. Since industry fixed effects instead of firm fixed effects are included in
the regression, the variation mainly comes from the cross section. Consistent with
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TABLE 9 (continued)
Regressions for Firm Value

Dependent Variable

Qt+1 Qt+1 Qt+2 Qt+3

Variable 1 2 3 4

Panel B. ln(CPP)

GINDEX −0.021*** −0.009 −0.003 −0.006
(0.007) (0.007) (0.007) (0.012)

GINDEX × ln(CPP) (e-05) 0.283 0.563*** 0.580*** 0.475***
(0.198) (0.265) (0.244) (0.202)

ln(CPP) 0.020 0.020** 0.003 0.003
(0.024) (0.009) (0.011) (0.009)

ln(ASSETS) −0.053*** −0.443*** −0.425*** −0.425***
(0.020) (0.036) (0.055) (0.031)

ROA 4.229*** 1.768*** 0.964** 0.964***
(0.781) (0.492) (0.440) (0.257)

R&D/ASSETS 7.039*** 2.010*** 0.634 0.634
(1.062) (0.756) (0.813) (0.539)

PPE/ASSETS −0.458*** 0.011 0.099 0.099
(0.054) (0.082) (0.105) (0.069)

LEVERAGE 0.032 0.358** 0.420* 0.420***
(0.208) (0.156) (0.238) (0.125)

CAPEXP/ASSETS 1.873** −0.257 −0.610** −0.610*
(0.749) (0.302) (0.257) (0.327)

HHI 0.047 0.069 0.020 0.020
(0.144) (0.100) (0.122) (0.100)

HHI2 −0.115 −0.063 −0.035 −0.035
(0.156) (0.105) (0.158) (0.110)

KZ_INDEX −0.001 −0.001 −0.001 −0.001
(0.002) (0.001) (0.001) (0.001)

INST_OWNERSHIP 0.024 0.162*** 0.105* 0.105***
(0.067) (0.038) (0.059) (0.039)

Constant 1.813*** 4.319*** 4.292*** 4.292***
(0.197) (0.270) (0.414) (0.243)

Year fixed effects Yes Yes Yes Yes
Industry fixed effects Yes No No No
Firm fixed effects No Yes Yes Yes

No. of obs. 19,064 19,064 16,737 14,529
R 2 0.240 0.689 0.707 0.720

the findings of the existing literature, the coefficient estimate of ATPs in column 1
is negative and significant, suggesting that having a larger number of ATPs overall
reduces firm value.

In column 2 of Panel A of Table 9, we add ln(PATENT) and
ln(PATENT) × GINDEX to the regression. Once again, industry and year fixed
effects are included in the regression. The coefficient estimate of the GINDEX is
negative and significant at the 1% level, suggesting that the cross-sectional neg-
ative effect of ATPs on firm value in the following year is still present if a firm
produces no patent. The coefficient estimate of ln(PATENT) is negative but not
significant, suggesting that cross-sectional variation in innovation is not related
to cross-sectional variation in firm value. However, the coefficient estimate of
GINDEX × ln(PATENT) is positive and significant at the 1% level, suggesting
that the negative effect of ATPs on firm value is mitigated by innovation. This
finding is consistent with the prediction of the long-term value creation hypothesis
that if ATPs are adopted to insulate managers against capital market pressures so
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Chemmanur and Tian 1189

that managers can focus on long-run value creation activities, such as innovation,
then ATPs contribute positively to firm value.

In column 3 of Panel A of Table 9, we repeat the regression in column 2 but
control for firm fixed effects instead of industry fixed effects and examine how
the time-series variation in the number of ATPs within a firm affects firm value
over time. The coefficient estimate of the GINDEX is negative and significant,
suggesting that a firm’s adopting more ATPs is negatively related to the firm’s
market value in the subsequent year if the firm is not innovative and generates
no patent. The coefficient estimate of ln(PATENT) is positive and significant at
the 1% level, suggesting that innovation increases firm value in the following
year, although the economic impact of patents is quite small. This finding is
consistent with the existing literature that innovation increases firm value (e.g.,
Hall, Jaffe, and Trajtenberg (2005)). More importantly, the coefficient estimate of
GINDEX × ln(PATENT) is positive and significant at the 1% level, suggesting
that the negative effect of ATPs on firm value is largely mitigated by the firm’s
innovativeness. To be more concrete, the marginal effect of ATPs on firm value is
initially negative but becomes positive when the value of ln(PATENT) is greater
than 3.8 (=0.013/0.004). This is equivalent to the number of patents being greater
than 48, which is at the 93rd percentile of the full sample but slightly below the
median for the subsample for firms with at least 1 patent. The evidence is con-
sistent with the implications of the long-term value creation hypothesis that ATPs
positively contribute to firm value through innovation (for the top 7% firms that
are most innovative). However, for the vast majority of firms that are not innova-
tive (i.e., the remaining 93% of firms), ATPs reduce firm value.

In columns 4 and 5 of Panel A of Table 9, we estimate equation (3) with firm
value in 2 years (t+2) and in 3 years (t+3) as the dependent variable, respec-
tively. We continue to observe negative coefficient estimates of the GINDEX and
positive and significant coefficients of the interaction term in columns 4 and 5.

Panel B of Table 9 reports the regression results with the number of citations
each patent receives as the proxy for innovation quality. The regressions are par-
allel to those reported in Panel A, with model 1 of Panel A omitted. In column 1
of Panel B, in which industry and year fixed effects are included, we find a sim-
ilar negative effect of GINDEX on firm value. In columns 2–4 of Panel B, we
control for firm and year fixed effects and find positive and significant coefficient
estimates of GINDEX × ln(CPP).

One concern is that our results could be driven by a large number of firm-year
observations with 0 patents. We then rerun our firm value regressions estimating
equation (3) in a subsample of firms that have at least 1 patent in the sample
period. In an untabulated analysis, we find even stronger results. For example,
the coefficient estimate of GINDEX in model 1 of Panel A of Table 9 is −0.028
(p-value = 0.006), suggesting that having a larger number of ATPs is associated
with a reduction in firm value, even for innovative firms (recall that this analysis
is for firms that generate at least 1 patent in the sample period). The coefficient
estimates of GINDEX and GINDEX × ln(PATENT) in model (3) of Panel A
are −0.029 (p-value = 0.010) and 0.004 (p-value < 0.001), respectively. Once
again, the evidence suggests that the GINDEX positively contributes to firm value
for very innovative firms, but it destroys firm value for less innovative firms.
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VI. Limitations of Our Study and Policy Implications
In the previous sections, we have shown, using both OLS regressions and

our RD analysis, that ATPs have a positive effect on corporate innovation, and
we have argued that this relation between ATPs and innovation is causal. Fur-
ther, the analyses we present in Table 5 (alternative RD specification) and Table 6
(placebo tests using alternative thresholds) show that our RD analysis is fairly
robust and unlikely to be driven by chance. However, our study is not without
some limitations. In particular, we note that our RD results are weak in some
specifications. Thus, while our RD results are strong when we follow the existing
literature (e.g., Cuñat et al. (2012)) and define a close-call sample as consisting
of those firms with a percentage of votes for ATP-reducing shareholder proposals
falling in the 10-percentage-point margin around the winning threshold, our re-
sults become weaker when we narrow the close-call sample to only include firms
with a percentage of votes for ATP-reducing shareholder proposals falling in a 5-
percentage-point margin around the winning threshold (Table 4).17 Our RD results
weaken more (with the coefficient of the PASS variable becoming insignificant,
though with the appropriate sign) when we further narrow the above bandwidth
around the winning threshold to 2 percentage points or 1 percentage point (possi-
bly because the number of observations falling into these narrower bands is very
small, with the corresponding loss of test power).

Nevertheless, our paper makes an important contribution by presenting evi-
dence opposing the result shown in papers, such as Atanassov (2013), based on
somewhat problematic methodologies that ATPs dampen innovation (the under-
lying methodology in these papers is problematic for the reasons we discuss in
Section II).18 Our analysis implies that one has to take a more nuanced approach
to the effect of ATPs on innovation: In particular, one has to distinguish between
state-level and firm-level ATPs. Our empirical analysis showing that having a
larger number of (and stronger) ATPs in a firm’s corporate charter spurs inno-
vation in many settings is especially important in the context of the fact that
many innovative firms (especially in the technology sector) going public in the
last decade have tended to incorporate a large number of (and stronger) ATPs in
their corporate charter.19 It is reassuring to find that the management of such firms
may not have adopted such strong ATPs in their corporate charter purely with

17Our results are also somewhat weaker if we follow the alternative RD methodology of Imbens
and Kalyanaraman (2012).

18The focus of Atanassov (2013) is on state ATPs. Karpoff and Wittry (2015) point out that using
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the objective of engaging in shareholder-value-destroying activities. Thus, along
with two IPO-related papers, Chemmanur et al. (2011), who show that, on aver-
age, firms with a combination of high management quality and a larger number
of ATPs outperform all other sample firms in terms of IPO valuation and post-
IPO operating performance, and Johnson et al. (2015), who show that firms with
a larger number of ATPs have greater IPO valuations and post-IPO operating per-
formance, our paper contributes to reopening the debate on the relation between
the number of ATPs in a firm’s corporate charter and the long-run performance of
the firm.

In particular, our paper shows that, even for established public firms, ATPs
improve long-run performance when performance is measured by productivity in
real activities such as corporate innovation. Our analysis further implies that, by
allowing firm managers to focus on long-run value creation without being too con-
cerned about losing control of the firm in the short run, ATPs in a firm’s corporate
charter may benefit shareholders, even if, in some firms, they have an entrench-
ment effect as well. In particular, our analysis presented in Table 9 suggests that,
far from destroying value, incorporating ATPs into their corporate charters may,
in fact, enhance shareholder value in the case of highly innovative firms.

VII. Conclusion
We have studied the relation between ATPs and corporate innovation. We test

two different hypotheses: i) the long-term value creation hypothesis, which im-
plies that ATPs spur corporate innovation by insulating managers from short-term
pressures arising from the equity market (or other related sources), allowing them
to focus on long-term value creation; ii) the management entrenchment hypoth-
esis, which implies that ATPs reduce innovation by mitigating the disciplining
effect of the market for corporate control on firm managers.

To establish causality, we use an RD design relying on locally exogenous
variation in the number of ATPs a firm has generated by governance proposals
that pass or fail by a small margin of votes. Our identification strategies suggest
a positive, causal effect of ATPs on firm innovation. The positive effect of ATPs
on innovation is more pronounced in firms that are subject to a larger degree of
information asymmetry and operate in more competitive product markets. The
evidence is consistent with the hypothesis that ATPs spur innovation by insulat-
ing managers from short-term pressures arising from the equity market, allowing
them to focus on long-term value creation. Finally, we show that the number of
ATPs contributes positively to firm value for firms involved in intensive innova-
tion activities but reduces firm value in other firms.

Appendix. Variable Definitions and Data Sources
Innovation Variables (Source: NBER Patent Citation Database)
PATENTi t : Number of patents firm i applied for in year t.
CPPi t : Number of citations per patent firm i applied for in year t.

here). Facebook founder Mark Zuckerberg gave a similar justification for adopting a dual-class share
structure prior to Facebook’s IPO.

https://doi.org/10.1017/S0022109018000029
D

ow
nloaded from

 https://w
w

w
.cam

bridge.org/core . Tsinghua U
niversity , on 09 M

ay 2019 at 03:02:15 , subject to the Cam
bridge Core term

s of use, available at https://w
w

w
.cam

bridge.org/core/term
s .

https://doi.org/10.1017/S0022109018000029
https://www.cambridge.org/core
https://www.cambridge.org/core/terms


1192 Journal of Financial and Quantitative Analysis

ln(PATENTi t ): Natural logarithm of 1 plus the number of patents firm i applied for in
year t.

ln(CPPi t ): Natural logarithm of 1 plus the number of citations per patent firm i applied for
in year t.

ATP Variables (Source: RiskMetrics)
GINDEXi t : Firm i’s governance index based on 24 ATPs, taken from Gompers et al. (2003)

in year t.
PASSi : A dummy that equals 1 if an ATP-decreasing governance proposal passes, and 0

otherwise.

Firm Characteristics (Source: Compustat)
ASSETSi t : Total assets of firm i in year t (in $millions).
ROAi t : Operating income before depreciation to total assets ratio of firm i in year t.
R&D/ASSETSi t : Research and development expenditure to total assets ratio of firm i in

year t.
PPE/ASSETSi t : Net property, plant, and equipment to assets ratio of firm i in year t .
LEVERAGEi t : Total debt of firm i in year t divided by its total assets.
CAPEXP/ASSETSi t : Capital expenditure to total assets ratio of firm i in year t.
HHIi t : Herfindahl–Hirschman index of firm i’s industry in year t constructed based on

sales at 4-digit SIC industries.
TOBINS Qi t : Market-to-book ratio of firm i in year t (total assets+ year end closing price

× year end outstanding shares − book equity)/total assets.
KZ INDEXi t : Firm i’s KZ index at year t is calculated as −1.002 × Cash flow + 0.28 ×

Q + 3.18 × Leverage − 39.368 × Dividends − 1.315 × Cash holdings.
INST OWNERSHIPi t : Total percentage of firm i’s equity held by institutional investors in

year t. Source: Thomson 13F institutional holdings database.
DISPERSION i in

year t . Source: IBES.
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