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Abstract
We investigate the causal effect of intangible capital on leverage. To address endogeneity,
we exploit patent invalidations by a U.S. court in which judges are randomly assigned to
cases. Differences in judge leniency provide exogenous variation in the probability that
firms’ patents are invalidated. Using this probability as an instrument for exogenous losses
in intangible capital, we find a patent invalidation leads to a 14.1% reduction in leverage,
suggesting that intangible capital causally supports leverage. This local average treatment
effect is stronger in firms that use patents as loan collateral and in less creditworthy as well
as smaller firms.

I. Introduction
U.S. businesses have more than doubled their investment in intangible capital

since the end of World War II and, according to one estimate, invested 1.6 trillion
U.S. dollars (USD), or 11.3% of gross domestic product (GDP), in intangible
capital in 2007 (Corrado and Hulten (2010)). In 2016, investments in intangible
capital amounted to 14% of private sector GDP, while the corresponding rate for
tangible capital was only 10% (Monga (2016)). Despite the increasing relevance
of intangible capital, it is unclear whether and how these investments affect firms’
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financial policies because our current understanding of the link between asset
tangibility and leverage is incomplete (Graham, Leary, and Roberts (2015)).1

We use an instrumental variable research design to study how firms adjust
leverage in reaction to negative exogenous shocks to their intangible capital. We
estimate the causal effect of intangible capital on leverage from a hand-collected
sample of publicly listed firms that experienced 579 patent invalidity decisions at
the U.S. Court of Appeals for the Federal Circuit between 1983 and 2014. We
find that, when a firm’s patent is invalidated by the court, book leverage decreases
by 14.1 percentage points over the next year. Our finding thus suggests the exis-
tence of a substantial, positive, and causal effect of intangible capital on leverage.
The result is robust to changes in the definition of leverage and in the model
specification.

In more granular capital structure regressions, we seek to better understand
how the deleveraging after patent invalidations materializes. We base our tests on
recent work on corporate deleveraging (DeAngelo, Gonçalves, and Stulz (2018),
Dangl and Zechner (2018)) by separately examining the effect of patent invalida-
tions on short-term and long-term debt, earnings retention, and equity issuance.
We find that reductions in short-term debt are the main driver behind the delever-
aging we document.

Our instrumental variable identification strategy specifically addresses the
potential endogeneity in the relationship between intangible capital and leverage.
Endogeneity may be caused by omitted unobservable variables, reverse causality,
or measurement error. An unobservable variable (such as managerial risk aver-
sion) affecting a firm’s choice of intangible capital could potentially also affect a
firm’s choice of leverage, thereby challenging a causal interpretation of an empiri-
cally documented correlation between intangible capital and leverage. In addition
to correlated unobservable variables across firms, causal inference is also trou-
bled by a potential reverse effect of leverage on intangible capital. For instance,
firms might raise debt to purchase intangible assets. Lastly, book values of in-
tangible capital are prone to measurement error because firms’ balance sheets do
not appropriately reflect intangible capital under current accounting rules (Barth,
Kasznik, and McNichols (2001), Corrado and Hulten (2010), and Myers (1984)).
These factors may lead to biased and inconsistent estimates when endogeneity
is not addressed while studying the link between intangible capital and leverage.
In fact, when we run naïve ordinary least squares (OLS) regressions of leverage
on patent invalidation, we find no statistically significant effect, highlighting the
importance of accounting for endogeneity in our setting.

The identification strategy in our paper follows Galasso and Schankerman
(2015) and exploits the institutional characteristics of the U.S. Court of Appeals
for the Federal Circuit, the only appellate court for patent litigation in the United
States. A possible outcome of court cases at the Federal Circuit is the invalidation
of a firm’s patent. If the Federal Circuit invalidates a firm’s patent, the firm loses

1As Graham et al. ((2015), pp. 669–670) point out: “Asset tangibility, despite large fluctuations in
the 1940s and 1950s, generally declined over the century. Not only does this pattern miss some of the
important turning points in leverage, it is also difficult to reconcile with existing empirical evidence
(e.g., Frank and Goyal (2009)) and theory (e.g., Shleifer and Vishny (1992)), which suggests that
decreasing asset tangibility decreases debt capacity because there is less collateral to secure debt.”
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intangible capital, namely the right to bar others from producing, using, or selling
the firm’s invention throughout the U.S. or from importing the invention to the
U.S. (35 U.S. Code § 271).

It is “a fortunate institutional fact” (Galasso and Schankerman (2015), p.
320) that, for each court case reaching the Federal Circuit, a computer program
randomly draws 3 of the 12 available judges that make up the court and as-
signs them to a court case. Whether a three-judge panel will invalidate a firm’s
patent can be predicted because each judge’s attitude toward patent validity is
known. These two institutional idiosyncrasies (random assignment of judges to
court cases and systematic, observable differences in judge leniency) allow us to
construct an instrument that provides us with plausibly exogenous variation in
patent invalidations, which we use as a proxy for plausibly exogenous decreases
in firms’ intangible capital. The instrument that we use is the likelihood that the
three judges randomly assigned to a court case invalidate a firm’s patent.

The main innovation of our paper is to document a causal positive effect
of firms’ intangible capital on leverage. While previous studies present evidence
consistent with the hypothesis that more intangible capital may lead to higher
leverage (e.g., Larkin (2013), Lim, Macias, and Moeller (2019)), they carefully
state that a causal interpretation is complicated by the likely presence of corre-
lated unobservable variables. Our study allows us to isolate the causal effect of
intangible capital on leverage because our instrumental variable research design
introduces plausibly exogenous negative shocks to firms’ intangible capital.

Our study also contributes to a better understanding of the puzzling finding
that leverage has generally increased over the past century, while asset tangibil-
ity has decreased (Graham et al. (2015)), which could seem at odds with pre-
vious literature that suggests a positive correlation between asset tangibility and
leverage (e.g., Frank and Goyal (2009), Graham and Leary (2011), Harris and
Raviv (1991), Leary and Roberts (2014), Lemmon, Roberts, and Zender (2008),
Rajan and Zingales (1995), Shleifer and Vishny (1992), and Titman and Wessels
(1988)). Our findings indicate that the historical growth in firms’ intangible capi-
tal over the past decades (e.g., Corrado and Hulten (2010)) could be an important
factor in explaining growth in leverage over time.

Further, we extend the relatively new and growing field of research that
studies the effect of patents on corporate financial outcomes. Chava, Nanda, and
Xiao (2017) document that increases in patent protection and creditor rights over
collateral result in cheaper bank loans, possibly because lenders value innova-
tive activity. Farre-Mensa, Hegde, and Ljungqvist (2020) find that, for start-up
firms, the first patent approval increases the likelihood of securing funding from
professional investors by 47% over the next 3 years. Taken together, this liter-
ature suggests that patents may facilitate firms’ access to both debt and equity
financing. Our study complements these findings by showing that, among pub-
licly listed companies, intangible capital shapes capital structure by acting as
a leverage-supporting device. Our heterogeneous treatment results are consis-
tent with Mann’s (2018) finding that the practice of using patents as collateral,
where firms pledge patents as collateral under a loan agreement, may increase
firms’ debt capacity. In addition, our findings suggest that intangible capital might
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positively affect debt capacity even when intangible capital is not formally
pledged as collateral.

II. Identification Strategy: Instrumental Variable Based on
Patent Invalidations

A. Identification Strategy: Background
Our paper applies an instrumental variable identification strategy introduced

by Galasso and Schankerman (2015) to overcome the endogeneity and measure-
ment issues described above. We use court judgments in which a court invali-
dates a firm’s patent (patent invalidity decisions) as a source of negative shocks
to firms’ intangible capital and examine how firms adjust leverage in reaction to
such shocks. To be able to address the potentially endogenous nature of patent in-
validity decisions, we require an instrumental variable that is related to the patent
invalidation likelihood but not related to our outcome variable of interest (i.e.,
leverage).

We exploit the method by which judges are assigned to court cases at the
Federal Circuit for the construction of our instrument. At the Federal Circuit, a
computer program randomly assigns 3 of the 12 judges making up the Federal
Circuit to a case.2 The three-judge panel then decides by majority vote whether
a patent is invalid. Our identification strategy also exploits the fact that a judge’s
history of invalidity decisions is correlated with the likelihood that she is in favor
of patent invalidation. Taken together, these two aspects of our research setting
provide us with exogenous variation in patent invalidity decisions.

We compute our instrumental variable, judges’ invalidation propensity (JIP),
per patent invalidity decision p as

(1) JIPp = f 1
p f 2

p f 3
p + f 1

p f 2
p (1− f 3

p )+ f 1
p (1− f 2

p ) f 3
p + (1− f 1

p ) f 2
p f 3

p ,

where the variables f 1
p , f 2

p , and f 3
p are the individual patent invalidation rates

of the three judges randomly assigned to the panel. For any judge X, f X
p is the

fraction of votes in favor of patent invalidity over her entire Federal Circuit ca-
reer.3 JIPp is thus the weighted probability that the randomly assigned three-judge
panel invalidates a patent. It is based on all four scenarios that could lead to patent
invalidation (one unanimous vote for invalidity, and three two-to-one votes for in-
validity). For instance, the term f 1

p f 2
p (1− f 3

p ) captures the probability that judges
one and two vote for invalidation, while judge three votes against it. Appendix A
provides a list of judges and their individual patent invalidation propensities ( f X

p ).
As Galasso and Schankerman (2015) argue, JIP’s validity as an instrument

is founded on two characteristics. First, the random assignment of judges to court
cases ensures that there is no systematic assignment of judges with a particular
invalidation propensity to cases with unobservable characteristics that could be

2One caveat to our identification strategy is its reliance on the random assignment of judges to
cases. Hall (2010) and Chilton and Levy (2015) investigate and question the extent of randomness in
the assignment of judges to cases (in their case at the US circuit courts).

3We follow Galasso and Schankerman (2015) and exclude the patent invalidity decision, p, itself
from the computation of f X

p to ensure that the patent invalidity decision p does not affect its own
instrument.
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correlated with leverage. Second, because we exclude the invalidity decision, p,
when computing JIP for invalidity decision p, we are able to remove case-specific
unobservable factors potentially affecting invalidity decision p.

The assumption that a patent invalidation represents a meaningful negative
shock to firms’ intangible capital is well supported by the institutional setting:
Since the Federal Circuit is an appellate court, both litigants are likely to have
discarded alternative settlement options, such as out-of-court settlement or settle-
ment after the first instance’s decision. The choice to continue costly litigation at
the Federal Circuit indicates that both litigants consider the focal patent valuable.

Table 1 provides descriptive evidence indicating that sample patents are in-
deed highly valuable, both scientifically and economically. In Panel A, we ex-
amine whether sample patents are cited more frequently than other U.S. patents.
We obtain patent citation data from the National Bureau of Economic Research
(NBER) Patent Data Project and truncation-adjust the data using the adjustment
factor by Hall, Jaffe, and Trajtenberg (2001). Patent citation data are available for
401 sample patents and 3,208,645 other U.S. patents issued between 1976 and
2006. We find that mean citations received (CIT_RECEIVED) is 49.8 for sample
patents and 11.8 for other U.S. patents. The difference in means is statistically
significant (p-value < 0.01), indicating that sample patents are cited more often,
possibly because they represent more valuable scientific capital. This finding is
confirmed when we compare citations received on a per claim basis. Our results
support the conclusion of Galasso and Schankerman (2015), who (based on find-
ings that we reproduce in Table 1) state that “patents involved in Federal Circuit
cases are a selected sample of highly valuable patents” (p. 331).

In Panel B, we use the stock market-based measure of economic patent value
by Kogan, Papanikolaou, Seru, and Stoffman (2017), which is available for 256
sample patents and 1,790,342 other U.S. patents. We find that when a sample
patent is granted to a firm, firm value increases on average by 17.6 million USD in
the 3-day window around the grant date or by 28.6 million USD when expressed
in 2017 USD. In contrast, when a nonsample patent is granted, the mean firm
value increase is 10.4 million USD (or 22.4 million, expressed in 2017 USD).
The difference in means is statistically significant for both the nominal measure
(p-value< 0.01) and the inflation-adjusted measure (p-value< 0.1). These results
suggest that sample patents are of above-average economic value.

B. Identification Strategy: Empirical Implementation
We implement the identification strategy as follows: We hand-collect a sam-

ple of firm-patent invalidity decisions in which each observation represents a de-
cision by the Federal Circuit on the invalidity of a patent owned by a firm. We
define a patent invalidation dummy, INVALIDATEDi ,p, as 1 if the patent inva-
lidity decision p invalidates a patent owned by firm i, and 0 if the patent is not
invalidated. We follow Angrist and Pischke (2009) and Wooldridge (2010) and
account for the binary nature of the instrumented endogenous variable by instru-
menting INVALIDATEDi ,p with the predicted invalidation probability obtained
from the probit model

(2) P̂i ,p = P(JIPi ,p, X i ,p),
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TABLE 1
How Do Sample Patents Compare to the Average U.S. Patent?

Table 1 compares patent value measures between the universe of U.S. patents and the patents in our sample. Panel A
uses patent citation data for patents granted between 1976 and 2006 from the NBER Patent Data Project. CIT_RECEIVED
is adjusted for truncation using the adjustment factor by Hall et al. (2001). Panel B uses the measure of economic patent
value developed by Kogan et al. (2017), which we obtain from N. Stoffman’s website. In the last row, we adjust the
nominal patent value measure (variable xi in the Kogan et al. (2017) data set) for inflation using the Gross Domestic
Product (GDP) Implicit Price Deflator published by the Federal Reserve Bank of St. Louis (FRED). *, **, and *** denote
statistical difference of the means, based on 2-tailed p-values, at the 10%, 5%, and 1% significance levels, respectively.
All variables are defined in Appendix B.

Galasso and
Schankerman ((2015),

Table II)

U.S. All Patents Litigated
Patents, Granted at Lower
Excl. Sample Mean Not Courts and

Sample Patents Difference Litigated Appealed

Panel A. Scientific Patent Value

No. of patents 3,208,645 401 1,808,770 877
CIT_RECEIVED 11.8 49.8 38***
NUMBER_OF_CLAIMS 14.4 23.8 9.4*** 12.5 19.0
CIT_RECEIVED_PER_CLAIM 1.4 4.1 2.7*** 1.0 2.3

Panel B. Economic Patent Value

No. of patents 1,790,342 256
PATENT_VALUE_NOMINAL 10.4 17.6 7.3***
PATENT_VALUE_2017 22.4 28.6 6.2*

where JIPi ,p is the panel’s invalidation propensity (defined in equation (1)), and
X i ,p is a vector of control variables including industry indicators, year indicators,
and a set of lagged firm-level control variables. We then implement our instru-
mental variable research design by estimating the following 2-stage model with a
2-stage least squares (2SLS) estimate. Equation (3) denotes the first stage; equa-
tion (4) denotes the second stage:

INVALIDATEDi ,p = α P̂i ,p + δ′X i ,p + ui ,p,(3)

Leveragei ,p = β ̂INVALIDATEDi ,p +γ′X i ,p + εi ,p.(4)

Equation (3) is an OLS regression of INVALIDATEDi ,p, the patent invalida-
tion dummy, on P̂i ,p, the patent invalidation propensity predicted from the pro-
bit model shown in equation (2). From this first-stage regression, we predict

̂INVALIDATEDi ,p (i.e., instrumented patent invalidation), which we use as an
independent variable in the second-stage regression (equation (4)). We measure
leverage, the dependent variable, in the period following the patent invalidity de-
cision because we study whether and how firms adjust their leverage in the wake
of a patent invalidation. The coefficient β in equation (4) captures the causal effect
of a loss of intangible capital on leverage. A negative estimate of β indicates that
a loss of intangible capital leads to a reduction in leverage.

The vector of control variables, X i ,p, is the same for all main regressions. We
control for financial variables that prior empirical research has identified as signif-
icant predictors of leverage, such as firm size, market-to-book ratio, profitability,
and asset tangibility (e.g., Frank and Goyal (2009), Leary and Roberts (2014), and
Rajan and Zingales (1995)). We measure these firm-level controls at the end of the
last fiscal year preceding the fiscal year of the patent invalidity decision to ensure
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that they are not affected by the decision. We also include lagged leverage to con-
trol for serial correlation in leverage, following Lemmon et al. ((2008), p. 1577).4

In addition, we include industry fixed effects based on the Fama and French (FF)
48 industry classification and decision-year fixed effects. Since some companies
experience multiple patent invalidity decisions, we cluster standard errors at the
firm level in all regressions.

III. Data and Sample

A. Patent Invalidity Decisions
We search the LexisNexis Federal Court Cases database for all court opinions

published between 1982 (the year the Federal Circuit was established) and 2015
that contain the keywords “Court of Appeals for the Federal Circuit,” “patent or
patents,” and “invalid or invalidity or unenforceable.” Of the resulting 3,201 court
opinions, we drop those for which at least one of the following criteria applies:
i) the Federal Circuit does not explicitly reconsider the lower court’s decision
regarding patent invalidity, ii) the judge panel does not consist of three judges,
and/or iii) the patent invalidity decision is unclear (e.g., if the Federal Circuit sends
the case back to the lower court without instructions regarding patent invalidity).

We compile a list of all patent invalidity decisions contained in the remaining
1,284 court opinions. For every patent invalidity decision, we record the follow-
ing information: the names of the three Federal Circuit judges on the panel, the
publication date of the court opinion, the name of the company asserting patent
validity, the patent number, and whether the Federal Circuit invalidates the patent.
Following Galasso and Schankerman (2015), we consider a patent invalidity de-
cision as a patent invalidation if it invalidates at least one patent claim.

B. Matching Patent Invalidity Decisions with Firm Financials
We merge our data set of patent invalidity decisions with firm financials by

manually matching the names of the legal entities asserting patent validity with
the backfilled variable conm from the Annual Compustat North America database.
For invalidity decisions that we could not match to Compustat via the conm vari-
able, we perform online searches of the legal entities asserting patent validity. If
a newer company name of the legal entity exists in Compustat, we assign the in-
validity decision to the respective firm’s Compustat entry. If we find that a legal
entity in the court opinion is a subsidiary of a firm covered by Compustat, we as-
sign the invalidity decision to the parent company’s Compustat entry. Following
the empirical capital structure literature, we exclude banks, insurance companies,
and regulated utility firms from our sample by dropping observations with 4-digit
Standard Industrial Classification (SIC) codes (sich) between 4000 and 4999 and
between 6000 and 6999.

For each matched invalidity decision, we add the financial information re-
ported in the 3-year window around the year in which the court decision was

4In unreported robustness tests, we additionally control for industry-year median and mean lever-
age, the modified Altman (1968) Z-score, firm age, a dividend payer dummy, the term spread, and the
credit spread. This does not significantly affect our main result.
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published [−1;+1]. We use the firm financials from year t+1 to compute the de-
pendent variable, a measure of leverage, at the end of the first fiscal year after the
invalidity decision. We require firm financials from fiscal year t−1 to compute
the lagged firm-level control variables. This 1-year lag ensures that the control
variables are not affected by the court decision because the court decision is not
yet known at the time when control variables are measured. To reduce the impact
of outliers on our estimates, we winsorize all financial ratios at the 1st and 99th
percentiles of their distributions.

C. Sample
Our final sample contains 579 patent invalidity decisions. They result from

347 Federal Circuit court cases held between 1983 and 2014.5 The invalidity de-
cisions affirm or remove the validity of 518 unique patents (some patents are
disputed more than once before the Federal Circuit). Overall, 205 distinct firms
are affected by the invalidity decisions in our sample. The firms are mainly from
the pharmaceutical, electronic equipment, medical equipment, and chemicals in-
dustries, which together account for 48% of sample firms. Firms in our sample
experience 2.8 patent invalidity decisions on average.

Panel A of Table 2 reports descriptive statistics of the invalidity decision
variables. The Federal Circuit invalidates a patent in 45% of observations, which
is comparable to previous studies. For example, between 1982 and 1994, our rate
is 34%, compared to 33% found in Dunner, Jakes, and Karceski (1995). For the
period from 1983 to 2008, 42% of validity decisions in our sample are invalida-
tions, compared to 39% in Galasso and Schankerman (2015). JIP, the invalidation
rate predicted from randomly assigned three-judge panels, is 42% on average and
shows substantial variation, ranging from 10% to 74%. Appendix B summarizes
all variable definitions.

D. Dependent Variables
Panel B of Table 2 summarizes the dependent variables used throughout this

study. We define book leverage (BOOK_LEV), our main variable of interest, as
total debt (long-term debt (Compustat item dltt) plus short-term debt (dlc)) di-
vided by the book value of total assets (at), following Leary and Roberts (2014).

We compute additional leverage variables for robustness tests: Following
Leary and Roberts (2014), market leverage (MARKET_LEV) is total debt di-
vided by the market value of assets (MVA), where MVA equals the sum of the
market value of equity (common shares outstanding (cshpri) multiplied by the
stock price at the end of the fiscal year (prcc_f )), total debt and the liquidating
value of preferred stock (pstkl), minus deferred tax credits (txditc). We calculate
lease-adjusted book leverage (LEASE_ADJ_BOOK_LEV) following Rampini
and Viswanathan (2013) by adding 10 times the value of outstanding rental ex-
penses to both the numerator and the denominator of book leverage. Following
Serfling (2016), we compute net book leverage (NET_BOOK_LEV) as total debt
minus cash and short-term investments (che), divided by total book assets. We de-
fine firms as net debt issuers (NET_DEBT_ISSUER) if net debt issuance is above

5We lose the invalidity decisions of the years 1982 and 2015 because we require lagged and leading
firm financials to estimate the coefficients of equations (3) and (4).
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TABLE 2
Summary Statistics

Table 2 reports summary statistics of patent invalidity decision variables (Panel A), dependent variables (Panel B), and
further variables used in this paper (Panel C). To reduce the effects of outliers, financial ratios are winsorized at the 1% and
99% levels. We obtain the invalidity decision variables from a hand-collected set of 579 patent invalidity court decisions
issued by the Federal Circuit between 1983 and 2014. FollowingGalasso and Schankerman (2015), INVALIDATED equals
1 if the Federal Circuit invalidates at least one patent claim, and 0 otherwise. JIP (judges’ invalidation propensity) is the
predicted probability that the three-judge panel randomly assigned to the invalidity decision invalidates the focal patent.
All variables are defined in Appendix B.

N Mean Median Std. Dev.

Panel A. Patent Invalidity Decision Variables

INVALIDATED 579 0.45 0.00 0.50
JIP (judges’ invalidation propensity) 579 0.42 0.43 0.11

Panel B. Dependent Variables

BOOK_LEV 579 0.21 0.20 0.14
MARKET_LEV 554 0.16 0.13 0.14
LEASE_ADJ_BOOK_LEV 511 0.28 0.28 0.13
NET_BOOK_LEV 579 0.04 0.08 0.25
NET_DEBT_ISSUER 579 0.39 0.00 0.49
SHORT_TERM_LEV 579 0.04 0.03 0.05
∆_SHORT_TERM_DEBT_% 501 2.33 0.04 10.07
∆_SHORT_TERM_DEBT_%_LA 579 0.00 0.00 0.05
LONG_TERM_LEV 579 0.16 0.16 0.12
∆_LONG_TERM_DEBT_% 502 0.23 0.00 0.82
∆_LONG_TERM_DEBT_%_LA 579 0.02 0.00 0.11
RE_TO_ASSETS 578 −0.02 0.31 1.38
∆_RE_%_LA 578 0.01 0.03 0.14
EQ_TO_ASSETS 578 0.49 0.11 1.36
EQ_ISSUANCE 578 0.10 0.03 0.86
∆_EQ_TO_ASSETS_%_LA 578 0.05 0.00 0.23

Panel C. Further Variables

FIRM_SIZE 579 8.33 8.93 2.48
MARKET_TO_BOOK 579 2.03 1.55 1.46
PROFITABILITY 579 0.15 0.15 0.12
TANGIBILITY 579 0.23 0.20 0.16
PATENT_IS_COLLATERAL 579 0.08 0.00 0.27
MODIF_Z_SCORE 569 1.27 1.87 2.75

1%, where net debt issuance is the first difference in total debt divided by lagged
total assets (as in Leary and Roberts (2014)).

For our examination of debt channels which might affect leverage, we
compute additional variables: Short-term leverage (SHORT_TERM_LEV) is
short-term debt divided by total assets. We divide the change in short-term
debt by lagged short-term debt to obtain the percentage change in short-
term debt (∆_SHORT_TERM_DEBT_%). As the distribution of the percentage
change in short-term debt contains substantial outliers even after winsorizing,
we also compute the change in short-term debt divided by lagged total assets
(∆_SHORT_TERM_DEBT_%_LA), which results in a narrower distribution. In
the same manner, we compute long-term leverage, the percentage change in long-
term debt, and the change in long-term debt in percentage of lagged total assets.

We also calculate variables to study equity channels which might affect lever-
age. The retained earnings-to-assets ratio (RE_TO_ASSETS) is retained earnings
(re) divided by total assets. We define retained earnings growth (∆_RE_%_LA)
as the change in retained earnings divided by lagged total assets. We calculate the
equity-to-assets-ratio (EQ_TO_ASSETS) as common equity (ceq) less retained
earnings divided by total assets. Equity issuance (EQ_ISSUANCE) is the per-
centage change in common equity minus retained earnings. As for changes in
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long-term debt and short-term debt, we also express the change in common eq-
uity (less retained earnings) as a percentage of lagged total assets.

E. Further Variables
Panel C of Table 2 summarizes control variables and variables used for tests

of heterogeneous treatment effects. We follow Leary and Roberts (2014) to com-
pute our set of firm-level control variables. The control variables are FIRM_SIZE
(i.e., the natural logarithm of net sales (sale)), MARKET_TO_BOOK ratio (i.e.,
MVA divided by at), PROFITABILITY(i.e., earnings before interest, taxes, depre-
ciation, and amortization (EBITDA) (oibdp) divided by at), and TANGIBILITY
(i.e., property, plant, and equipment (PP&E) (ppent) divided by at).

We use patent collateral data from the U.S. Patent and Trademark Office
(USPTO) to compute additional variables required to test for heterogeneous
treatment effects. For each patent in our final sample, we identify patent col-
lateral by scanning the assignment history for the keywords “security,” “col-
lateral,” “lien,” and “mortgage,” following Hochberg, Serrano, and Ziedonis
(2018). Using the assignment recording date, we create a dummy variable
(PATENT_IS_COLLATERAL) that equals 1 if a patent was assigned to a lender
as collateral under a security agreement at the time of the invalidity decision,
and 0 otherwise. Finally, we construct the modified Altman (1968) Z-score
(MODIF_Z_SCORE) as in Leary and Roberts (2014) as the sum (normalized by
at) of 330% of pretax income (pi), 100% of sale, 140% of retained earnings (re),
and 120% of working capital (current assets (act) minus current liabilities (lct)).

IV. Results

A. First-Stage Regression: Predicting Patent Invalidations
In an instrumental variable research design, a valid instrument needs to meet

the relevance and exclusion conditions (Wooldridge (2010)). The first-stage re-
gression results show whether an instrument satisfies the relevance condition
(Roberts and Whited (2013)). In Table 3, we present the results from estimat-
ing three variants of the first-stage regression. Column 1 shows the results from
the OLS regression of the invalidation dummy INVALIDATED (which equals 1
if a patent is invalidated, and 0 otherwise) on JIP, year, and industry fixed ef-
fects. We find that JIP is a statistically strong predictor of the Federal Circuit’s
patent invalidity decision at the 1% significance level, with a t-value of 3.30. The
Kleibergen–Paap (2006) F-statistic is 10.90, indicating that the partial correlation
of JIP with INVALIDATED is sufficient for JIP to be considered a strong instru-
ment (Staiger and Stock (1997), Stock and Yogo (2005)).

In column 2, we replace JIP with the invalidation probability predicted from
a probit regression of the invalidation dummy INVALIDATED on JIP and con-
trols. Since the invalidity decision is a binary endogenous variable, this estima-
tor is more efficient (Wooldridge (2010)), and thus, as expected, the F-statistic
increases to 14.82.6 In column 3, we add firm-level control variables to the
first-stage regression. While none of the firm-level variables correlates with the

6Our results are confirmed when we directly use JIP as the instrumental variable.
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TABLE 3
First Stage: Predicting Patent Invalidation from Judges’ Voting Behavior

Table 3 summarizes the results from ordinary least squares (OLS) first-stage regressions of the patent invalidity decision
(INVALIDATED) on two instruments of patent invalidation. JIP (judges’ invalidation propensity) is the predicted probability
that the three-judge panel randomly assigned to the patent invalidity decision invalidates the focal patent. Predicted
invalidation is obtained from a probit regression of the patent invalidation dummy (INVALIDATED) on JIP and control
variables. The estimate in column 3 represents the first-stage estimate upon which the second-stage estimate of column
4 of Panel A of Table 4 is based. The reported instrumental variables (IV) test statistic is the Kleibergen–Paap (2006)
Wald rk F -statistic for weak identification. All control variables are measured at the end of the fiscal year before the patent
invalidity decision. Heteroscedasticity-robust standard errors clustered at the firm level are reported in parentheses below
the coefficients. All financial variables are winsorized at 1% and 99%. *, **, and *** denote statistical significance at 10%,
5%, and 1%, respectively. All variables are defined in Appendix B.

Dependent Variable: INVALIDATED

1 2 3

Instruments for Patent Invalidation
JIP (judges’ invalidation propensity) 0.990***

(0.300)

Predicted invalidation 1.088*** 1.116***
(0.283) (0.297)

Control Variables
BOOK_LEV −0.017

(0.218)

FIRM_SIZE −0.001
(0.016)

MARKET_TO_BOOK −0.003
(0.027)

PROFITABILITY 0.010
(0.320)

TANGIBILITY −0.009
(0.257)

Year fixed effects Yes Yes Yes
FF 48 industry fixed effects Yes Yes Yes

IV test 10.90 14.82 14.14
No. of obs. 579 579 579

Federal Circuit decision, JIP continues to reliably predict the court decision, with
an F-statistic of 14.14. Our first-stage regression estimates show that JIP meets
the relevance condition required for a valid instrument.

The exclusion restriction requires the correlation between the error term and
the instrument to be 0 (Wooldridge (2010)). In the context of this paper, the ex-
clusion restriction is fulfilled if the instrument JIP affects a firm’s leverage ratio
exclusively through the influence JIP has on the patent invalidity decision (i.e.,
INVALIDATED, the endogenous independent variable). Whether the exclusion
restriction is met cannot be formally tested because the error term is unobservable
(Angrist and Pischke (2009)). In our setting, however, the random assignment of
judges to court cases by a computer program supports the idea that the exclusion
restriction is met. As our instrument JIP is computed from three randomly as-
signed variables ( f X

p ), it is likely to be uncorrelated with variables other than the
patent invalidity decision.

B. Second-Stage Regression: The Effect of Intangible Capital on
Leverage
Panel A of Table 4 presents the main results of our empirical investigation

of the effect of intangible capital on leverage. As a benchmark, we first present
the results of simple OLS regressions that correlate leverage with the endogenous
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patent invalidity decision. In column 1, we present the result from regressing book
leverage in the year after the court decision on INVALIDATED and year and
industry fixed effects. The coefficient of patent invalidation is small (0.005) and
not statistically significant, suggesting no significant correlation between patent
invalidation and leverage. This result is affirmed if we account for observable
differences in determinants of leverage across firms in column 2.

To address endogeneity and move toward a causal estimate of the effect of in-
tangible capital on leverage, we next apply the instrumental variable research de-
sign described in Section II. The results from the second-stage regression shown in
column 3 of Panel A of Table 4 reveal a negative and statistically significant rela-
tionship between instrumented patent invalidation and leverage. Column 4 shows
that even after controlling for observable firm-level determinants of leverage and
industry and year fixed effects, an exogenous decrease in intangible capital, prox-
ied for by the invalidation of a patent, leads firms to reduce leverage. The esti-
mated coefficient of −0.141 is also economically meaningful, as it indicates that
a patent invalidation leads to a leverage reduction of 14.1 percentage points over
the next year (about 1 sample standard deviation).

It is important to note that the 2SLS estimate in column 4 of Panel A of Ta-
ble 4 documents a local average treatment effect (LATE, see Imbens and Angrist
(1994)) and is thus difficult to generalize. This LATE only reflects the effect of
patent invalidation on leverage for firms who would not have experienced patent
invalidation had they been assigned to different judges. Our results do not capture
the effect of intangible capital on leverage for firms whose patents would always
or never be invalidated, regardless of the leniency of the randomly assigned judge
panel.7

Given the specific setting of our study, the identified treatment effect is highly
local and the external validity of our results is likely limited (see, e.g., Angrist and
Pischke (2009)). The effect of intangible capital on leverage we document is valid
among firms who own at least one valuable patent, who choose to engage in costly
litigation at the appellate court to defend their patent (maybe because it is their
most valuable asset), and who keep or lose their patent solely due to the level
of strictness of the randomly assigned judge panel. Due to the substantial costs
associated with such litigation and the high value of the patents litigated, it is
reasonable to assume that the effect of patent invalidation will be relatively large
in our setting.

Our main finding of a reduction in intangible capital leading to lower lever-
age suggests that intangible capital supports leverage. The literature has so far
concluded that tangible assets, not intangible assets, support leverage (e.g., Frank
and Goyal (2009), Titman and Wessels (1988)). Tangible capital is believed to de-
crease expected distress costs (Lemmon and Zender (2010)) because it contains
low information asymmetry, which reduces debt-related agency problems (Long
and Malitz (1985)), and because it is easier to value, thereby adding to liquidation
value (Harris and Raviv (1991), Zou and Adams (2008)). However, as we noted

7The treatment effects literature refers to those firms as “always-takers” and “never-takers” of
treatment, respectively (e.g., Atanasov and Black (2016)).

486 Journal of Financial and Quantitative Analysis

https://doi.org/10.1017/S0022109020000071  Published online by Cam
bridge U

niversity Press

https://doi.org/10.1017/S0022109020000071


TABLE 4
Second Stage: Effect of Intangible Capital on Leverage

Panel A of Table 4 summarizes the results from ordinary least squares (OLS) (columns 1 and 2) and 2-stage least squares
(2SLS) (columns 3 and 4) regressions of BOOK_LEV on patent invalidation and control variables. In columns 1 and 2,
the patent invalidation dummy (INVALIDATED) is used as an explanatory variable. In columns 3 and 4, INVALIDATED
is instrumented by the predicted patent invalidation obtained from a probit regression of INVALIDATED on JIP and con-
trol variables. The dependent variable is measured at the end of the fiscal year after the patent invalidity decision. All
control variables are measured at the end of the fiscal year before the patent invalidity decision. In all regressions,
heteroscedasticity-robust standard errors clustered at the firm level are reported in parentheses below the coefficients.
All financial variables are winsorized at 1% and 99%. *, **, and *** denote statistical significance at 10%, 5%, and 1%,
respectively. All variables are defined in Appendix B. Panel B summarizes the results from 2SLS regressions of alternative
leverage measures on patent invalidation and control variables. Panel C summarizes the results from 2SLS regressions
of BOOK_LEV on patent invalidation and control variables under alternative empirical specifications. In column 1, control
variables are measured at the end of the fiscal year of the patent invalidity decision. In column 2, financial variables are
winsorized at 5% and 95%. In column 3, the dependent variable is the 1-year change in the book leverage ratio, com-
puted as the first difference from year t = 0 to year t +1. The control variables are the first differences measured between
year t −2 and year t −1. In column 4, we collapse the sample from the firm-invalidity decision level to the firm-case level.
We define case-level JIP as the mean JIP per case and set the invalidation dummy to 1 if at least one patent is invalidated
during the case, and 0 otherwise.

Panel A. Book Leverage
Dependent Variable: BOOK_LEV

Estimation Method OLS OLS 2SLS 2SLS

1 2 3 4

Invalidation 0.005 0.003 −0.212*** −0.141**
(0.017) (0.009) (0.082) (0.060)

BOOK_LEV 0.705*** 0.718***
(0.059) (0.064)

FIRM_SIZE −0.005 −0.004
(0.005) (0.006)

MARKET_TO_BOOK −0.003 0.003
(0.006) (0.007)

PROFITABILITY 0.053 0.037
(0.082) (0.099)

TANGIBILITY −0.059 −0.103
(0.068) (0.078)

Year fixed effects Yes Yes Yes Yes
FF 48 industry fixed effects Yes Yes Yes Yes

No. of obs. 579 579 579 579

Panel B. Alternative Leverage Measures

Dependent Variable

MARKET_ LEASE_ADJ_ NET_BOOK_ NET_DEBT_
LEV BOOK_LEV LEV ISSUER

1 2 3 4

Invalidation −0.132** −0.161** −0.140* −0.587**
(0.057) (0.079) (0.079) (0.262)

BOOK_LEV 0.629*** 0.748*** 0.667*** 0.128*
(0.069) (0.066) (0.055) (0.071)

FIRM_SIZE −0.001 −0.002 0.013* 0.019
(0.005) (0.005) (0.007) (0.020)

MARKET_TO_BOOK 0.000 0.001 −0.005 0.060**
(0.008) (0.008) (0.011) (0.030)

PROFITABILITY −0.012 −0.009 −0.085 −0.162
(0.087) (0.100) (0.131) (0.406)

TANGIBILITY −0.026 −0.103 −0.040 −0.052
(0.060) (0.083) (0.090) (0.290)

Year fixed effects Yes Yes Yes Yes
FF 48 industry fixed effects Yes Yes Yes Yes

No. of obs. 554 503 579 577
(continued on next page)

487Horsch, Longoni, and Oesch

https://doi.org/10.1017/S0022109020000071  Published online by Cam
bridge U

niversity Press

https://doi.org/10.1017/S0022109020000071


TABLE 4 (continued)
Second Stage: Effect of Intangible Capital on Leverage

Panel C. Alternative Empirical Specifications

Dependent Variable: BOOK_LEV

Estimation Method Control Financials Change on Unit of
Variables at Winsorized at Changes Observation:

t =0 5% and 95% Regression Firm-Case

1 2 3 4

Invalidation −0.118*** −0.116** −0.069** −0.099**
(0.044) (0.053) (0.031) (0.041)

BOOK_LEV 0.499*** 0.761*** −0.293* 0.711***
(0.134) (0.053) (0.153) (0.065)

FIRM_SIZE 0.002 −0.004 0.046*** −0.003
(0.006) (0.004) (0.014) (0.005)

MARKET_TO_BOOK −0.005 0.004 0.011** −0.004
(0.003) (0.008) (0.005) (0.006)

PROFITABILITY −0.019 0.046 −0.225** 0.032
(0.060) (0.104) (0.091) (0.083)

TANGIBILITY −0.017 −0.089 −0.021 −0.034
(0.066) (0.069) (0.130) (0.066)

Year fixed effects Yes Yes Yes Yes
FF 48 industry fixed effects Yes Yes Yes Yes

No. of obs. 563 579 551 372

in Section I, Graham et al. (2015) point out that asset tangibility has generally
decreased over the past decades, while leverage ratios have increased.

Our result presents one possible explanation for the incomplete tangibility–
leverage relationship: Intangible capital seems to be an important support of lever-
age, which might explain the positive correlation between intangible capital and
leverage presented by other studies (e.g., Larkin (2013), Lim et al. (2019)). Note
that some earlier studies use book intangible assets divided by total book assets
as a proxy for asset intangibility (e.g., Titman and Wessels (1988)). Given that in-
tangible assets are normally unrecognized in balance sheets (Barth et al. (2001)),
any estimate obtained from a regression of leverage on a measure containing book
intangible assets is likely biased and inconsistent. The lack of an obvious measure
for intangible capital creates a degree of freedom that allows our finding to com-
plement rather than contradict previous studies. While firms with a high fraction
of tangible capital in their balance sheet may exhibit higher leverage, our study
suggests that intangible capital causally supports leverage.

C. Robustness Tests
We next present the results from robustness tests to demonstrate that our

main result (shown in column 4 of Panel A of Table 4) is not particular to the
specific leverage measure or the specific empirical specification we use.

In Panel B of Table 4, we present 2SLS estimates of the effect of a loss
in intangible capital, proxied for by patent invalidations, on several alternative
leverage measures. In column 1, we use market leverage instead of book leverage.
While book leverage is more relevant for managers when making capital structure
decisions (Graham and Harvey (2002)) and is a cleaner measure of debt policy
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(Heider and Ljungqvist (2015)), market leverage is more relevant for theoretical
predictions related to target leverage ratios (Serfling (2016)). We find that the
effect of patent invalidation on market leverage is significant and nearly identical
to book leverage.

In column 2 of Panel B of Table 4, the dependent variable is lease-adjusted
book leverage. Not accounting for operating leases may result in the underes-
timation of a firm’s true magnitude of leverage (Eisfeldt and Rampini (2009),
Rampini and Viswanathan (2013), and Rauh and Sufi (2012)). We find that using
lease-adjusted leverage does not change the inferences from our main result. In
column 3, we use net book leverage as the dependent variable. Our main find-
ing of a significantly negative effect of a loss of intangible capital on leverage
is again confirmed when we use this measure. In column 4, we use the net debt
issuer dummy as the dependent variable. We find that net debt issuance decreases
significantly after a patent invalidation. Thus, all alternative leverage measures
confirm our main result that intangible capital affects leverage.

In Panel C of Table 4, we document that our main finding is robust to changes
to our empirical implementation of the instrumental variable research design.
First, we test whether our result depends on measuring firm-level control vari-
ables at t − 1. One could worry that other developments occurring between t − 1
and t + 1 (when the dependent variable is measured) could contribute to the effect
we document. We thus reduce the lag between the control variables and the out-
come variable by shifting the control variables closer to the invalidity decision. In
column 1, we present the results of measuring control variables at t = 0 (i.e., in the
year of the court decision). We again find that patent invalidation leads to lower
leverage. Unreported results also show that measuring the control variables in the
year after the invalidity decision does not critically affect our main result.

We vary our choice of outlier treatment and winsorize the top and bottom
5% of all financial variables instead of the top and bottom 1% in column 2 of
Panel C of Table 4. This different outlier treatment does not substantially change
our results, and we continue to find a significantly negative effect of instrumented
patent invalidation on leverage. The same holds if we do not winsorize our data at
all or if we winsorize at the top and bottom 10% (not reported).

In column 3 of Panel C of Table 4, we run a regression of changes in leverage
on changes in control variables (following, e.g., Heider and Ljungqvist (2015),
Leary and Roberts (2014)), to address concerns over potential omitted firm-level
characteristics. The dependent variable is the 1-year change in the book leverage
ratio, computed as the first difference between year t = 0 and year t+1. The
control variables are the first differences measured between year t−2 and year
t−1. The estimated coefficient (−0.069, t-value of −2.24) suggests a significant
negative effect of patent invalidation on the change in leverage, which implies that
unobserved firm-specific variables do not unduly influence our results.

As a last robustness check, we modify the unit of observation of our analysis.
For this test, we collapse our sample from the firm-invalidity decision level used in
the analyses presented so far to the firm-case level. Sample size decreases because
some Federal Circuit court opinions present multiple patent invalidity decisions
(i.e., the court opinions contain invalidity decisions for several patents). We define
case-level JIP as the mean JIP per case and set the invalidation dummy to 1 if at

489Horsch, Longoni, and Oesch

https://doi.org/10.1017/S0022109020000071  Published online by Cam
bridge U

niversity Press

https://doi.org/10.1017/S0022109020000071


least one patent is invalidated during the case, and 0 otherwise. In column 4 of
Panel C of Table 4, we show that we still find a significantly negative effect of
patent invalidation on leverage when using this alternative unit of observation.

V. Heterogeneous Effects of Intangible Capital on Leverage
Table 5 presents the results from our tests of heterogeneous treatment effects.

We study whether the treatment effect depends on firms’ use of patent collateral,
distance-to-default and size.8

Prior research shows that firms increasingly use patents as collateral to
obtain credit financing (Loumioti (2013), Mann (2018)). Following Hochberg
et al. (2018), and as described in Section III.E, we identify 45 firm-invalidity
decisions in which a patent was pledged as collateral under a lending agreement
at the time of the patent invalidity decision. PATENT_IS_COLLATERAL equals
1 for these observations, and 0 for all others. The results presented in column 1 of
Table 5 reveal a negative and statistically significant (at the 10% level) coefficient
of −0.284 on the interaction term Invalidation × PATENT_IS_COLLATERAL.
This estimate indicates that firms reduce leverage significantly more after los-
ing a patent that serves as loan collateral (compared to firms losing a patent that
is not used as collateral). The coefficient on instrumented invalidation (−0.106),
which in this regression captures the causal effect of patent invalidation on lever-
age when patents are not collateral, is also negative and significant, suggesting
that the collateral channel is not the only driver behind our main finding.

Next, we investigate whether the debt-supporting role of intangible capital is
more pronounced for borrowers closer to default. Possibly, these firms have ex-
hausted most or all of their debt capacity; thus, a sudden loss in intangible capital
might disproportionately affect their capital structure. We proxy for creditworthi-
ness with a firm’s distance-to-default measured by the modified Z-score.9 We split
our sample using the median Z-score (MODIF_Z_SCORE) measured at the end
of the fiscal year prior to the invalidity decision to ensure that the outcome of the
invalidity decision does not affect the sample split. In column 2 of Table 5, we
find a statistically significant coefficient on the interaction term (Invalidation ×
LOW_Z_SCORE) of −0.151. This estimate indicates that firms closer to default
reduce leverage significantly more after experiencing a patent invalidation (com-
pared to firms with higher Z-scores). For firms with a higher distance-to-default,
the insignificant coefficient of −0.062 on instrumented invalidation suggests a
comparatively weaker leverage-supporting role of intangible capital.

Finally, we also investigate whether the effect of patent invalidation on lever-
age varies with firm size. Column 3 of Table 5 presents the results. We again split
the sample, this time using the median size measured at the end of the fiscal year
prior to the invalidity decision. The estimated coefficient on the interaction term
(Invalidation × SMALL_FIRM) is negative (−0.148) and statistically significant

8In unreported results, we also test whether firms’ patent invalidation history could impact the
effect uncovered so far. We find that the effect of an additional patent invalidation on leverage is
smaller (albeit not statistically significantly so) compared to a first-time patent invalidation.

9Our inferences remain unchanged if we instead use interest coverage as a proxy for
creditworthiness.
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TABLE 5
Second Stage with Interactions: Heterogeneous Effects of Intangible Capital on Leverage

Table 5 summarizes the results from interacted 2-stage least squares (2SLS) regressions of BOOK_LEV on patent in-
validation and control variables. We estimate the interacted 2SLS regressions as follows: We first compute the binary
interaction terms (PATENT_IS_COLLATERAL, LOW_Z_SCORE, and SMALL_FIRM), which take on values of 1 or 0. For
each specification, we then multiply the endogenous independent variable, INVALIDATED, with the interaction dummy.
We then estimate a probit regression of INVALIDATED on JIP, the interaction dummy, and the control variables. We use this
estimate to predict instrumented patent invalidation, the primary instrumental variable. We then multiply the instrumented
patent invalidation with the interaction dummy to obtain a second instrument. Finally, we run a 2SLS regression, where
two endogenous variables, INVALIDATED and INVALIDATED multiplied by the interaction dummy, are instrumented by
instrumented patent invalidation and instrumented patent invalidation multiplied by the interaction dummy. The depen-
dent variable is measured at the end of the fiscal year following the patent invalidity decision. All control variables are
measured at the end of the fiscal year before the patent invalidity decision. Heteroscedasticity-robust standard errors
clustered at the firm level are reported in parentheses below the coefficients. All financial variables are winsorized at
1% and 99%. *, **, and *** denote statistical significance at 10%, 5%, and 1%, respectively. All variables are defined in
Appendix B.

Dependent Variable: BOOK_LEV

1 2 3

Invalidation −0.106* −0.062 −0.071
(0.062) (0.058) (0.052)

Invalidation × −0.284*
PATENT_IS_COLLATERAL (0.167)

PATENT_IS_COLLATERAL 0.114*
(0.069)

Invalidation × LOW_Z_SCORE −0.151**
(0.073)

LOW_Z_SCORE 0.057
(0.038)

Invalidation × SMALL_FIRM −0.148*
(0.078)

SMALL_FIRM 0.077*
(0.042)

BOOK_LEV 0.715*** 0.707*** 0.706***
(0.063) (0.072) (0.071)

FIRM_SIZE −0.005 −0.005 −0.002
(0.005) (0.006) (0.008)

MARKET_TO_BOOK 0.003 0.001 0.005
(0.007) (0.008) (0.008)

PROFITABILITY 0.045 0.019 −0.002
(0.092) (0.105) (0.113)

TANGIBILITY −0.091 −0.121 −0.074
(0.076) (0.084) (0.081)

Year fixed effects Yes Yes Yes
FF 48 industry fixed effects Yes Yes Yes

No. of obs. 579 569 579

at the 10% level. This finding shows that smaller firms suffer significantly more
from a loss of intangible capital than larger firms, possibly because they could find
it harder to convey information related to this event to capital providers. While
capital providers of larger firms have access to a wealth of information about
these firms, there is considerably less information available for smaller firms.

VI. How Does the Deleveraging after Patent Invalidation
Materialize?

In this final section, we investigate the channel through which our main re-
sult (the leverage reduction following patent invalidation) takes effect. To this
end, we document the results of two sets of additional and more granular capi-
tal structure regressions, which are based on arguments from recent research on
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corporate deleveraging (Dangl and Zechner (2018), DeAngelo et al. (2018)).10

Table 6 presents the results. In Panel A, we show how patent invalidations could
drive deleveraging through the debt channel (i.e., by motivating firms to reduce
short-term and/or long-term debt). In Panel B, we show how patent invalidations
might affect deleveraging via the equity channel (i.e., by leading firms to increase
retained earnings and/or to issue new equity).11

In column 1 of Panel A of Table 6, we test whether patent invalidations af-
fect firms’ short-term leverage. The second-stage regression yields a coefficient
of −0.052 on instrumented patent invalidation (statistically significant at the 5%
level), indicating that firms reduce short-term leverage after a patent invalidation.
This estimated coefficient is also economically significant, as it indicates that a
patent invalidation leads to a reduction of short-term leverage of 5.2 percentage
points (about 1 sample standard deviation). As the dependent variable is a ratio,
a reduction could be explained by a patent invalidation causing a decrease in the
numerator (i.e., in short-term debt) and/or an increase in the denominator (i.e., in
total assets); hence, it would be premature to conclude from this finding that firms
reduce short-term debt after losing intangible capital.12

To learn whether firms in fact reduce short-term debt following a patent in-
validation, we use the percentage change in short-term debt, which is unaffected
by changes in total assets, as the dependent variable in column 2 of Panel A of
Table 6. The 2SLS regression estimates a coefficient of −7.193 for instrumented
patent invalidation. While this coefficient is statistically significant at the 5% level,
its size indicates that it may be inflated by outliers in the distribution of the de-
pendent variable. To obtain a less distorted estimate of the impact of patent in-
validations on short-term debt, in column 3 we express the change in short-term
debt as a fraction of lagged total assets.13 We lag total assets by 1 year to ensure
they are not yet affected by the outcome of the patent invalidity decision. The sta-
tistically significant negative coefficient of −0.053, combined with the result of
column 2, suggests that reductions in short-term debt are meaningful drivers of
the documented reduction in short-term leverage.

We next analyze how patent invalidations affect long-term leverage and long-
term debt. In column 4 of Panel A of Table 6, the dependent variable is long-
term leverage. The estimated coefficient (−0.090, t-value of −1.75) suggests that
a patent invalidation leads to significantly lower long-term leverage. As noted
above, the negative coefficient could indicate that patent invalidations trigger a

10DeAngelo et al. (2018) study firms deleveraging from historical leverage peaks and find that debt
repayment (which reduces both the leverage ratio’s numerator and denominator), earnings retention,
and equity issuance (which both increase the leverage ratio’s denominator) drive deleveraging, with
debt repayment being the strongest deleveraging channel. Dangl and Zechner (2018) show that debt
maturity may affect deleveraging.

11The loss of observations in columns 2 and 5 of Panel A of Table 6 is mainly caused by firms ex-
hibiting 0 short- or long-term debt, respectively, in the year of or before the patent invalidity decision.

12Speaking to this point, DeAngelo et al. (2018) show that around 18% of firms even increase debt
while deleveraging.

13This alternative definition provides two benefits compared to the percentage change in short-
term debt used in column 2 of Table 6. First, dividing by lagged total assets reduces the range of the
distribution of the dependent variable. Second, this definition allows us to compute short-term debt
changes for firms that reported 0 short-term debt in the year of the patent invalidity decision.
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TABLE 6
Second Stage: How Does the Deleveraging after Patent Invalidation Materialize?

Table 6 summarizes the results from 2-stage least squares (2SLS) regressions of leverage indicators related to the debt
channel (Panel A) and to the equity channel (Panel B), respectively, on patent invalidation and control variables. As in
column 4 of Panel A of Table 4, the patent invalidation dummy (INVALIDATED) is instrumented by the predicted patent
invalidation obtained from a probit regression of INVALIDATED on JIP and control variables. Each dependent variable is
measured at the end of the fiscal year following the patent invalidity decision. All control variables are measured at the
end of the fiscal year before the patent invalidity decision. Heteroscedasticity-robust standard errors clustered at the firm
level are reported in parentheses below the coefficients. All financial variables are winsorized at 1% and 99%. *, **, and
*** denote statistical significance at 10%, 5%, and 1%, respectively. All variables are defined in Appendix B.

Panel A. Debt Channel

Dependent Variable

SHORT_ ∆_SHORT_ ∆_SHORT_ LONG_ ∆_LONG_ ∆_LONG_
TERM_ TERM_ TERM_ TERM_ TERM_ TERM_
LEV DEBT_% DEBT_%_LA LEV DEBT_% DEBT_%_LA

1 2 3 4 5 6

Invalidation −0.052** −7.193** −0.053** −0.090* −0.126 −0.042
(0.025) (3.641) (0.026) (0.052) (0.412) (0.064)

Lagged dep. var. 0.381*** −0.027 −0.157*** 0.648*** 0.030 0.091
(0.083) (0.095) (0.054) (0.068) (0.048) (0.101)

FIRM_SIZE 0.001 −0.015 −0.000 −0.002 −0.003 −0.006
(0.002) (0.408) (0.002) (0.005) (0.033) (0.005)

MARKET_TO_BOOK 0.004 0.782 0.005* −0.005 0.080 −0.003
(0.003) (0.726) (0.003) (0.007) (0.061) (0.007)

PROFITABILITY −0.070* −3.186 −0.008 0.123 −0.243 0.164*
(0.039) (11.287) (0.033) (0.095) (0.689) (0.091)

TANGIBILITY −0.001 −12.587** −0.015 −0.072 −0.596 −0.081
(0.025) (5.337) (0.025) (0.071) (0.404) (0.066)

Year fixed effects Yes Yes Yes Yes Yes Yes
FF 48 industry fixed effects Yes Yes Yes Yes Yes Yes

No. of obs. 579 486 578 579 491 577

Panel B. Equity Channel

Dependent Variable

RE_TO_ ∆_RE_%_ EQ_TO_ EQ_ ∆_EQ_TO_
ASSETS LA ASSETS ISSUANCE ASSETS_%_LA

1 2 3 4 5

Invalidation −0.207 0.111 0.438 −0.050 0.111
(0.395) (0.068) (0.379) (0.467) (0.102)

Lagged dep. var. 0.717*** 0.203* 0.680*** −0.023 0.082
(0.162) (0.123) (0.162) (0.027) (0.115)

FIRM_SIZE 0.060 0.007 −0.073 −0.061 −0.023**
(0.047) (0.006) (0.047) (0.040) (0.010)

MARKET_TO_ 0.007 −0.006 0.003 −0.058 0.004
BOOK (0.058) (0.008) (0.064) (0.060) (0.016)

PROFITABILITY 2.144 0.226* −2.482* 0.440 −0.719***
(1.475) (0.119) (1.466) (0.624) (0.230)

TANGIBILITY 0.018 0.085 0.154 −0.263 0.122
(0.386) (0.059) (0.385) (0.334) (0.092)

Year fixed effects Yes Yes Yes Yes Yes
FF 48 industry fixed effects Yes Yes Yes Yes Yes

No. of obs. 578 575 578 575 575

reduction in long-term debt and/or an increase in long-term leverage’s denomina-
tor. To clarify whether long-term debt reductions may drive the deleveraging after
patent invalidations, we next show how patent invalidations affect the percentage
change in long-term debt in column 5. We obtain a negative and statistically in-
significant coefficient on instrumented invalidation (−0.126, t-value of −0.31).
The insignificant effect of patent invalidations on long-term debt is confirmed in
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column 6, where the change in long-term debt is divided by lagged total assets (in
the spirit of column 3 for short-term debt). The estimated coefficient on instru-
mented invalidation (−0.042) is statistically insignificant with a t-value of−0.65.
The mixed evidence presented in columns 4–6 indicates that firms seem to pri-
marily deleverage by reducing short-term debt.

In Panel B of Table 6, we present 2SLS estimates of the effect of patent inval-
idation on measures of earnings retention (columns 1 and 2) and equity issuance
(columns 3–5). DeAngelo et al. (2018) find that both channels can contribute sub-
stantially to firms’ deleveraging (albeit to a lesser degree than debt repayments).

We examine how a patent invalidation affects the ratio of retained earnings
to total assets in column 1 of Panel B of Table 6. The 2SLS regression returns
a coefficient of −0.207 on instrumented patent invalidation. The coefficient is
statistically insignificant (t-value of −0.52), suggesting that a patent invalidation
does not affect the ratio of retained earnings to total assets. In column 2, the de-
pendent variable is the change in retained earnings divided by lagged total assets.
The coefficient on instrumented invalidation is positive (0.111) and statistically
insignificant, indicating that after patent invalidations, firms do not increase re-
tained earnings relative to lagged total assets. Note, however, that the t-value of
the estimated coefficient on instrumented invalidation is 1.64, which is close to
the threshold for statistical significance at the 10% level.

In column 3 of Panel B of Table 6, the dependent variable is the ratio of com-
mon equity minus retained earnings to total assets. The second-stage regression
returns a statistically insignificant coefficient of 0.438 for instrumented invali-
dation, indicating no significant effect of patent invalidation on the equity (less
retained earnings)-to-assets ratio. In column 4, we define equity issuance as the
percentage change in equity less retained earnings. The estimated coefficient of
−0.050 is insignificant (t-value of −0.11), implying that firms do not seem to
issue new equity after a patent invalidation. In column 5, we divide the change
in equity minus retained earnings by lagged assets, and the coefficient on instru-
mented invalidation is again insignificant (t-value of 1.09). Columns 3–5 indicate
that equity issuance does not seem to drive the deleveraging after patent invalida-
tions that we document in our main finding.

VII. Conclusion
This study provides a potential explanation for the incomplete tangibility–

leverage relationship (Graham et al. (2015)) by documenting the existence of a
substantial, positive, and causal effect of intangible capital on leverage. We show
that a patent invalidation (a proxy for a reduction in a firm’s intangible capital)
leads to a 14.1 percentage point reduction in leverage over the next year. A bat-
tery of robustness tests confirms this finding. We also document heterogeneity in
the treatment effect. First, we show that, for firms that explicitly use their intan-
gible assets to obtain debt financing (in the form of patent collateral), intangible
capital is a key support for leverage. Second, we document that for firms closer to
default and for smaller firms, the decrease in leverage after a patent invalidation
is more pronounced. More granular capital structure regressions reveal that the
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deleveraging triggered by a loss of intangible capital is the result of substantial
reductions in short-term debt.

Our findings indicate that intangible capital is a relevant leverage-supporting
device. The instrumental variable research design used in this paper permits
for this causal interpretation of our findings. The identification strategy follows
Galasso and Schankerman (2015) and exploits shocks to firms’ intangible capi-
tal, which we obtain from hand-collected patent invalidations by the U.S. Court
of Appeals for the Federal Circuit. The random assignment of judges to cases at
this court, combined with heterogeneity in judge leniency, make for a plausible
instrument for an exogenous loss of intangible capital at the firm level, thereby
mitigating endogeneity concerns.

Appendix A. Judges’ Individual Patent Invalidation
Propensities

Appendix A summarizes the individual patent invalidation propensities for the 25
Federal Circuit judges most frequently present in our sample. A judge’s individual patent
invalidation propensity is computed per patent invalidity decision as the ratio of all of her
votes in favor of patent invalidation divided by all of her votes on patent validity over the
judge’s entire Federal Circuit career and excluding the patent invalidity decision at hand.
Following Galasso and Schankerman (2015), we record a patent invalidity decision as a
patent invalidation if the three-judge panel invalidates at least one claim of a focal patent.

Judge’s Individual
No. of Patent Patent Invalidation Propensity

Judge Invalidity Decisions (% of votes in favor of patent invalidity)

Newman 142 18
Bryson 134 57
Rader 131 39
Lourie 114 47
Prost 111 54
Dyk 104 61
Mayer 99 49
Gajarsa 91 48
Michel 83 40
Linn 72 49
Clevenger 67 46
Schall 64 45
Archer 50 36
Plager 49 51
Moore 48 63
Wallach 36 22
Markey 36 50
Rich 31 26
Friedman 31 42
O’Malley 29 48
Davis 25 48
Reyna 21 38
Smith 21 24
Nies 19 32
Cowen 17 41
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Appendix B. Variable Definitions
Appendix B presents definitions and Compustat variable names used in this article.

Patent Invalidity Decision Variables
INVALIDATED: Equals 1 if the Federal Circuit invalidates at least one patent claim, and

0 otherwise.

JIP (judges’ invalidation propensity): Predicted propensity of the judge panel randomly
assigned to a Federal Circuit court case to invalidate a patent, based on judges’
historical invalidation votes observed in other patent validity cases.

Dependent Variables
BOOK_LEV: (dltt + dlc)/at

MARKET_LEV: (dltt + dlc)/(prcc_f × cshpri + dltt + dlc + pstkl − txditc)

LEASE_ADJ_BOOK_LEV: (dltt + dlc + xrent × 10)/(at + xrent × 10)

NET_BOOK_LEV: (dltt + dlc − che)/at

NET_DEBT_ISSUER: Equals 1 if (dltt + dlc − (l.dltt + l.dlc))/l.at exceeds 0.01, and 0
otherwise.

SHORT_TERM_LEV: dlc/at

∆_SHORT_TERM_DEBT_%: (dlc − l.dlc)/l.dlc

∆_SHORT_TERM_DEBT_%_LA: (dlc − l.dlc)/l.at

LONG_TERM_LEV: dltt/at

∆_LONG_TERM _DEBT_%: (dltt − l.dltt)/l.dltt

∆_LONG_TERM _DEBT_%_LA: (dltt − l.dltt)/l.at

RE_TO_ASSETS re/at

∆_RE_%_LA: (re − l.re)/l.at

EQ_TO_ASSETS: (ceq − re)/at

EQ_ISSUANCE: ((ceq − re) − (l.ceq − l.re))/(l.ceq − l.re)

∆_EQ_TO_ASSETS_%_LA: ((ceq − re) − (l.ceq − l.re))/l.at

Further Variables
CIT_RECEIVED: Number of times a patent is cited according to data from the NBER

Patent Data Project, adjusted for truncation using the adjustment factor by Hall
et al. (2001).

NUMBER_OF_CLAIMS: Number of patent claims, according to data from the NBER
Patent Data Project.

CIT_RECEIVED_PER_CLAIM: Citations received divided by number of claims.

PATENT_VALUE_NOMINAL: Kogan et al. (2017) patent value in millions nominal
USD, according to data obtained from N. Stoffman’s website (https://kelley.iu
.edu/nstoffma).

PATENT_VALUE_2017: Patent value in millions nominal USD, adjusted for inflation
using the GDP Implicit Price Deflator published by the Federal Reserve Bank of St.
Louis (FRED).

FIRM_SIZE: log(sale)

MARKET_TO_BOOK: (prcc_f × cshpri + dltt + dlc + pstkl − txditc)/at

496 Journal of Financial and Quantitative Analysis

https://doi.org/10.1017/S0022109020000071  Published online by Cam
bridge U

niversity Press

https://kelley.iu.edu/nstoffma
https://kelley.iu.edu/nstoffma
https://kelley.iu.edu/nstoffma
https://kelley.iu.edu/nstoffma
https://kelley.iu.edu/nstoffma
https://kelley.iu.edu/nstoffma
https://kelley.iu.edu/nstoffma
https://kelley.iu.edu/nstoffma
https://kelley.iu.edu/nstoffma
https://kelley.iu.edu/nstoffma
https://kelley.iu.edu/nstoffma
https://kelley.iu.edu/nstoffma
https://kelley.iu.edu/nstoffma
https://kelley.iu.edu/nstoffma
https://kelley.iu.edu/nstoffma
https://kelley.iu.edu/nstoffma
https://kelley.iu.edu/nstoffma
https://kelley.iu.edu/nstoffma
https://kelley.iu.edu/nstoffma
https://kelley.iu.edu/nstoffma
https://kelley.iu.edu/nstoffma
https://kelley.iu.edu/nstoffma
https://kelley.iu.edu/nstoffma
https://kelley.iu.edu/nstoffma
https://kelley.iu.edu/nstoffma
https://kelley.iu.edu/nstoffma
https://kelley.iu.edu/nstoffma
https://kelley.iu.edu/nstoffma
https://kelley.iu.edu/nstoffma
https://kelley.iu.edu/nstoffma
https://kelley.iu.edu/nstoffma
https://kelley.iu.edu/nstoffma
https://kelley.iu.edu/nstoffma
https://doi.org/10.1017/S0022109020000071


PROFITABILITY: oibdp/at

TANGIBILITY: ppent/at

PATENT_IS_COLLATERAL: Equals 1 if the patent is assigned as collateral in a loan
agreement at the time of the invalidity decision (data from USPTO assignment
database), and 0 otherwise.

MODIF_Z_SCORE: (3.3 × pi + sale + 1.4 × re + 1.2 × (act − lct))/at
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