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Abstract 

 

This thesis examines three important issues of corporate finance. The first essay discusses the 

effect of bank merger event on the labor market and the second and third essay discuss the 

troll-like patent litigation, which is a new phenomenon in the finance literature.  

 The U.S. market for corporate control has grown strongly over the last decade, with the 

annual number of mergers and acquisitions (M&As) rising steadily over that time. This growth, 

combined with concerns around wage stagnation, income inequality, and intensifying employer 

concentrations, has seen antitrust authorities, legislators and U.S federal courts increasingly 

focused on labor markets, in particular labor practices and monopsony market power in 

mergers. Central to their interest is whether merger synergies achieved from business 

consolidation, such as redundancy removal or market expansion, pass through labor forces 

(Synergy hypothesis) or, rather, mergers strengthen employer power, limit the bargaining 

power of employees and place a downward pressure on wages (Monopsony hypothesis). The 

divergence of these theoretical predictions make it imperative and policy-informative to 

understand whether, and under what circumstances, synergy realization is large enough to 

dominate monopsony market power. Against this backdrop, the first essay investigates the 

impact of commercial bank mergers and acquisitions (M&As) on the local labor markets. It 

finds that the bank M&A events have a positive spillover effect on the local bank wages. This 

effect is most pronounced in the high-synergy mergers, in markets that are competitive, and in 

markets that are dominated by acquirers, large banks, or national peers. Our results are robust 

to controlling for the endogeneity of M&A events and the effect of local economic conditions. 

Taken together, our findings provide evidence that merger synergies dominate monopsony 

power in commercial bank wage determination.  
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 The second essay investigates the impact of non-practicing entity (NPE) patent 

litigation on the delisting of the firms in the U.S. stock market. NPEs or “patent trolls” are the 

entities who do not own patents for the purpose of producing or selling the goods. They 

purchase the patent right for the sake of receiving the fee or commission. They exploit this right 

by sporadically sending demand letters to the patents alike. Using a sample of high-tech and 

patent intensive firms from the U.S. market between 2000 and 2019, we find that the frivolous 

patent trolling by the NPEs is positively associated with the delisting decision of the defendant 

firms. This result is more pronounced when the firms are small, young, under distress and 

experience negative sentiment in the market. The causality of this relationship is ensured by 

using the Anti-troll law targeted to curb the threat of NPE trolls. We also find that this effect is 

influenced by the cost of NPE litigation and that going private can significantly mitigate the 

threat of NPE trolls.  

 The third essay investigates the impact of media coverage on the nonpracticing entity 

(NPE) patent litigation to the defendant firms. Using a sample of high-tech and patent intensive 

firms from the U.S. market between 2000 and 2019, it finds that the highly visible firms are 

vastly targeted by the NPEs. This result is more pronounced when the firms are large and 

experience positive sentiment in the market. We ensure the causality of this relationship by 

using Anti-troll law targeted to curb the threat of NPE trolls as a natural experiment and 

distance from the nearest news branch as an instrumental variable. We also find that after suing 

the target firms, the return of the plaintiff or the NPE firm goes up. In contrast, threat of NPE 

litigation reduces the return of the defendant firms. 
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Merger Synergies and Local Wages:  

Evidence from Bank Mergers and Acquisitions  

 

Nhan Le, Emma Schultz, and Sayla Sowat Siddiqui 

 

Abstract 

This paper investigates the impact of commercial bank mergers and acquisitions (M&As) on 

local labor markets. Testing reveals not only that these M&A events have a positive spillover 

effect on local bank wages, but that these wage effects are positively associated with the 

likelihood of high-synergy mergers in markets that are competitive or in those that are 

dominated by acquirers, large banks, or national peers. These results are robust to controlling 

for the endogeneity of M&A events, the effect of local economic conditions and composition 

changes in local labor markets. Taken together, our findings provide evidence on instances 

where merger synergies can dominate the effect of monopsony power in wage setting and, 

hence, help explain the recent evolution of wages in the banking industry. 

Keywords: Bank merger; Labor; Proximity; Location 

JEL classification: J30, J01, G34, G20. 
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1. Introduction  

The U.S. market for corporate control has grown strongly over the last decade, with the annual 

number of mergers and acquisitions (M&As) rising steadily over that time.1 This growth, 

combined with concerns around wage stagnation, income inequality, and intensifying employer 

concentrations,2 has seen antitrust authorities, legislators and U.S federal courts increasingly 

focused on labor markets, in particular labor practices and monopsony market power in 

mergers.3 Central to their interest is whether merger synergies achieved from business 

consolidation, such as redundancy removal or market expansion, pass through labor forces 

(Synergy hypothesis) or, rather, mergers strengthen employer power, limit the bargaining 

power of employees and place a downward pressure on wages (Monopsony hypothesis). The 

divergence of these theoretical predictions make it imperative and policy-informative to 

understand whether, and under what circumstances, synergy realization is large enough to 

dominate monopsony market power. 

Against this backdrop, this paper investigates the effect of commercial bank (bank) 

M&A events on local banking labor markets. We focus on M&A activities in the banking 

industry for several reasons. First, the U.S. financial sector has grown rapidly over the past few 

decades (Philippon, 2007), with Bureau of Economic Analysis (BEA) statistics showing that, 

in 2019, the financial and insurance services industry housed 5.2% of the private sector’s high-

paying jobs and produced 8.1% of its gross domestic product (GDP). Second, as banking is a 

service industry, workers’ skills are relatively generalized and, therefore more easily 

 
1 2018 Deloitte report, “The state of the deal – M&A trends 2018”. 
2 For example, see Autor et al. (2008) and Song et al. (2018) for wage stagnation, Meyer and Sullivan (2013) for 

income inequality, and Gutiérrez and Philippon (2017) or Grullon et al. (2019) for employer concentrations. 
3 In 2017, Senator Amy Klobuchar introduced S.3267 “Consolidation Prevention and Competition Promotion Act 

of 2021” to reform antitrust laws to better protect the interests of American consumers and workers in merger 

activity. In July 2021, President Biden signed Executive Order 14036, Promoting Competition in the American 

Economy that underscores the interests of American workers in merger enforcements. On November 29, 2021, the 

U.S. District Court for the Eastern District of Texas became the first federal court to rule that wage fixing between 

horizontal competitors can be considered a criminal violation of the antitrust laws. On December 7 and 16, 2021, 

the Antitrust Division introduced 6 additional criminal indictments for a so-called “no-poach agreement” between 

horizontal competitors.  
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transferrable to other industries, creating more extra-industry employment opportunities 

relative to the specialized workers in the manufacturing sector. Third, as wage returns to project 

size and the elasticity of project size to talent are significantly higher in the finance industry 

than in other sectors (Célérier and Vallée, 2019), the wages of banking employees are 

positively associated with post-merger increases in scale. Finally, the granularity of bank 

branching network data allows us to identify the location of any M&A effects,4 with the 

substantial variation in bank branching networks across states and time, offering a dynamic 

setting for our empirical analysis.5 

We employ data from 1981 to 2018 to provide this much-needed evidence. Our baseline 

testing reveals a positive relationship between M&A events and local wages. The relationship 

is not only statistically but also economically significant: An M&A event increases the average 

local wage by 1.2%, or 17% of the average annual wage growth of 6.8% p.a. Moreover, the 

relationship is robust to controlling for local labor market concentration, macroeconomic 

conditions, location fixed effects, and time-varying local economic outlook measures, 

including local labor demand, supply, and labor quality. Finally, the relationship is not 

explained by changes in local labor market composition. 

Subsequent analysis sheds light on the timing and persistence of the local wage effect, 

suggesting that the effects are observable in the year of the M&A event, decline for two years 

thereafter. The transitory nature of the effect suggests it is unlikely to be confounded by other 

long-term, persistent unobservable factors that cannot be captured in our model. Taken 

 
4 During our sample period, U.S. labor markets became increasingly localized (Molloy et al., 2016, 2011). Barriers 

to worker mobility include, but are not limited to, search costs, heterogeneous location preferences, housing 

affordability, non-compete agreements, and interstate variations in occupational licensing regulation (Molloy et 

al., 2016; Kaplan and Schulhofer-Wohl, 2017). As such, we argue that any labor market effect of M&A events 

will most likely originate locally. 
5 Our analysis suggests that the total number of bank branches increased consistently between 1981 and 2011 

before declining gradually from 2012 onward. The analysis also reveals remarkable interstate state and time-series 

variation in bank branch networks. 
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together, our baseline results are consistent with synergies dominating monopsony power in 

bank wage determination. 

A possible counter-argument is that our results are simply an artefact of local economic 

conditions, or that thriving local business simultaneously triggers M&A events and increases 

in local wages. Although we control for local economic conditions in our baseline tests, we 

perform four additional identification tests to confirm the robustness of our results and the 

causal relationship between M&A activity and local wages. Our first robustness test takes 

advantage of differences in the timing of the M&A event announcement and the physical 

opening or closing of acquirer and/or target branches. If economic vibrancy drives both the 

occurrence of M&A events and local wage increases, we should observe wage changes as early 

as the M&A announcement date. However, wage changes are negligible at this time, being far 

more visible around changes in the number of physical bank branches. Moreover, wage 

changes are most pronounced around the closing, rather than the opening, of merged bank 

branches. This is not only the opposite of what we would expect if local economic conditions 

were the main driver but is also consistent with the Synergy Hypothesis argument that 

combined firms enjoy stronger benefits from consolidation than from market expansion 

(DeLong, 2001). 

Our second robustness test exploits the exogenous shock to M&A activity caused by 

the staggered introduction of banking branching reforms to address endogeneity concerns in 

our relationship of interest. Most of these reforms took place between the 1970s and the 1990s 

and removed the restrictions on intra- and interstate branching through M&As. Moreover, this 

deregulation occurred at the state level, making it less likely to be influenced by local economic 

conditions. Using three different measures of the degree of banking deregulation, we confirm 

the robustness of our baseline results to controlling for endogeneity concerns. 
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Third, to mitigate the possibility that local economic conditions prompt M&A events, 

we restrict our sample to transactions involving national acquirers and targets. By limiting our 

sample in this way, we focus on instances where changes in branch numbers are more likely to 

reflect consolidation objectives, such as redundancy removal. As with the previous robustness 

tests, our initial findings and conclusions remain quantitatively unchanged.  

 Finally, despite clear evidence of a significant local wage effect, we do not find 

evidence to suggest that M&A events significantly impact upon the number, or wages, of 

employees in other local industries. If common local economic conditions do explain our 

results, we should also observe a significant local wage effect in other industries. Thus, the 

result lends further support to our baseline findings not being an artefact of local economic 

conditions.  

Having confirmed the robustness of our baseline results, we shift our focus to 

understanding the underlying mechanism of the local wage effect. In doing so we expect that, 

if a local wage increase is driven by a nearby M&A event, then the magnitude of this increase 

will be a function of merger firm characteristics as well as the demand for, and supply of, local 

labor. To test these predictions, we augment our baseline model with interactions between local 

M&A activity and average acquirer or target firm size, finding that the local wage effect 

strengthens with the size of acquirer banks in the vicinity, but is invariant to target size. This 

finding is in line with evidence that acquirer employees enjoy larger pay rises than their target 

firm contemporaries (Kubo and Saito, 2012; Ouimet and Zarutskie, 2020; Huttunen, 2007; 

Conyon et al., 2004)6 and, consistent with the Synergy Hypothesis predictions, suggests 

acquirer banks increase the pressure on nearby firms to adjust their wages upward.  

 
6 Related studies show that asymmetries in employment outcomes for acquirer versus target staff extend beyond 

salaries. For example, evidence suggests that target firms lose at least two-thirds of their executives within five 

years of an M&A event, with the majority of managerial roles in the newly merged firm occupied by acquirer 

employees (Walsh, 1989; Krug and Hegarty, 2001). 
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We then investigate the influence of local banking peers, or labor demand, on the 

magnitude of the local wage effect. We do this by including measures of peer size and market 

competition in our models. The results of estimating these models suggest that the local wage 

effect amplifies in the presence of large peers, consistent with evidence that large employers 

pay higher wages to secure better-quality employees and to avoid labor unions (Brown and 

Medoff, 1989). Similarly, related testing suggests that the presence of national banks also 

increases the local wage effect. Both results suggest that large or national employers tend to 

boost employee wages so as to compete with merged banks. 

Next, to shed further light on the drivers of our baseline results, we estimate M&A 

synergies and investigate their relationship with the local wage effect. Testing reveals that the 

effect is more pronounced for in-market M&As and those involving acquirers and targets with 

large size differentials, both of which are reported to achieve greater synergies (DeLong, 2001). 

Similarly, we show that the magnitude of the local wage effect is a positive function of post-

merger increases in deposits and operating performance. 

Lastly, given the banking market was more geographically dispersed in the first half of 

our sample period, and opportunities for M&As to create economies of scale were therefore 

greater, we investigate how the merger synergy effect varies over time. Testing reveals that, 

consistent with our expectation, the merger synergies effect is strongest before 2000.  

This paper contributes to two different strands of literature, the first of which focuses 

on the labor market effects of M&A events. Here, our study is most closely related to the work 

of Benmelech et al. (2020), Arnold (2020), and Prager and Schmitt (2021). Benmelech et al. 

(2020) investigate the relationship between employer concentration and wages in 

manufacturing firms, reporting a negative relationship between the two as evidence of labor 

market monopsony powers in this setting. However, our paper differs from Benmelech et al. 

(2020) in terms of the underlying mechanism driving wage changes: While Benmelech et al. 
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(2020) study the broader role of industry competition after controlling for the impact of labor 

productivity7, we focus on the local labor market impacts of productivity improvements 

achieved via M&As while controlling for the influence of product market competition. 

Moreover, our work differs from Arnold (2020) in terms of our industry of focus: While 

Arnold (2020) uses a sample of M&As drawn from all industries, reporting a negative 

relationship between M&A and labor wages, we limit our attention to a single sector. Since 

Arnold (2020) considers M&A events from all industries, he does not investigate how labor 

skill specificity affects the local wage effect. In doing so, we explore the interplay between 

labor skill specificity and any local wage effect. By focusing on an industry where skills are 

readily transferrable, employees have more outside job opportunities and, therefore, enjoy 

strong bargaining powers in negotiating employment conditions we show that the effect of 

monopsony power can be mitigated. While Prager and Schmidt (2021) also report a negative 

average relationship between M&A and wages in the context of hospital M&As, they find that 

this result is driven by industry-specific skilled workers, with no effect observable for general 

workers with a wider range of outside employment options.  

As well as expanding evidence on the labor market effects of M&As, our work helps 

explain the well-documented rise in finance industry employment and wages levels in recent 

decades. Philippon and Reshef (2012) use U.S. data to show that financial deregulation 

prompted an increase in skill requirements, job complexity, and wage levels for finance 

employees, while Böhm et al. (2015), Boustanifar et al. (2017), Lindley and Mcintosh (2017), 

and Célérier and Vallée (2019) provide a host of reasons to explain the wage increases observed 

elsewhere around the globe. Our work adds to these industry- and country-level studies by 

 
7 Industry competition can be driven by multiple factors, not only by M&A, including the entry of newcomers, 

the exit of incumbent firms, and threats from international rivals. 
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providing a county-level analysis of how M&A events and the associated synergistic gains 

have contributed to the salary increases of finance industry. 

The remainder of the study is organized as follows. In Section 2, we provide a 

description of our data and research design. In Sections 3 and 4, we present the results of our 

baseline and robustness testing, respectively. In Section 5, we analyze the effect of merger 

characteristics, local banking, and labor markets on our baseline results. Finally, in Section 6, 

we summarize and conclude the study. 

 

2. Research Design 

2.1 Data 

We use a county-level dataset spanning the period 1981 to 2018, inclusive, to understand how 

local M&A activity affects local wages. This dataset comprises information collected from a 

range of different sources. Specifically, we obtain bank branching data from the Federal 

Deposit Insurance Corporation’s (FDIC’s) Summary of Deposit (SOD) database. The database 

captures information collected via an annual survey of all FDIC-insured institution branch 

offices and includes branch addresses, geographic coordinates, branch types, deposits, and 

other branch-specific information. However, as these data are available only since 30 June 

1994, we augment them with SOD data from 1981 to 1993 sourced from Berger and Bouwman 

(2009).8 We restrict our sample to “Full Service, brick and mortar office” branches (i.e., 

BRSERTYP = 11 in the SOD database) to ensure they provide a range of services, and those 

headquartered in one of the 50 U.S. states or Washington D.C. Branch deregulation dates are 

taken from Kroszner and Strahan (1999). 

 
8
 https://sites.google.com/a/tamu.edu/bouwman/data  

https://sites.google.com/a/tamu.edu/bouwman/data
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We obtain bank M&A data from the Federal Reserve Bank’s National Information 

Center (NIC). The NIC provides data on all U.S. banking M&As since 1936, including 16,332 

events or 8,558 county-year observations during our sample period of 1981 to 2018, inclusive. 

We use RSSD ID bank identifiers to match these M&A data with the bank branching 

information sourced from the FDIC and Berger and Bouwman (2009). 

Next, we collect the majority of our wage and employment data from the U.S. Census 

Bureau’s County Business Patterns (CBP). This annual survey provides county-level wage, 

payroll, employee, and employer size data for all industries between 1986 and 2018. Data for 

the remainder of our sample period, specifically between 1981 and 1985, are obtained from the 

University of Michigan County Business Pattern (United States) Series.9 In both cases, we 

collect wages data for commercial banking firms, or firms with NAICS or SIC codes of 522110 

or 6020, respectively. Finally, we collect our macroeconomic data, including county income 

per capita and population, from the BEA. All continuous data are winsorized at the 1st and 99th 

percentiles, with absolute monetary values also inflation-adjusted using 2010 U.S. dollar 

values. 

 

2.2 Empirical specification 

We perform our analysis using a panel approach at the county-year level. Our baseline model 

is as follows: 

 

Local bank wagesc,t = α + β Local M&Ac,t−1 + γ Bank Controlsc,t + θ Local Economic Controlsc,t  

+ λc + ηt + ϵc,t       (1)  

 

 
9
 https://www.icpsr.umich.edu/icpsrweb/ICPSR/series/22  

https://www.icpsr.umich.edu/icpsrweb/ICPSR/series/22
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where Local bank wagesc,t is the natural logarithm of average bank wages, or the ratio of total 

commercial bank wages to commercial bank employees for county c in year t; Local M&Ac,t−1 

is an indicator variable equal to one if M&A activity prompts the opening or closing of any 

branch in county c in year t – 1, and zero otherwise; Bank Controlsc,t is a vector of bank controls 

for county c in year t; Local Economic Controlsc,t is a vector of economic control variables for 

county c in year t; λc is a vector of county fixed effects to control for time-invariant, county-

specific factors; and ηt is a vector of year fixed effects to control for time-varying factors 

including macroeconomic conditions. Following Garmaise and Moskowitz (2006), all standard 

errors are clustered at the county level. 

Our vector of bank control variables includes HHI, Branch density, Average branch 

size, and Merged Bank Density. HHI is the sum of squared shares of deposits of all commercial 

banks in the county and, thus, is a proxy for the concentration of the local banking market. We 

include this as a control given that the concentration of local employers can have an important 

bearing on local wages (Benmelech et al., 2020). Branch density is the natural logarithm of the 

number of commercial bank branches operating in the county. We use this to control for local 

labor demand given that the higher the density of the local bank branch network, the larger and 

more competitive the labor market. Average branch size is the natural logarithm of the average 

deposits of all commercial bank branches in a county in a given year. We control for branch 

size given evidence that large employers pay their employees higher wages (Brown and 

Medoff, 1989). Finally, Merged bank density is the number of merged banks scaled by the total 

number of banks in a county. We include this given that average county wages will be affected 

by the proportion of merged banks operating in the area. 

Our vector of local economic controls includes Personal income, Population growth, 

and Total employment. Personal income is the natural logarithm of total personal income scaled 

by the number of people in paid employment in a county. Population growth is the percentage 



23 
 

change in a county’s total population. Total employment is the natural logarithm of the total 

number of people in paid employment in a county. We include these variables to control for 

the size, quality, and growth of the local labor market.  

Our coefficient of interest is β, as it captures the effect of local M&A events on local 

wages. Competing hypotheses offer different predictions regarding the sign of this coefficient. 

Specifically, the Synergy Hypothesis suggests that M&As will result in significant synergistic 

gains that the combined firms will use to raise employee salaries (Ouimet and Zarutskie, 2010) 

and, in doing so, pressure local peers to follow suit. Thus, the Synergy Hypothesis suggests 

that the β coefficient will be positive and statistically significant. In contrast, the Monopsony 

Hypothesis argues that M&As allow merged firms to enjoy greater employer bargaining power 

in local labor markets. Moreover, the hypothesis predicts that this increased power means firms 

become more inclined to pay wages below the marginal product of labor, imposing a downward 

pressure on local wages. Taken together, the Monospony Hypothesis predicts that the β 

coefficient will be negative and statistically significant. The results of our testing will offer 

evidence as to which hypothesis is supported empirically. 

 

2.3 Summary statistics 

Table 1 presents descriptive statistics for our suite of county-level variables, all of which are 

described in the appendix. The mean value of Local bank wages is USD 16,358 per annum. 

The likelihood of a local M&A event, Local M&A, is 6.6%, while the probability of an M&A 

being announced, M&A Announcement, is 17%. Taken together, these two statistics suggest 

that, on average, approximately 10.4% of M&As that are announced to the market do not 

culminate in any changes in the ownership of local bank branches. The average value and the 

standard deviation of HHI are 0.14 and 0.09, respectively, which, given U.S. Department of 



24 
 

Justice guidelines, suggests that the average marketplace in our sample is moderately 

concentrated.10  

 

(Insert Table 1 here) 

 

Figure 1 depicts time-series patterns in average nominal and real local wages. The figure shows 

a clear, upward trend in both numbers since 1981. This growth was generally steady, with two 

exceptions: a sharp spike in 2002 and a much smaller dip in 2013. 

  

(Insert Figure 1 here) 

 

The annual M&A events and bank numbers between 1981 and 2018 are plotted in Figure 2. 

With respect to the former, Panel A shows significant fluctuation in the number of M&A events 

over time. Notwithstanding this, the average number of M&As in the pre-2000 period exceeds 

that observed in the from 2000 onwards. This difference is consistent with the interstate 

banking deregulation laws enacted between 1980 and 1999, prompting a significant increase 

in the number of M&As (Cetorelli and Strahan, 2006). Panel B depicts the 75% decrease in the 

number of banks across our sample period, from around fifteen thousand banks in 1981 to 

approximately five thousand banks in 2018. Panel C plots M&A events as a percentage of the 

number of banks over time. The panel shows an upward trend in the merger rate between 1981 

and 1997, with a decline between 1998 and 2010. While the rate picked up again from 2010 to 

2017, a sharp drop occurred between 2017 and 2018. 

 

(Insert Figure 2 here) 

 
10 https://www.justice.gov/atr/herfindahl-hirschman-index 
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3. Bank merger event and local wage 

3.1 Baseline effect 

Table 2 reports the results of our baseline analysis. Specifically, Panel A presents estimates 

obtained using an indicator variable, Local M&A, as our measure of M&A events. Column (1) 

presents results obtained when no bank controls, local economic controls, or year or county 

fixed effects are included. Year and country fixed effects are added separately and then together 

in the results presented in Columns (2), (3), and (4), respectively. In Column (5), we include 

our vector of bank controls, augmenting it with the vector of local economic controls in Column 

(6). Irrespective of the model specification we employ, the coefficient of Local M&A is positive 

and statistically significant. The estimates presented in Column (6) suggest that the occurrence 

of a local M&A event is associated with a 1.2% increase in local banking wages. This effect is 

not only statistically but also economically significant given that it equates to 17% of the 

average annual growth in local wages of 6.8%. Although smaller than the 5.2% wage premium 

paid by Finnish firms in the wave of foreign acquisitions documented by Huttunen (2007) or 

the 11% post-merger wage increase for U.K. firms reported by Conyon et al. (2002), our 

findings support the Synergy Hypothesis that a local M&A event prompts nearby banks to 

increase their wages to compete with the merged firm. 

Further examination of Panel A confirms that other variables included in the modeling 

have the expected signs. In particular, the coefficient of Average branch size is positive and 

statistically significant, indicating that wages are higher for employees working at larger 

branches. The result is consistent with Brown and Medoff (1989), who show that large 

employers pay higher wages. The coefficient of Total employment is also positive and 

statistically significant, indicating that wages are higher in large local labor markets. 
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In Panel B of Table 2, we replace the M&A event indicator used in Panel A, Local 

M&A, with Number of local M&As, or the number of local branches affected by M&A events. 

In all six model specifications, the coefficients of Number of local M&As are positive and 

statistically significant, reinforcing our previous conclusion that local M&A events are 

positively correlated with the wages of banking employees in the same area. 

 

3.2 Controlling for changes in local labor market composition 

Next, we address concerns that our baseline result could be driven by changes in local labor 

market composition. Specifically, it is possible that the increase in local wages that we observe 

is the result of low-skilled workers being replaced with high-skilled workers.11 To control for 

this possibility, we augment our baseline specification with one of two variables: Neighboring 

county bank wages, the average wage of banking employees working in counties within a 30km 

radius that do not experience any M&A events, or Wage difference, the difference between the 

average wage of banking employees in a given county and Neighboring county bank wages. 

We include one of these two measures as a control given adjacent counties should have similar 

labor market compositions as the county of interest but do not experience any M&A events. 

We present the results of including this additional control in Panel C of Table 2. As reported 

in the panel, our variable of interest, Local merger, remains positive and statistically 

significant. In other words, our baseline result is insensitive to controlling for potential changes 

in local labor market composition, adding further weight to the hypothesis that local wage 

changes are driven by local M&A events. 

 

(Insert Table 2 here) 

 
11 In this case, and despite the average wage increase, if more low-skill workers are dismissed, the ultimate welfare 

effect on local banking employees is unclear.  
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3.3 Dynamic effect 

As any hiring, firing, and restructuring activities triggered by M&A events take time to 

complete, their ramifications for local wages may not be visible right after the M&As 

themselves. To take account of this potential delay in the local wage effect, we investigate how 

the effect evolves over time. Specifically, we replace Local M&A with a contemporaneous, a 

twice-lagged, and a thrice-lagged measure of nearby M&A events, or Local M&At, Local 

M&At–2, and Local M&At–3, respectively. The results of estimating these three additional 

specifications are reported alongside our original model in Table 3. The statistically 

insignificant coefficient of Local M&At in Column (1) provides no support for a 

contemporaneous local wage effect. Moreover, the results in Columns (2), (3), and (4) show 

that the effect peaks one year after M&A events and slowly dissipates in the ensuing years. 

Indeed, it significantly diminishes after three years, with the transitory nature of the effect 

making it unlikely to be confounded by other long-term and persistent unobservable factors 

that cannot be captured in our model. 

 

(Insert Table 3 here) 

3.4 Local bank employees 

We further characterize the local labor market effects of M&As by investigating their impact 

on employee numbers. To do this, we replace the dependent variable in our baseline 

specification, Local bank wages, with Local bank employees, or the natural logarithm of the 

number of commercial bank employees in the county. The results of re-estimating the models 

are presented in Table 4, with controls and fixed effects introduced in the same order as in 

Table 2. Unlike our previous tests, the results vary based on our model specification, and once 
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time-varying bank and local economic controls as well as county and year fixed effects are 

introduced, the coefficient of Local M&A is not significantly different from zero. Thus, 

although the test results suggest a statistically significant, positive local wage effect, they do 

not provide strong evidence of any local employee effect. 

 

(Insert Table 4 here) 

 

4. Controlling for local economic conditions 

It is possible that the local wage increases documented thus far could reflect improvements in 

local economic conditions rather than the occurrence of M&A events. We address this 

possibility by conducting the battery of robustness tests described in the following sections. 

4.1 Sequence of merger events 

In our first robustness test, we take advantage of timing differences in key M&A stages, 

specifically M&A announcements, and the opening or closing of physical bank branches. If 

the local wage effect is an artefact of vibrant local economic conditions, our results should 

persist across each of the three events. We test this prediction by replacing Local M&A in our 

baseline model with M&A announcement, Branch opening, and Branch closing. The results of 

these changes are presented in Panels A, B, and C of Table 5, respectively. In all three cases, 

controls and fixed effects are introduced in the same order as in Table 2. The results in Panel 

A provide little support for the labor wage effect being evident at the time of the M&A 

announcement. Specifically, while the coefficient of M&A announcement is positive and 

statistically significant in Columns (1), (2), and (3), the result disappears once we include bank 

and local economic controls as well as county and year fixed effects in Columns (4), (5), and 

(6). The results in Panel B reveal a similar pattern when we use Branch opening, rather than 

M&A announcement, as our event measure. In contrast, the results in Panel C show that the 
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coefficient of Branch closing is positive and statistically significant in all six model 

specifications. When a merged bank closes branches, synergies may arise from cost reduction 

and/or redundancy removal. In contrast, the opening of new branches of a merged bank reflects 

the motivation to increase market share. Because synergies are more pronounced from 

redundancy removal than from market expansion,12 the results in Panels B and C suggest that 

the magnitude of the spillover effect on local wages rises with the merger synergies, but not 

with the vibrancy of the local market.13 Taken together, the results in Panels A, B, and C show 

that observable local wage effects differ across the three M&A stages, supporting our argument 

that wage effects, rather than being an endogenous outcome of local economic conditions, are 

driven by aspects of the M&A events themselves.  

 

(Insert Table 5 here) 

 

4.2 Mergers of national banks 

To gain further reassurance that the local wage effect is not an artefact of local economic 

booms, we focus on the 3,187 M&A events in our sample period involving national acquirers 

and targets. To do this, we replace Local M&A with National M&A, an indicator variable equal 

to one if M&A activity involving national acquirers and targets results in the opening or closing 

of any county bank branches, and zero otherwise. The results of estimating this model are 

presented in Table 6, with banking and local economic controls and county and year fixed 

effects introduced in the same order as in Table 2. Irrespective of the model specification, the 

 
12 DeLong (2001) reports that more synergies are created during in-market mergers. 
13

 If the effect results from underlying local economic conditions, we would expect it to increase with the opening 

rather than closing of bank branches. 
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coefficient of National M&A is positive and statistically significant, providing further comfort 

that our findings are not driven by endogeneity. 

 

(Insert Table 6 here) 

  

4.3 Banking deregulation 

We provide support for the causality of our baseline result by exploiting the bank branching 

reforms that occurred between the 1970s and the 1990s. These reforms removed previous 

restrictions on the use of M&As as a means of intra- and interstate bank branching. The fact 

that the legislative changes were enacted at the state level makes it unlikely they were driven 

by county-level economic conditions. This, combined with the fact that legislative enactment 

dates were staggered across state and time means we utilize the reforms as an exogenous shock 

to M&A activity that has no direct effect on local bank wages.  

We adopt a difference-in-differences approach and one of three banking deregulation 

measures to estimate how these reforms affect the salaries of local bank workers: Branch 

deregulation, an indicator variable equal to one if state-wide branching via M&A is permitted, 

and zero otherwise; Bank deregulation, an indicator variable equal to one if entry of out-of-

state bank holding companies via M&As is allowed, and zero otherwise; and Branch de novo, 

an indicator variable equal to one if state-wide de novo branching via M&As is permitted, and 

zero otherwise.14 More specifically, we augment our baseline model with our chosen 

deregulation indicator and an interaction between Local M&A and the indicator, with the results 

of estimating these models presented in Table 7. Columns (1), (2), and (3) reveal that the 

coefficients of all three interaction terms are positive and statistically significant, indicating 

 
14 Enactment dates for each deregulation are taken from Demyanyk et al. (2007). 



31 
 

that M&As motivated by banking deregulation significantly promote local wages and, in doing 

so, lending further support to the causality of our baseline effect. 

 

(Insert Table 7 here) 

 

4.4 Impact on non-banking industries 

We gain additional comfort that our baseline results are not driven by local economic 

conditions by investigating the wages and employment rates in non-banking industries: If 

common local economic conditions explain our results, then we should also observe a 

significant local wage effect in other industries. To understand if this is indeed the case, we 

replace Local bank wages with Local non-bank wages and, subsequently, Local non-bank 

employees in our baseline model. The results of these changes are presented in Panels A and B 

of Table 8, respectively, with columns arranged in the same order as in Table 2. Both panels 

show that once banking and local economic controls and county and year fixed effects are 

included, the coefficients of interest are not statistically significant. The finding that local bank 

M&As have no statistically significant relationship with non-bank labor market conditions 

lends further support to our baseline results not being an artefact of local economic conditions.  

 

(Insert Table 8 here) 

  

5. Characteristics of merger deals and local banking 

In previous sections, we considered only the average spillover effects of local M&As. In this 

section, we investigate whether and how these effects vary with the degree of merger synergies 

and the local banking market structure. 
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5.1 Merger synergies 

The M&A literature reports asymmetries in the share of M&A synergies enjoyed by acquirer 

versus target firms. As an example, evidence suggests that target firms lose an average of two-

thirds of their executives within five years of the transaction, with acquirer employees filling 

the majority of managerial and operational roles in the new firm (Walsh, 1989; Krug and 

Hegarty, 2001). A similar scenario is observed in the case of hostile mergers (Wulf and Singh, 

2011). Based on this evidence, as merger synergies increase, so do the gains for acquirers, their 

ability to increase employee salaries, and, in turn, the pressure they place on the market to 

follow suit. Thus, we predict a positive relationship between the presence of acquirers, 

particularly large ones, and the local wage effect. However, the prediction with respect to the 

level of target presence is less clear.    

To evaluate the differential effect based on merger synergies, we augment our baseline 

model with Acquirer banks, the percentage of commercial banks acting as acquirers in M&A 

transactions, and the interaction between this variable and Local M&As. We then replace 

Acquirer banks with Large acquirer banks, or the percentage of acquirer banks with total assets 

exceeding USD 1 billion, before we re-estimate the model. Finally, we substitute Target banks, 

or the percentage of commercial banks that were targets in M&A events, for Large acquirer 

banks and re-estimate the model a second time. The results of these three tests are presented in 

Panel A of Table 9. The coefficient of Local M&A × Acquirer banks in Column (1) is positive 

and statistically significant, indicating that the local wage effect becomes more pronounced as 

the presence of acquirer banks increases. The magnitude of the positive and statistically 

significant coefficient of Local M&A × Large acquirer banks in Column (2) suggests that the 

result in Column (1) is most pronounced for larger acquirers. However, the insignificant 

coefficient of Local M&A × Target banks in Column (3) suggests that the local wage effect 

does not change with an increase in the presence of target banks.  
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Next, evidence suggests that within-state, or geographically focused, mergers create 

greater synergies than do out-of-state mergers (DeLong, 2001). In light of this evidence, we 

investigate whether local wage effects are also more pronounced for within-state mergers. To 

do this, we construct Within-state M&A and Out-of-state M&A, the percentage of M&A deals 

where the acquirer and the target are located in the same and different states, respectively. We 

include one of the variables in our baseline model at a time, interacting each with Local M&As. 

The results are presented in Columns (1) and (2) of Panel B in Table 9. The coefficient of Local 

M&A × Within-state M&A is positive and statistically significant, while the coefficient of Local 

M&A × Out-of-state M&A is not significantly different from zero. Taken together, these results 

indicate that the local wage effect is more pronounced for within-state mergers.   

One of the reasons within-state mergers create greater synergies than out-of-state 

mergers is that geographic proximity makes the integration process smoother and more 

successful. This is also the case when the acquiring firm is considerably larger than the target 

firm, meaning merger synergies are positively correlated with the size dispersion between 

targets and acquirers (Malmendier et al., 2018). Thus, we would expect that the local wage 

effect would become more pronounced as the size differential increases. We test this prediction 

by including Size dispersion, or the average ratio of the difference in the total assets of the 

acquirer and the target scaled by the total assets of the acquirer and Size dispersion × Local 

M&A in our baseline model. The results of estimating this model are included in Column (3) 

of Panel B of Table 9, with the positive and statistically significant coefficient of the interaction 

effect confirming that, consistent with our prediction, the local wage effect increases with size 

dispersion. 

Next, we directly measure the merger synergies by evaluating the post-merger 

performance of the combined firms. We use three measures: ROA growth, the average annual 

growth in return on assets, or net income scaled by the book value of total assets, for all 
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acquirers; ROE growth, the average annual growth in return on equity, or net income scaled by 

the book value of total equity, for all acquirers; and Deposit growth, the average annual growth 

in the value of acquirer deposits. We include one measure at a time in our baseline model and 

also include the interaction between the performance and Local M&A. The results are presented 

in Column (1) to (3) of Panel C in Table 9, with the coefficient of the interaction term positive 

and statistically significant in all cases.  

Finally, we investigate the dynamic nature of the merger synergy effect. We argue that 

the effect should be most pronounced in the first half of our sample period given the banking 

industry was geographically dispersed and deregulations first came in to force, or to the 

opportunity to increase economics of scale was at its highest. To test this hypothesis, we 

augment our model with an interaction between Local M&A and Pre-2000 indicator, an 

indicator variable equal to one for the years before 2000 and zero otherwise, along with Pre-

2000 indicator itself. In estimating our model, we exclude year fixed effects given we are 

conducting a cross-year comparison. The results of our estimation, presented in Column (4) of 

Panel C in Table 9 are consistent with our expectation. More specifically, the coefficient of the 

interaction term is positive and statistically significant, suggesting that the labor effect is 

positively associated with the likelihood of achieving merger synergies.  

Taken together, the results presented in Table 9 suggest that the local wage effect is 

driven by higher-synergy M&As. This finding is consistent with firms that enjoy higher 

synergies being able to provide employees with greater salary increases and, in turn, impose 

more pressure on local competitors to do the same. 

 

(Insert Table 9 here) 
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5.2 Local banking market 

Finally, we investigate how the structure of the local banking market impacts the labor wage 

effect. We start by testing for any differential effects based on banking market competition 

levels. To do this, we interact HHI with Local M&A and include the interaction in our baseline 

model. The results of estimating this model reported in Column (1) of Table 10. The coefficient 

of Local M&A × HHI is negative and statistically significant, indicating that the local wage 

effect abates when the banking market is concentrated and employees lack wage bargaining 

powers. This result is consistent with Benmelech et al.’s (2020) findings.  

Next, we explore how market size affects the local wage effect. Specifically, we 

construct Branch network, which is equal to the natural logarithm of the total number of 

commercial bank branches. We then add it to our baseline model, along with Branch network 

× Local M&A and re-estimate the model. The results are reported in Column (2), with the 

positive and statistically significant coefficient of the interaction term indicating that the local 

wage effect increases with local market size.  

Finally, we investigate how the presence of large branches and banks affects the 

relationship between M&A events and local bank wages. We do so given evidence that large 

employers are forced to pay higher wages and adopt a “positive labor relation” strategy that 

includes more benefits and better working conditions to avoid unionism and compensate for 

the greater labor-input requirement (Brown and Medoff, 1989); and larger employers pay 

higher costs in monitoring employees and therefore choose high-quality workers to economize 

on employee monitoring (Idson and Oi, 1999). Our measure of large branch presence is 

Average branch size, which is already included in our baseline model, and we augment it with 

the interaction term Average branch size × Local M&A. We then measure bank size using 

Large banks, or the percentage of all banks in the county with total assets exceeding USD 1 

billion, including the measure and its interaction with Local M&A in our baseline model. The 
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model estimation results are presented in Columns (3) and (4) of Table 10, respectively. In both 

cases, the coefficient of the interaction term is positive and highly statistically significant, 

indicating that the local wage effect is more pronounced when nearby branches or banks are 

large. The result shows that large local peers are more likely to respond to a local M&A event. 

 

(Insert Table 10 here) 

 

6. Conclusion 

This paper investigates whether local bank M&A events affect local banking wages. We show 

that local wages rise significantly following an M&A in the area, that this result is robust to 

controlling for the endogeneity of local M&A events, and that our finding is not an artefact of 

unobserved vibrant local economic conditions. Moreover, we demonstrate that the effect peaks 

within two years of the M&A and then dissipates. Finally, we present evidence that the local 

wage effect increases with the level of M&A synergies, local banking competition, the presence 

of acquirer banks, and larger peers. 

With the United States having transformed into a service-oriented economy (Buera and 

Kaboski, 2012), labor has become vital in determining the nation’s competitive advantage. We 

shed light on instances where industry consolidation can benefit wages paid in these markets. 

Moreover, we show that when labor skills are transferable, merger synergy effects dominate 

market power effects. Our findings are applicable to other service-type industries where human 

capital is not constrained by firm- or industry-specific labor skills. Our results also highlight 

the advantages of generalized labor skills in a fast-paced business environment with rapid 

technological advances. 
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Finally, finance industry employees have experienced remarkable, steady increases in 

wages since the 1980s. Philippon and Reshef (2012) argue that these increases reflect 

information technology, risk profiles, deregulation, and globalization. We provide evidence 

that merger synergies can also stimulate wage growth in local banking labor markets, 

underscoring the link between operating efficiency and employee benefits.  
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Table 1: Summary statistics 

The table reports descriptive statistics for the variables we employ in testing. These variables are 

expressed at the county level and are calculated using a dataset spanning the period 1981 to 2018, 

inclusive. Variable definitions are included in the appendix. 

 

 Mean SD p25 Median p75 N 

Employees and wages       
Total wages 16,358 37,077 2,105 4,228 10,175 26,196 

Local bank wages 3.035 0.377 2.758 2.981 3.236 26,196 

Local bank employees 5.562 1.218 4.710 5.323 6.159 26,196 

Local non-bank wages 2.832 0.359 2.589 2.823 3.044 21,444 

Local non-bank employees 3.830 1.425 2.790 3.734 4.715 21,444 

Mergers and acquisitions        
Acquirer banks 0.152 0.183 0 0.087 0.257 26,196 

Large acquirer banks 0.004 0.028 0 0 0 26,196 

Local M&A 0.066 0.249 0 0 0 26,196 

National M&A 0.223 0.416 0 0 0 8,442 
M&A announcement 0.170 0.375 0 0 0 26,196 

Branch opening 1.852 2.755 0 1 3 26,196 

Branch closing 1.791 2.577 0 1 3 26,196 

Number of local M&As 1.088 1.280 0 0.693 1.946 26,196 

Bank density 0.013 0.112 0 0 0 26,196 

Ln(1 + Bank density) 0.009 0.078 0 0 0 26,196 

Small acquirer banks 0.139 0.177 0 0.067 0.235 26,196 

Target banks 0.020 0.058 0 0 0 26,196 

Deposit growth 0.310 1.210 0 0 0.201 14,316 

ROA growth 0.047 0.700 -0.023 0 0.100 14,316 

ROE growth 0.073 0.822 -0.028 0 0.122 14,316 

Local bank market       
HHI 0.138 0.086 0.076 0.124 0.183 26,196 

Branch network 3.069 0.927 2.398 2.890 3.555 26,196 

Average branch size 10.272 0.526 9.923 10.246 10.581 26,196 

Large banks 0.012 0.054 0 0 0 26,196 

Local economy       
Total annual personal income 3,395,545 9,250,531 346,501 812,788 2,257,015 26,196 

Per-capita personal income 19,388 9,465 12,599 17,160 22,636 26,196 

Personal income 13.761 1.417 12.722 13.577 14.600 26,196 

Population growth  9.475 29.559 -0.349 1.072 5.829 26,196 

Total employment 5.478 1.270 4.595 5.236 6.093 26,196 
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Table 2: The impact of local M&As on local bank wages 

The table reports the estimates of the fixed effect panel regressions of local bank M&A events on local 

bank wages using county-level data: our baseline results (Panel A), the results obtained using the number 

of local merged branches as the dependent variable (Panel B), and the results obtained when controlling 

for potential changes in labor composition (Panel C). The dependent variable, Local bank wages, is the 

natural logarithm of average bank wages, or the ratio of total commercial bank wages to commercial bank 

employees. Local M&A is an indicator equal to one M&A activity prompted by the opening or closing of 

any bank branches in the previous year, and zero otherwise. Number of local M&As is the natural logarithm 

of the number of merged branches. Control variable definitions are included in the appendix. t-statistics are 

provided in parentheses, with significance at the 1%, 5%, and 10% levels indicated by ***, **, and *, 

respectively. 

 

Panel A: Local M&A indicator 

 

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

 
Local M&A 

 
0.388*** 

 
0.014*** 

 
0.312*** 

 
0.014*** 

 
0.013*** 

 
0.012*** 

 (47.51) (2.62) (36.39) (3.83) (3.76) (3.33) 

HHI     -0.038 -0.006 

     (-1.26) (-0.20) 

Branch network     0.044*** -0.007 

     (5.65) (-0.82) 

Average branch size     0.054*** 0.026*** 

     (8.24) (3.81) 

Bank density     -0.015*** -0.017*** 

     (-2.81) (-3.28) 

Personal income      0.035* 

      (1.95) 

Population growth      0.001* 

      (1.78) 

Total employment      0.122*** 

      (6.87) 

Observations 26196 26196 26196 26196 26196 26196 
Adjusted R-squared 0.065 0.826 0.282 0.924 0.925 0.927 
Year fixed effect No Yes No Yes Yes Yes 
County fixed effect No No Yes Yes Yes Yes 
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Table 2: The impact of local M&As on local bank wages (Continued)  

 

Panel B: Number of local merged branches 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

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

Number of local M&As 0.091*** 0.035*** 0.129*** 0.007*** 0.007*** 0.005*** 

 (31.78) (14.95) (39.57) (6.32) (6.60) (4.37) 

HHI     -0.044 -0.012 

     (-1.44) (-0.37) 

Branch network     0.039*** -0.008 

     (5.09) (-1.04) 

Average branch size     0.056*** 0.028*** 

     (8.52) (4.08) 

Bank density     -0.017*** -0.018*** 

     (-3.34) (-3.59) 

Personal Income      0.036** 

      (1.98) 

Population growth      0.001* 

      (1.81) 

Total employment      0.118*** 

      (6.67) 

Observations 26196 26196 26196 26196 26196 26196 
Adjusted R-squared 0.100 0.839 0.319 0.924 0.925 0.927 
Year fixed effect No Yes No Yes Yes Yes 
County fixed effect No No Yes Yes Yes Yes 

 

 

Pnal C  
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Table 2: The impact of local M&As on local bank wages (Continued)  

 

Panel C: Controlling for changes in local labor market composition 

 

 (1) (2) 

Local merger 0.043*** 0.024*** 
 (4.61) (3.01) 

Neighboring county bank wages 0.019*  

 (1.96)  
Wage difference  0.018*** 

  (39.34) 

HHI -0.012 -0.048* 

 (-0.31) (-1.69) 

Branch network -0.008 -0.029*** 
 (-0.80) (-3.90) 

Average branch size 0.034*** 0.025*** 

 (4.02) (3.97) 

Merged bank density -0.027*** -0.024*** 
 (-3.69) (-4.17) 

Personal income 0.100*** 0.112*** 
 (3.90) (6.19) 

Population growth 0.135 0.320*** 

 (1.37) (3.92) 

Total employment 0.079*** 0.020 
 (3.33) (1.14) 

Observations 12464 12464 
Adjusted R-squared 0.914 0.944 
Year fixed effect Yes Yes 
County fixed effect Yes Yes 
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Table 3: Dynamic effects of local M&As on local wages 

The table presents results of estimating the dynamic effects of local M&As on local wages using county-

level data. The dependent variable, Local bank wages, is the natural logarithm of average bank wages, or 

the ratio of total commercial bank wages to commercial bank employees. Local M&Ac,t, Local M&A, Local 

M&A,t−2, and Local M&Ac,t−3 are indicator variables equal to one if M&A activity prompted the opening or 

closing of any bank branches in the current year, the previous year, two years before, and three years before, 

respectively, and zero otherwise. Control variables are the same as those used in Column (6) of Table 2 

and as defined in the appendix. t-statistics are provided in parentheses, with significance at the 1%, 5%, 

and 10% levels indicated by ***, **, and *, respectively. 

 

 (1) (2) (3) (4) 

Local M&A,t 0.0016    

 (1.56)    
Local M&A  0.012***   

  (3.33)   
Local M&A,t−2   0.008* 

(1.89) 
 

Local M&A,t−3    0.007*  
(1.66) 

Controls Yes Yes Yes Yes 

Observations 30443 26196 23359 21386 

Adjusted R-squared 0.927 0.927 0.924 0.924 

Year fixed effects Yes Yes Yes Yes 

County fixed effects Yes Yes Yes Yes 
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Table 4: Impact of local M&As on the number of local bank employees  

The table presents the results of estimating the impact of local M&As on the total number of local bank 

employees using county-level data. The dependent variable, Local bank employees, is the natural logarithm 

of the number of commercial bank employees. Local M&A is an indicator equal to one if M&A activity 

prompted the opening or closing of any bank branches. Control variable definitions are included in the 

appendix. t-statistics are provided in parentheses, with significance at the 1%, 5%, and 10% levels indicated 

by ***, **, and *, respectively. 

 

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

 
Local M&A 

 
0.082 

 
0.251*** 

 
-0.143*** 

 
-0.022 

 
-0.028 

 
-0.032 

 (1.63) (5.21) (-4.69) (-0.73) (-0.94) (-1.05) 

HHI     0.522*** 0.585*** 

     (3.25) (3.69) 

Branch network     0.511*** 0.411*** 

     (10.42) (9.33) 

Average branch size     0.214*** 0.160*** 

     (6.49) (4.85) 

Bank density     0.078*** 0.073*** 

     (2.95) (2.81) 

Personal income      0.031 

      (0.27) 

Population growth      -0.001 

      (-0.40) 

Total employment      0.271** 

      (2.23) 

Controls Yes Yes Yes Yes Yes Yes 
Observations 26196 26196 26196 26196 26196 26196 
Adjusted R-squared 0.000 0.112 0.764 0.801 0.804 0.804 
Year fixed effect No Yes No Yes Yes Yes 
County fixed effect No No Yes Yes Yes Yes 
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Table 5: The effects of the M&A announcement, opening branches, and closing branches 

The table reports the results of estimating the effects of the local M&A event sequence, namely, the M&A 

announcement (Panel A), opening branches (Panel B), and closing branches (Panel C), on local banking 

wages using county-level data. The dependent variable, Local bank wages, is the natural logarithm of 

average bank wages, or the ratio of total commercial bank wages to commercial bank employees. M&A 

announcement is an indicator variable equal to one if any bank announced an M&A deal in the previous 

year, and zero otherwise. Branch opening and Branch closing are indicator variables equal to one if M&A 

activity prompted the opening or closing of any target or acquirer branches in the previous year, 

respectively, and zero otherwise. Control variables are the same as those used in the columns in Table 2 

and as defined in the appendix. t-statistics are provided in parentheses, with significance at the 1%, 5%, 

and 10% levels indicated by ***, **, and *, respectively. 

 

Panel A: M&A announcement 

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

 
M&A announcement 0.149*** 0.009*** 0.119*** 0.001 0.002 0.001 

 (21.13) (2.58) (19.37) (0.45) (0.83) (0.29) 

Controls No No No No Yes Yes 
Observations 26196 26196 26196 26196 26196 26196 
Adjusted R-squared 0.022 0.826 0.254 0.924 0.925 0.927 
Year fixed effect No Yes No Yes Yes Yes 
County fixed effect No No Yes Yes Yes Yes 

 

 

Panel B: Opening branches 

       
Branch opening 0.056*** 0.017* 0.037 0.001 -0.002 -0.005 

 (2.88) (1.66) (1.47) (0.07) (-0.23) (-0.56) 

Controls No No No No Yes Yes 
Observations 13507 13507 12842 12842 12842 12644 
Adjusted R-squared 0.001 0.830 0.235 0.915 0.916 0.917 
Year fixed effect No Yes No Yes Yes Yes 
County fixed effect No No Yes Yes Yes Yes 

 
Panel C: Closing branches 
Branch closing 0.178*** 0.031** 0.191*** 0.026** 0.028** 0.028** 

 (5.47) (2.49) (5.65) (2.24) (2.46) (2.36) 

Controls No No No No Yes Yes 
Observations 12892 12891 12192 12190 12190 12053 
Adjusted R-squared 0.012 0.852 0.268 0.921 0.922 0.922 
Year fixed effect No Yes No Yes Yes Yes 
County fixed effect No No Yes Yes Yes Yes 
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Table 6: M&As of national banks  

The table reports the results of estimating the impact of M&As involving national banks on local banking 

wages using county-level data. The dependent variable, Local bank wages, is the natural logarithm of 

average bank wages, or the ratio of total commercial bank wages to commercial bank employees. National 

M&A is an indicator equal to one if M&A activity involving national acquirers and targets prompted the 

opening or closing of any bank branches in the previous year, and zero otherwise. Control variable 

definitions are included in the appendix. t-statistics are provided in parentheses, with significance at 1%, 

5%, and 10% levels indicated by ***, **, and *, respectively. 

 

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

National M&A 0.051*** 0.081*** -0.005 0.011*** 0.012***  0.013*** 

 (5.12) (10.87) (-0.53) (3.05) (3.37)  (3.56) 

HHI     0.006  0.030 

     (0.07)  (0.36) 

Branch network     0.146***  0.101*** 

     (8.31)  (4.51) 

Average branch size     0.181***  0.152*** 

     (9.91)  (7.03) 

Bank density     -0.012  -0.010 

     (-1.34)  (-1.09) 

Personal income       -0.088*** 

       (-3.05) 

Population growth       0.001 

       (0.11) 

Total employment       0.174*** 

       (5.53) 

Observations 8442 8442 8442 8442 8442  8442 

Adjusted R-squared 0.004 0.663 0.287 0.890 0.895  0.896 

Year fixed effect No Yes No Yes Yes  Yes 

County fixed effect No No Yes Yes Yes  Yes 
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Table 7: Banking deregulation  

The table reports the results of estimating the interaction effect between local M&As and indicators of bank 

deregulation using county-level data. The dependent variable, Local bank wages, is the natural logarithm 

of average bank wages, or the ratio of total commercial bank wages to commercial bank employees. Local 

M&A is an indicator equal to one if M&A activity prompted the opening or closing of any bank branches 

in the previous year, and zero otherwise. Branch deregulation is an indicator equal to one if state-wide 

branching via M&A is permitted, and zero otherwise. Bank deregulation is an indicator equal to one if 

entry of out-of-state bank holding companies via M&As is permitted, and zero otherwise. Branch de novo 

is an indicator equal to one if state-wide de novo branching via M&As is permitted, and zero otherwise. 

Control variables are the same as those used in Column (6) of Table 2 and are defined in the appendix. t-

statistics are provided in parentheses, with significance at 1%, 5%, and 10% levels indicated by ***, **, 

and *, respectively. 

 

 (1) (2) (3) 

Local M&A -0.0479*** -0.0352*** -0.00834 
 (-5.17) (-4.89) (-0.68) 

Local M&A × Branch deregulation 0.0665***   

 (6.92)   
Branch deregulation -0.0316***   

 (-2.94)   
Local M&A × Bank deregulation  0.0554***  

  (7.27)  
Bank deregulation  -0.0188*  

  (-1.95)  
Local M&A × Branch de novo   0.0279** 

   (2.13) 

Branch de novo   0.00110 

   (0.09) 

Controls Yes Yes Yes 
Observations 26190 26190 26190 
Adjusted R-squared 0.881 0.881 0.881 
Year fixed effect Yes Yes Yes 
State fixed effect Yes Yes Yes 
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Table 8: Impact of local bank mergers on other local industries  

The table reports the estimates of the fixed effect panel regressions of local M&A activity on the wages 

(Panel A) and employees (Panel B) of other local industries using county-level data. In Panel A, the 

dependent variable, Local non-bank wages, is the natural logarithm of average non-bank wages, or the ratio 

of total wages to total employees, excluding commercial banks from both. In Panel B, the dependent 

variable, Number of non-bank employees, is the natural logarithm of the number of people employed in 

jobs other than commercial banking. Local M&A is an indicator equal to one if M&A activity prompted 

the opening or closing of any bank branches, and zero otherwise. Control variables are the same as those 

used in the corresponding columns in Table 2 and as defined in the appendix. t-statistics are provided in 

parentheses, with significance at the 1%, 5%, and 10% levels indicated by ***, **, and *, respectively. 

 

Panel A: Non-bank wages 

 

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

 
Local M&A 

 
5.962*** 

 
1.119*** 

 
3.870*** 

 
0.174 

 
0.177 

 
0.168 

 (23.80) (5.40) (19.12) (1.42) (1.48) (1.41) 

Controls No No No No Yes Yes 
Observations 21075 21075 21075 21075 21075 21075 
Adjusted R-squared 0.033 0.516 0.346 0.781 0.783 0.785 
Year fixed effect No Yes No Yes Yes Yes 
County fixed effect No No Yes Yes Yes Yes 

 

Panel B: Non-bank employees 

 

Local M&A 0.515*** 0.505*** -0.0545*** 0.002 0.003 0.001 
 (14.88) (15.64) (-4.86) (0.20) (0.44) (0.01) 

Controls No No No No Yes Yes 
Observations 21151 21151 21151 21151 21151 21151 
Adjusted R-squared 0.018 0.171 0.849 0.903 0.905 0.908 
Year fixed effect No Yes No Yes Yes Yes 
County fixed effect No No Yes Yes Yes Yes 
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Table 9: Merger synergies 

The table reports the results of estimating the differential effects of local M&As on local wages based on 

acquirer and target size (Panel A), merger type (Panel B), and merger synergies (Panel C) using county-

level data. The dependent variable, Local bank wages, is the natural logarithm of average bank wages,  or 

the ratio of total commercial bank wages to commercial bank employees. Local M&A is an indicator equal 

to one if M&A activity prompts the opening or closing of any bank branches in the previous year, and zero 

otherwise. Acquirer banks is the percentage of commercial banks that acted as acquirers in M&A 

transactions. Large acquirer banks is the percentage of acquirer banks with total assets exceeding USD 1 

billion (in 2010 dollars). Target banks is the percentage of commercial banks that were targets in M&A 

transactions. Within-state M&A is the percentage of M&A deals with target and acquirer banks located in 

the same state. Out-of-state M&A is the percentage of M&A deals with target and acquirer banks located 

in different states. Size dispersion is the average ratio of the difference in the total assets of the acquirer 

and the target scaled by the total assets of the acquirer. ROA growth is the average annual growth in return 

on assets, or net income scaled by the book value of total assets, for all acquirers. ROE growth is the average 

annual growth in return on equity, or net income scaled by the book value of total equity, for all acquirers. 

Deposit growth is the average annual growth in the value of acquirers. Pre-2000 indicator is an indicator 

variable equal to one for the years before 2000 and zero otherwise. Control variables are the same as those 

used in Column (6) of Table 2 and are defined in the appendix. t-statistics are provided in parentheses, with 

significance at 1%, 5%, and 10% levels indicated by ***, **, and *, respectively. 
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Panel A: Sizes of acquirers and targets 

 (1) (2) (3) 

Local M&A 0.019*** 0.001 0.004 
 (3.38) (0.12) (1.14) 

Local M&A × Acquirer banks 0.091***   

 (5.75)   
Acquirer banks 0.042***   

 (5.50)   
Local M&A × Large acquirer banks  0.251***  

  (6.02)  
Large acquirer banks  0.033  

  (0.75)  
Local M&A × Target banks   0.032 

   (0.87) 

Target banks   -0.068*** 

   (-4.11) 

Controls Yes Yes Yes 
Observations 26190 26190 26190 
Adjusted R-squared 0.859 0.859 0.859 
Year fixed effect Yes Yes Yes 
County fixed effect No No No 
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Panel B: Types of mergers   

   (1)   (2) (3) 

 
Local M&A 

 
-0.022* -0.011 

 

 (-1.78) (-0.88)  
Local M&A × Within-state M&A 0.160**  

 (2.50)  
Within-state M&A 0.100*  

 (1.75)  
Local M&A × Out-of-state M&A 0.004  

 (0.05)  
Out-of-state M&A 0.013  

 (0.18)  
Local M&A × Size dispersion  0.012*** 

  (3.02) 

Size dispersion  0.001*** 

  (11.07) 

Controls Yes Yes Yes 
Observations 21031 21031 26022 
Adjusted R-squared 0.634 0.630 0.863 
Year fixed effect Yes Yes Yes 
County fixed effect No No No 

 

 Panel C: Merger synergies  

   (1)   (2) (3) (4) 

 

Local M&A 

 

0.014** 

 

0.013** 

 

-0.006 0.001 

 (2.35) (2.12) (-1.57) (0.08) 

Local M&A × ROA growth 0.946**    

 (2.16)    

ROA growth 0.147    

 (0.69)    

Local merger × ROE growth  0.809*   

  (1.93)   

ROE growth  -0.001   

  (-0.02)   

Local M&A × Deposit growth   0.404**  

   (2.29)  

Deposit growth   0.679  

   (0.69)  

Local M&A*Pre-2000 indicator    0.044*** 

    (5.56) 

Pre-2000 indicator    -0.067*** 

    (-7.34) 

Controls Yes Yes Yes Yes 

Observations 14316 14316 14316 26,196 

Adjusted R-squared 0.768 0.768 0.768 0.901 

Year fixed effect Yes Yes Yes No 

County fixed effect No No No Yes 
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Table 10: Local banking markets 

The table reports the results of estimating the differential effects of local M&As on local wages based on 

local banking market characteristics and using county-level data. The dependent variable, Local bank 

wages, is the natural logarithm of average bank wages, or the ratio of total commercial bank wages to 

commercial bank employees. Local M&A is an indicator equal to one if M&A activity prompts the opening 

or closing of any bank branches, and zero otherwise. HHI is the sum of squared shares of deposits of all 

commercial banks. Branch network is the natural logarithm of the number of bank branches. Average 

branch size is the natural logarithm of the average value of deposits held by commercial bank branches. 

Large banks is an indicator variable equal to one if the size of the bank is greater than USD 1 billion, and 

zero otherwise. Control variables are the same as those used in Column (6) of Table 2 and are defined in 

the appendix. t-statistics are provided in parentheses, with significance at 1%, 5%, and 10% levels indicated 

by ***, **, and *, respectively. 

 

 (1) (2) (3) (4) 

 
Local M&A 

 
0.035*** 

 
-0.084*** 

 
-0.450*** 

 
-0.003 

 (6.050) (-6.805) (-4.167) (-0.928) 

Local M&A × HHI -0.221***    

 (-5.588)    
HHI 0.088***    

 (3.579)    
Local M&A × Branch network  0.029***   

  (7.882)   
Branch network  -0.021***   

  (-2.969)   
Local M&A × Average branch size   0.044***  

   (4.238)  
Average branch size   0.020***  

   (3.401)  
Local M&A × Large banks    0.408** 

    (2.217) 

Large banks    0.231 

    (0.955) 

Controls Yes Yes Yes Yes 
Observations 26196 26196 26196 26196 
Adjusted R-squared 0.927 0.927 0.927 0.892 
Year fixed effect Yes Yes Yes Yes 
County fixed effect No No No No 
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Figure 1: Time-series patterns in local bank wages 

This figure shows time-series patterns in nominal and real average local bank wages between 1981 and 2018. 

Both variables are expressed in thousands of U.S. dollars and are calculated as the cross-county average value 

o f  t he  total commercial bank wages in a county scaled by the number of the banks’ employees in that county. 
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Figure 2: Time-series patterns in bank M&As 

This figure shows time-series patterns in bank M&As between 1981 and 2018, specifically, the annual number 

of bank M&A events (Panel A), the number of banks operating each year (Panel B), and the number of bank 

M&As as a percentage of the number of banks (Panel C).  
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Appendix: Variable Definitions 

This appendix defines the variables we employ in testing, all of which are measured annually 

at the county level and, unless indicated otherwise, relate to the current year. Variables are 

listed in alphabetical order and the variable name is listed in Column (1), with the definition 

and data source detailed in Columns (2) and (3), respectively. 

 

Variable 

(1) 

Definition 

(2) 

Data source 

(3) 

Labor market   

Local bank employees The natural logarithm of the number of 

commercial bank employees 

CBP 

Local bank wages The natural logarithm of average bank 

wages, or the ratio of commercial bank 

wages to commercial bank employees 

CBP 

Local non-bank 

employees 

The natural logarithm of the number of 

people employed in jobs other than 

commercial banking  

CBP 

Local non-bank wages The natural logarithm of average non-bank 

wages, or the ratio of total wages to total 

employees, excluding commercial banks 

from both 

CBP 

Neighboring county bank 

wages 

The average wage of banking employees 

working in counties within a 30km radius 

that do not experience any M&A events 

CBP& SOD 
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Variable 

(1) 

Definition 

(2) 

Data source 

(3) 

Wage difference The difference between the average wage 

of banking employees in a given county 

and Neighboring county bank wages 

 

M&A characteristics   

Acquirer banks The percentage of commercial banks that 

acted as acquirers in M&A transactions 

SOD and 

NIC 

Bank density The number of merged banks scaled by the 

total number of commercial banks 

SOD and NIC 

Bank closing An indicator variable equal to one if M&A 

activity prompted the closing of any target 

or acquirer bank branch(es) in the previous 

year, and zero otherwise 

SOD and NIC 

Bank opening An indicator variable equal to one if M&A 

activity prompted the opening of any target 

or acquirer bank branch(es) in the previous 

year, and zero otherwise 

SOD and 

NIC 

Large acquirer banks The percentage of acquirer banks with total 

assets exceeding USD 1 billion 

SOD and 

NIC 

Large banks The percentage of all banks in the county 

with total assets exceeding USD 1 billion 

SOD and 

NIC 
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Variable 

(1) 

Definition 

(2) 

Data source 

(3) 

Local M&A An indicator variable equal to one if M&A 

activity prompted the opening or closing of 

any bank branches in the previous year, 

and zero otherwise 

SOD and 

NIC 

Local M&At An indicator variable equal to one if M&A 

activity prompts the opening or closing of 

any bank branches, and zero otherwise 

SOD and NIC 

Local M&A,t–2 An indicator variable equal to one if M&A 

activity prompted the opening or closing of 

any bank branches two years before, and 

zero otherwise 

SOD and NIC 

Local M&A,t–3 An indicator variable equal to one if M&A 

activity prompted the opening or closing of 

any bank branches in a county three years 

before, and zero otherwise 

SOD and NIC 

M&A announcement An indicator variable equal to one if any 

bank announced an M&A deal in the 

previous year, and zero otherwise 

SOD and NIC 
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Variable 

(1) 

Definition 

(2) 

Data source 

(3) 

National M&A An indicator variable equal to one for M&A 

activity involving national banks results in 

the opening or closing of any bank branches, 

and zero otherwise 

SOD and NIC 

Number of local M&As The natural logarithm of the number of 

merged branches in the previous year 

SOD and NIC 

Out-of-state M&A The percentage of M&A deals with target 

and acquirer banks located in different 

states 

SOD and 

NIC 

Pre-2000 indicator An indicator variable equal to one for the 

years before 2000 and zero otherwise. 

 

ROA growth The average annual growth in return on 

assets, or net income scaled by the book 

value of total assets, for all acquirers 

FDIC Call 

Report  

ROE growth The average annual growth in return on 

equity, or net income scaled by the book 

value of total equity, for all acquirers   

 

FDIC Call 

Report 

Variable 

(1) 

Definition 

(2) 

Data source 

(3) 
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Size dispersion The average ratio of the difference in the 

total assets of the acquirer and the target 

scaled by the total assets of the acquirer 

SOD and NIC 

Target banks The percentage of commercial banks that 

were targets in M&A transactions  

NIC 

Within-state M&A The percentage of M&A deals with target 

and acquirer banks located in the same 

state 

SOD and 

NIC 

Banking market   

Average branch size The natural logarithm of the average value 

of deposits held by commercial bank 

branches  

SOD 

Bank deregulation An indicator variable equal to one if entry 

of out-of-state bank holding companies via 

M&A is permitted in the state, and zero 

otherwise 

Demyanyk 

et al. 

(2007) 

Branch de novo An indicator equal to one if state-wide de 

novo branching via M&As is permitted, 

and zero otherwise 

Demyanyk 

et al. 

(2007) 

 

 

Variable 

(1) 

Definition 

(2) 

Data source 

(3) 
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Branch deregulation An indicator variable equal to one if state-

wide branching via M&A is permitted, and 

zero otherwise 

Demyanyk 

et al. 

(2007) 

Branch network The natural logarithm of the total number 

of commercial bank branches  

SOD 

Deposit growth The average annual growth of the value of 

acquirer deposits 

SOD 

HHI The sum of squared shares of deposits of 

all commercial banks 

SOD 

Total employment The natural logarithm of the total number 

of people in paid employment 

BLS 

Total wages Total wages of all commercial bank 

employees  

CBP 

Local demographics   

Personal income The natural logarithm of total personal 

income scaled by the number of people in 

paid employment 

BLS 

Population growth The annual percentage change in the total 

population 

U.S. Census  

Total employment The natural logarithm of the total number 

of people in paid employment 

U.S. Census 
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Do patent trolls cause high-tech firms to delist? 

 

 

Sayla Siddiqui      Syed Shams 

 

 

Abstract 

 

This paper investigates the impact of non-practising entity (NPE) patent litigation on the delisting 

of firms in the United States (US) stock market. Using a sample of high-tech and patent-intensive 

firms from the US market between 2000 and 2019, we find that frivolous patent trolling by NPEs 

is positively associated with the delisting decisions of the defendant firms. This result is more 

pronounced when the firms are small, young, under distress, and experiencing negative sentiment 

in the market. We ensure the causality of this relationship by studying the anti-troll laws targeted 

at curbing the threat of NPE trolls. We also find that this effect is influenced by the cost of NPE 

litigation and that going private can significantly mitigate the threat of NPE trolls. Our result 

suggests that policies aimed to ease the threat of NPE patent trolls are important to safeguard the 

steady development of innovation-intensive companies in the US stock market. 

 

Key words: NPE, Patent litigation, Patent trolls, and Anti-troll law 
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 2.1 Introduction 

 

Innovation is one of the fundamental factors of comparative advantages of the firm. In 

their seminal paper on innovation, Hall et al. (2005) states that innovation, measured by the patents 

and citations, significantly increases the firm’s market value i.e., one additional citation of a patent 

raises the firm market value by three percent. However, in last few decades, there has been a surge 

in the number of Securities and Exchange Commission (SEC) registered innovative firms that 

deregister from the SEC. According to CRSP (The Center for Research in Security Prices), in the 

year 2000, the United States (US) had 1,839 domestically incorporated high-tech firms listed on a 

US stock exchange (see Figure 1). However, by the year 2019, this number went down by more 

than half to only 703. In this study, we aim to investigate the reasons behind the delisting of the 

innovative (high-tech) firms from the U.S. stock market.   

The literature argues that listed firms enjoy a handful of economic benefits such as easier 

access to finance (Saunders and Steffen, 2011), a lower cost of capital (Hail and Leuz, 2006), less 

information asymmetry compared to other market participants (Easley, Hvidkjaer, and O’Hara, 

2002), higher liquidity, and a larger investor base (Merton, 1987). Besides, firms that have a 

substantial amount of assets, have to be listed in the stock market; that is, a firm with total assets 

of at least $10 million must continue to be registered under the Securities Exchange Act if it has 

at least 300 shareholders of record (Jin and Wang, 2002). In spite of this requirement, high tech 

firms that have way more assets than required have been delisted from the U.S. stock market 

during the past decade. The high-tech firms that have deregistered from the market include ACAP 

Corporation, with over 500 beneficial shareholders and $146 million in total assets and United 

Road Services in 2007 with over 6,000 beneficial shareholders and $97 million in total assets. 

Even though the number of beneficial shareholders and total assets of these high-tech firms appear 

to exceed the required minimum for public registration, we wonder why they got delisted.  
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NPEs or “patent trolls” are the entities that do not own patents for the purpose of producing 

or selling goods. They instead purchase a patent right for the sake of receiving a fee or commission. 

They exploit this right by sporadically sending demand letters to all the potential patent infringers 

alike. Because NPE lawsuits are highly expensive, the defendant firms usually choose to end in 

early settlement rather than go to legal court. Bessen and Meurer (2013) argue that NPEs cost 

defendants around $29 billion in 2011, which is a 400% increase over $7 billion in 2005. In this 

study, we examine whether the threat of non-practising entity (NPE) litigation costs is large 

enough to drive the high-tech public U.S. firms to delist from the U.S. stock market.  

The reasons for firm delisting due to NPE litigation may develop from a number of 

different strands of theoretical literature. Firstly, the reputational loss hypothesis argues that firms 

that experience litigations, loss announcement and corporate misconduct etc undergo a substantial 

amount of reputation loss (Armour et al., 2017; Perry and Fontnouvelle, 2005; Deng et al., 2014). 

Perry & Fontnouvelle (2005) argue that disclosure of improper business practices may damage 

the firm’s reputation, therefore may drive away customers, stockholders and other stakeholders. 

For the patent intensive industry like high-tech firms, patent litigation by the NPEs downgrades 

the stockholders’ expectations and beliefs about the authenticity of the defendant firm’s product 

and innovation. Reputational loss causes a significant cost on the firm, which is mostly evident 

from the fall in stock prices (Shapira, 2015; Chen et al. 2019; Henry, 2013 and Raghu et al., 2008) 

etc). To avoid this reputational loss induced cost, firms are supposed to strive to halt the chance 

of NPE litigation. Our empirical results find that the more the firms are visible in the media, the 

higher is the chance that they get sued or trolled by the NPEs (see Table 14A). As publicly listed 

firms are more visible than the private firms, we hypothesize that firms go delisted (get less visible) 

in order to avoid the threat of NPE litigation. In other words, higher exposure to NPE litigation 

increases the chance of delisting of the firms.  
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Another reason for delisting is related to the cost-benefit trade-off theory. Despite listed 

firms enjoy certain benefits, Bharath & Dittmar (2010) argue that firms choose to delist when the 

costs of listing exceed the benefits of remaining public. Prior studies show that NPE litigation is 

expensive due to direct and indirect costs (Bessen and Meurer, 2013; Bessen et al., 2011). Using 

a sample constituting the technology industry which invested heavily on R&D, Bessen and Meurer 

(2013) find that the NPE litigation cost (direct cost) involved around $29 billion in 2011 from the 

defendant firms (Bessen and Meurer, 2013). In addition, NPEs cause the indirect cost to the 

defendant firms in regards to abnormal return (Chen et al., 2019), entrepreneurial and employment 

activities (Appel, 2019) and various performance measure such as: R&D, sales, cash level and 

dividend etc (Tucker, 2014; Besson and Meurer; 2008; Bessen et al., 2013). Therefore, high costs 

associated with NPE litigations may incentivised listed firms to go private to eliminate the costs 

associated with the NPE litigation. DeAngelo et al. (1984) and Lehn and Poulsen (1989) mention 

the cost saving to be the principal factor of delisting in LBOs. 

Finally, firms may go private in order to protect the private benefit of the agents or 

managers. La Porta et al. (1998) mention that litigation is a governance tool to discipline the agents 

and managers. In an agency inflicted corporation, where agents are engaged in self-interested 

behaviours that are harmful for the firms, the agents will want their firms to hide from the spotlight 

of patent litigation investigation. Therefore, to avoid the enquiry of the law authority and to escape 

from the public attention, the agents may drive the firms to delist from the stock market.  

We test the validity of these arguments by examining whether NPE litigation increases 

defendant firm delisting. The sample of our study constitutes 21,904 firm-year observations with 

3,293 NPE lawsuits from 2000 to 2019. The ordinary least squares (OLS) regressions show that 

an increase in NPE lawsuits is associated with the increase in the defendant firm’s delisting 

probability by around 14.4%. Our result is economically significant as one standard deviation 

increase in the NPE lawsuit reduces the delisting probability by 13.7%. It is coherent with 
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Broggard et al.’s (2021) finding of a 16.8% probability of delisting based on shareholder litigation 

analysis. Our OLS results are robust to alternative measurements and subsamples. 

Identifying a causal effect of NPE litigation on firm delisting is challenging. Firms with 

financial difficulties are more likely to delist and can be more vulnerable to the NPE lawsuits. To 

mitigate this identification challenge, we use the anti-troll law as the natural experiment to 

establish the causal link between NPE litigation and the decision to delist. The main goal of the 

law is to curb the NPEs’ discretion. We find that the anti-troll law against the NPE lawsuit reduces 

the propensity of the treated firms to delist relative to the control firms existing outside of states 

that have adopted anti-troll laws. Additionally, as anti-troll laws make firms less vulnerable to 

delisting, only firms that are performing substantially poorly based on cumulative abnormal 

returns (CARs) are observed to delist. 

We perform some additional cross-sectional tests to delve deeper into the results. Firstly, 

while investigating the specific characteristics of the firms that make them vulnerable to NPE 

induced delisting, we find that the delisting probability increases to a large extent when smaller, 

younger, distressed (measured by high leverage) firms and firms with negative sentiment in the 

market are sued by NPEs. Secondly, we evaluate the underlying mechanism of why NPEs drive 

the firms to delist. To estimate the degree to which direct and indirect costs may influence a firm’s 

decision to delist, we classify all the delisting cases into forced and voluntary decisions. We 

explore how the impact of NPE litigation is significant on both types of delisting, with a 

significantly higher coefficient for forced delisting. This suggests that NPE-induced firm delisting 

is driven by both direct and indirect costs. Thirdly, we empirically test whether delisting actually 

reduces the likelihood of NPE lawsuits. The basic intuition of this research is that firms delist from 

the stock market in order to minimise the NPE litigation risk. We find that the NPE litigation rate 

against private firms (the treated group) is significantly lower than the rate against public firms 

(the control group). Finally, as a supplementary test, we investigate which type of NPE litigation 
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is the most deleterious to the defendant firms. We find that only litigation by “Acquired patents”, 

which are the NPEs that never produce or innovate is positive and significantly correlated with 

defendant firm delisting. This result suggests that it is the trolling rather than genuine litigation 

leads the defendant firms to delist form the market. 

Our study is important for several reasons. Firstly, it brings the discussion of the NPEs into 

the finance literature. Due to data scarcity, the discussion of NPEs in the finance literature is very 

limited. Our study intends to fill this gap by using the Stanford NPE database to investigate 

whether NPE trolling drives firms to delist from the market. This study is important because it 

provides policymakers with an idea of the extent to which NPEs can impair patent-intensive firms 

and impede innovation. Secondly, the study adds another reason to the literature of the declining 

number of listed firms in the US stock market. Even with a dramatic increase in the market 

capitalization, the number of US listed firms has declined by nearly 50% since the peak of 1995 

(Govindarajan et al., 2018). Finally, our findings completement the prior studies that investigates 

the patent trolling and how it affects the delisting of patent-intensive firms such as high-tech firms 

remains absent. The analysis of NPE trolling and its impacts on patent-intensive firms is 

undoubtedly a novel addition to the delisting literature. 

The remainder of the paper is organised as follows. Section 2 provides the literature review 

concerning the reasons for firm delisting and the detrimental effects of NPEs on the defendant 

firms. Section 3 describes the sample’s construction and reports summary statistics. Section 4 

presents our empirical results. Section 5 concludes and summarises the paper. 

 

2.2 Relationship to the literature and theoretical foundation 

2.2.1 Non-practising entities (NPEs) 
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The characteristics of litigation involving NPEs are different from the other litigations such as, 

shareholder litigation or corporate litigation. NPEs are the “firms that rarely or never practice their 

patents, and instead focus on earning licensing fees” (Shrestha 2010). NPEs aim to quickly recover 

cash in excess of their investments in the purchase of patents. They usually do not provide any 

advance notification, and they do not pursue general agreement processes. An NPE first files a 

patent infringement lawsuit against the related manufacturers and then uses it as leverage in 

negotiations with individual firms. A firm with little experience in a lawsuit involving an NPE 

rather than a competitor will likely face more difficulties in its response. Because NPEs are 

invulnerable to counter-litigation (as they do not produce the patented good) either for 

infringement or the termination of a business relationship, the establishment of a defence strategy 

can be challenging for firms (Reitzig, 2004). 

Defendants in NPE litigation have only two options: endure the costs and losses of 

defending the litigation or settle the lawsuit for less than the expense of defending it. It is unlikely 

that an NPE will have any other relationship with the infringer because it does not engage in 

production as a true market competitor (Fischer, 2012). Manufacturers may hesitate to go on the 

offensive in patent disputes for fear of retaliation in other business relationships. Relationships 

within the market could reduce the intensity of patent disputes among rivals. When firms have 

interlocking business relationships, their behaviours in patent disputes may be different from those 

of NPEs without such ties. As these are absent with NPEs, patent assertion is an effective strategy 

for them and poses a threat to defendants. That is why NPEs are sometimes called “patent trolls” 

in the literature. 

2.2.1.1 The impact of NPE litigation 

The extant literature has profoundly analysed the effects of NPE litigation on abnormal returns, 

entrepreneurial and employment activity, and various performance measure such as R&D, sales, 
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cash level, and dividend. Studies have mostly reported a significantly negative impact from patent 

litigation on firm performance. 

One of the most evident effects of NPE litigation is its impact on the stock returns of 

defendant firms. In an event study of 1,630 lawsuits on stock prices (with 4,114 events using a 

five-day window to measure returns), Bessen and Meurer (2013) find that NPE lawsuits led to 

almost half a trillion dollars of lost wealth by the defendants from 1990 to 2010 in the US market. 

During the last four years of this sample period, the lost wealth averaged at least $80 billion per 

year. Their sample constituted the technology industry that is heavily invested in R&D. As such 

litigation encompasses an inevitable business cost to high-tech firms, it decreases the profits that 

these firms could make on innovation. This means that NPE lawsuits reduce the incentive to 

innovate to a large extent. In a supporting study, Chen et al. (2019) compare the spill-over effect 

of patent litigation brought in by the practising entities and NPEs. The probability of an at-risk 

technology peer being sued by NPEs in the current year increases by 14% if a patent with similar 

technologies has been involved in an NPE patent litigation in the previous year. For NPE litigation, 

potential at-risk peers incur an average loss of $29.8 million per firm in their market capitalisation. 

In contrast, non-litigated peers incur an average loss in market capitalisation of $25.5 million when 

a defendant is sued by an NPE. Henry (2013) argues that firms lose 0.85% of their value following 

a claim that one of their patents is invalid. Using an event study on stock returns, Raghu et al. 

(2008) also find that the news of patent infringement litigation is unfavourably accepted in the 

stock market for the defendants. 

Recently, a number of studies have focused on assessing the impact of NPE activities on 

the innovation at the firm and country levels. Bessen and Meurer (2013) investigated that NPEs 

cost defendants around $29 billion in 2011, which is a 400% increase over $7 billion in 2005. 

From this cost increase, less than 25% of the wealth transfer was allocated to innovation activities, 

with a similar percentage allocated to legal fees and the remainder going to other “deadweight” 
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loss or “social” costs. Besson and Meurer (2008) explored how litigation costs to defendants 

counterweigh the return on investment gained from patented technology. They find that NPE 

litigation fees per case can range from $500,000 (through a summary judgement) to $4 million or 

more (through a trial). Besson and Meurer (2008) argue that NPEs discourage innovation by 

heightening costs to the firms and venture capitalists (VCs) that are launching innovative products 

to the market as the litigation cost arises through threatening lawsuits after product 

commercialisation. Thus, NPEs affect return on investment and consequently innovation. 

A prominent area of discussion concerns NPEs’ impact on entrepreneurial and 

employment activity. Kiebzak (2016) finds that unlike regular patent litigation, litigation launched 

by frivolous litigators or patent trolls has a universally negative effect on VC funding; that is, 

frequent patent litigation suits deter entrepreneurial activity. Appel (2019) analysed how frequent 

patent infringement claims made by NPEs affect a start-up’s ability to grow and create jobs, 

innovate, and raise capital. He explored the staggered adoption of anti-troll laws in 32 US states, 

and his findings suggest that anti-troll laws, which restrict patent infringement claims of bad faith 

from NPEs, lead to a 4.4% increase in employment at high-tech start-ups—a frequent target of 

NPEs. 

Chien (2012) analysed this more specifically in the context of small firms and 

entrepreneurial start-ups. Using a database of 223 technology start-up companies, Chien (2012) 

discovered that 40% of small companies surveyed reported a “significant operational impact” 

following NPE litigation. This impact stems from change of product (18%), delayed achievement 

of milestones (15%), delayed hiring (10%), the shutdown of a business line or the entire business 

(13%), and/or lost valuation (4%). Chien (2012) argues that smaller companies are more heavily 

affected by NPEs than companies with over $100 million in revenue, although in his sample, these 

large companies were litigated at a significantly higher frequency.  
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The above discussion suggests that NPEs are not only detrimental to stock returns and 

innovation activities but that they are also a threat to job creation and entrepreneurship. On the 

other hand, in majority of the cases, delisting stems from a firm’s underperformance. This leads 

us to hypothesise that and analyse whether NPE litigation might lead defendant firms to delist 

themselves from the stock market. 

 

2.2.2 Delisting 

On a broad perspective, delisting refers to the removal of a publicly listed company from the stock 

exchange. Based on the initiators of a delisting, Macey et al. (2008) distinguish the delisting of a 

company as either involuntary or voluntary. A delisting is voluntary if the company itself initiates 

the delisting, whereas it is an involuntary delisting if the stock exchange forces a firm’s exit from 

the market. 

2.2.2.1 Involuntary delisting 

Involuntary delisting happens primarily due to the failure of a firm to meet the listing requirements 

and needing to financially restructure through, for example, bankruptcy or liquidation of the firm 

(Macey et al., 2008). The listing requirements vary depending on the market. In spite of the 

variances, most markets have some minimum listing requirements, such as a specific standard for 

the stock price and turnover volume, the number of shareholders, dividends, revenue, cash flow, 

and corporate governance. For instance, the National Association of Securities Dealers Automated 

Quotations (NASDAQ) has numerical requirements for minimum share price, market value, total 

assets/total revenues, and net income as well as corporate governance requirements such as the 

production of financial reports, having a certain number of independent directors and audit 

committees, and so forth. 

A handful of studies that focuses on the reasons for involuntary delisting find stock 

price/return and market capitalisation to be the key factors that force firms to delist. Seguin and 
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Smoller (1997) examined the stocks listed on NASDAQ between 1974 and 1988 and find that the 

mortality rate is higher for lower-priced stocks than higher-priced issues. Fama and French (2004) 

study how the varying characteristics of new IPO firms affect firms’ survival rates, mergers, and 

propensity to be delisted. They find that more than two out of three IPO firms are delisted within 

10 years for poor performance. Since poor performance makes firms vulnerable to delisting, some 

studies have focused on other performance criteria. For example, Peristiani and Hong (2004) use 

return on assets (ROA) and capitalisation (measured by the equity/assets ratio), Li and Zhou 

(2006) use earnings management and Wagner and Cockburn (2010) use patents as a measure of 

performance.Except for the low performance, the other reasons for involuntary delisting that 

appear in the literature are centred on a lack of corporate governance. Charitou et al. (2007) find 

that firms with more outside directors and higher levels of insider ownership are less likely to be 

delisted from the NYSE.  

2.2.2.2 Voluntary delisting 

A voluntary delisting, which is delisting initiated by the firm itself, can be done with or without a 

subsequent trade. When a listed company is merged with another firm, or is taken over by a public 

bid, its subsequent trade ceases to exist. Alternatively, a firm can be delisted from one market and 

transfer its trading to another more or less regulated market. For example, a firm can decide to 

withdraw from a regulated market but continue to trade on an unregulated market (e.g., an OTC 

market). This type of delisting is referred to as “going dark” or deregistration. In this case, the firm 

continues to trade in a different market. 

Bharath and Dittmar (2010) argue that firms choose to voluntarily delist when the costs of 

listing surpass the benefits of staying public. The cost of listing can be both direct and indirect 

(Martinez and Serve, 2017). First, along with the costs of registration and underwriting fees at the 

IPO stage, the listed firms bear some ongoing costs such as annual listing fees obligatory to stock 

exchanges and regulatory bodies and trading costs. Second, there can be indirect costs such as 
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compliance costs (e.g., auditing and disclosure costs) and agency costs, which arise from conflicts 

of interest between managers and shareholders and/or between majority and minority 

shareholders. DeAngelo et al. (1984) and Lehn and Poulsen (1989) mention that cost saving is a 

main factor in delisting via leveraged buyouts. Therefore, if a firm is underperforming, certainly 

one reason for getting delisted is to eradicate specific costs that are incurred by a listed firm. Using 

accounting ratios (i.e., operating margin and ROA), Martinez and Serve (2011) show that before 

delisting, the relevant firms performed more poorly than the firms that stayed listed. In line with 

this result, Thomsen and Vinten (2014) also show that firms that have gone private are usually 

lower performers (with negative ROAs on average). The results of Pour and Lasfer (2013) and 

Leuz et al. (2008) in the context of deregistered firms also align with the above-mentioned 

findings. 

The majority of the literature (e.g., Amihud and Mendelson, 2000; Bolton and Von 

Thadden, 1998; Boot et al., 2006) demonstrates that liquidity in share trading is one of the most 

important reasons for investor interest in a company and its decision to go public. Engel et al. 

(2007), Bharath and Dittmar (2010), and Mehran and Peristiani (2010) in the US; Pour and Lasfer 

(2013) in the UK; and Martinez and Serve (2011) in continental Europe show a positive 

relationship between stock illiquidity and a firm’s decision to go private. Firms can also go private 

if they have low growth prospects and consequently do not require additional funds to finance 

future growth opportunities. The literature (Lehn and Poulsen, 1989; Kim and Lyn, 1991; Weir et 

al., 2008; Weir and Wright, 2006; Thomsen and Vinten, 2014) suggests that delisted firms show 

lower pre-delisting sales growth than their listed counterparts. Leuz et al. (2008) also find that 

inadequate future growth prospect is a primary driver of the going-dark decision. 

From the corporate governance perspective, the agency theory (Jensen and Meckling, 

1976) suggests that the separation of ownership and control raises conflicts of interest between 

managers and shareholders in firms with diffused ownership. This agency conflict becomes more 
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severe when the managers of public firms sell a percentage of their ownership to outsiders and the 

managers are more into extracting private benefits (Jensen and Meckling, 1976). The incentive 

realignment hypothesis (Martinez and Serve, 2011) recommends that a going-private decision can 

realign the incentives of managers and shareholders (Kaplan, 1989) and improve the governance 

structure of newly delisted firms. Thus, firms may go private when they suffer from ineffective 

corporate governance. Firms with low institutional ownership are also considered to be weakly 

monitored and thus have deficient corporate governance. Bharath and Dittmar (2010) and Mehran 

and Peristiani (2010) argue that voluntarily delisted firms are indeed found to exhibit lower 

institutional ownership and that the delisting of these firms brings the interests of managers and 

shareholders back into line with each other. 

Overall, this discussion suggests that whether it is stock returns, turnovers, or other 

performance issues or inefficient corporate governance, firms proceed to delist themselves when 

they are suffering from underperformance. 

 

2.3 Data and sample construction 

Our sample comprises high-tech publicly traded US firms in the merged CRSP-Compustat 

database from 2000 to 2019. We define a firm as being in a high-tech industry based on the 

classifications in Loughran and Ritter (2004). We chose to focus on high-tech firms because (i) 

the lion’s share of innovation takes place in high-tech industries (Brown et al., 2009) and (ii) NPE 

litigation is concentrated in innovative industries. Examining other industries would most likely 

result in insufficient variation across the companies that are sued and not sued by NPEs. We obtain 

delisting data and stock prices from the CRSP database. This study follows Doidge et al. (2017) 

and considers a firm to be delisted in a year when it deregisters and is omitted from the CRSP 

database. 
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The NPE litigation data is collected from the Stanford Non-Practicing Entity (NPE) 

Litigation Database. These NPE litigation statistics are based on cases coded “830 Patent” in the 

Public Access to Court Electronic Records (PACER) database, which is maintained by the 

Administrative Office of the US Courts. In terms of case counts, the Stanford NPE database 

excludes misfiled, non-patent, false marking, and other non-core patent infringement cases. When 

a case is transferred, Stanford counts it as one case and allocates it to the venue to which it was 

transferred. When several cases are consolidated into one, Stanford counts it as one case but with 

multiple defendants. When a case is severed, Stanford counts it as separate cases. Stanford 

identifies each patent plaintiff as either a practising entity or as one of the eleven types of NPEs 

discussed in Table 11. 

We also use patent information data from Kogan et al. (2017) (hereafter KPSS) that allows 

us to observe the patenting activity of each firm in our sample based on patents filed at the US 

Patent and Trademark Office (USPTO) from 1926 to 2010. The data set provides information on 

the number of patents, the estimated market value of patents, and the number of citations received 

by each patent filed with the USPTO. 

We match the NPE litigation data with the merged CRSP-Compustat data by matching the 

names of the companies in the CRSP-Compustat data with the defendants’ names in the Stanford 

NPE Litigation Database. All the continuous variables are winsorised at the 1st and 99th 

percentiles. The final sample comprises 2,543 unique firms and 21,904 firm-year observations. 

Panel A of Table 1 represents the yearly distribution of the number of listed firms, the 

number of listed firms that are being sued through NPE litigation, and the number of delisted 

firms. 

 

(Insert Table 1 here) 
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From column (1) we observe that the number of listed firms decreases consistently every year 

from 2000 to 2019. It is noteworthy that this number in 2019 is less than half of the number in 

2000. The NPE% in column (3) equals the number of NPE lawsuits divided by the total number 

of firms. The average NPE rate in the sample is 15%. The NPE litigation rate peaked in the year 

2012 until when anti-troll laws were not passed. The NPE rate then started to fall gradually from 

26% in the year 2013 till it reached 20% in the year 2018 and then rose a little to 23% in the year 

2019. Columns (4)–(5) of Table 1, Panel A, report the distribution of the delisted firms for the 

sample period. The average delisting rate in the sample is 9%. 

Panel B of Table 1 displays the distribution of the NPE litigation and the delisting of firms 

across four-digit Standard Industrial Classification (SIC) industries. In columns (2)–(3), we 

observe that communication services are the highest target of NPEs. The computer hardware 

industry is a more popular target than the communication services industry. Overall, the rate of 

NPE lawsuit varies from 9% to 53% across different industries. Columns (4)–(5) show the rate of 

delisting across different industries. We do not observe any meaningful differences in the delisting 

rates across the industries. 

Table 2 reports the number and rate of delisted firms by category. 

 

(Insert Table 2 here) 

 

In columns (2) and (3), delisting cases are classified into voluntary and forced ones. The 

delisting codes are obtained from the CRSP. A delisting is considered voluntary when the CRSP 

delist code is either in the class of “Merger” (codes 200 to 299) or “Voluntary delisting” (codes 

570 to 573). We follow Fama and French (2004) and Doidge et al. (2017), who categorise these 

codes as “delisting for reasons” and “delisting due to mergers”. We categorise delisting due to 

mergers as voluntary because De Loecker et al. (2020) argue that many small or young but 
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potential start-up firms are keen to merge with a larger bidder in order to be protected under the 

larger corporation. Column (3) reports that, on average, 6% of the listed firms went for voluntary 

delisting during our sample period. The highest voluntary delisting rates are observed in 2000, 

during the dot com bubble period. Following Broggard et al. (2021), we consider the categories 

“Exchanges”, “Liquidation”, “Dropped”, “Expirations”, and “Domestic that became foreign” 

(with codes from 300 and above, excluding the codes 570 and 573) as forced delisting. In column 

(5), the forced delisting rate peaked at 8% in 2000, the period of dot com bubble, but stabilised at 

1.5% in the 2010s. The all-time highest forced delisting is found in 2002, the period where the 

Sarbanes-Oxley Act came into force. In most of the delisting rates, our percentage is a little higher 

than that of Broggard et al. (2021), perhaps because we focus only on high-tech firms and they 

broadly analyse the entire industry. 

 

2.3.1 Summary statistics 

Figure 1 shows the number of listed firms in the high-tech industry from 2000 to 2019. We find 

that this number is consistently going down every year from 1,839 in the year 2000 to 703 in the 

year 2019. On the other hand, Figure 2 reports an upward trend in the percentage of firms being 

sued by NPEs. The percentage of the firms being sued by NPEs steadily went up from 2000 to 

2012 until it started falling down from 2013, when anti-troll laws started to be adopted in different 

US states. However, from the year 2018, this percentage has again started to go up. 

 

(Insert Figures 1 and 2 here) 

 

Table 3 reports the summary statistics of the main variable used in this study. 

 

(Insert Table 3 here) 
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In our sample, the average delisting rate is 6.9%, which is very consistent with Broggard 

et al. (2021) and Doidge et al (2017). For a sample period of all the industries going from 1996 to 

2017, Broggard et al. (2021) find an average delisting rate of 7.3%. Whereas, for the period from 

1975 to 2012, Doidge et al. (2017) find this rate to be 7.47%. All the categories of delisting, that 

is, voluntary, forced, and going public, have a rate between 3.1% and 3.9%. On average, the 

percentage of NPE lawsuits in the high-tech industry is 13.5%, which is a bit higher than 8.6% of 

NPE litigation (sued by NPEs) in Cohen et al. (2019). However, Cohen et al. (2019) studied all 

the industries in contrast to just the high-tech industry in this study. The NPE intensity shows that, 

on average, a firm is sued at least 1.7 times by NPEs per year (based on the whole sample). The 

average Market to book ratio is 2.23, and the Leverage rate is 14.8%. The Firm Size (natural 

logarithm of the total asset) is 5.75 on average. These values are broadly consistent with Islam and 

Zein (2020), who report on average Firm Size to be 6.62 in the high-tech industry. 

2.3.2 Empirical specification and control variables 

To investigate whether exposure to NPE litigation drives firms to delist from the stock market, we 

estimate the following fixed-effects panel regression: 

 

    𝐷𝑒𝑙𝑖𝑠𝑡𝑖,𝑡 = α + ( β × 𝑁𝑃𝐸𝑖,𝑡−1 ) + λ𝑋𝑖,𝑡 + 𝜂𝑗  + 𝛿 𝑡 + 𝜑𝑗,𝑡  + 휀𝑖,𝑡                                    (1) 

 

Where i indicates firms, j indicates industries, and t indicates years. The dependent variable 

𝐷𝑒𝑙𝑖𝑠𝑡𝑖,𝑡 is an indicator variable equalling one if firm i delists in a corresponding year t and zero 

otherwise. The independent variable 𝑁𝑃𝐸𝑖,𝑡−1 is an indicator variable equalling one if firm i is 

sued by an NPE in year t and zero otherwise. In equation (1), we are primarily concerned with the 

coefficient β. The coefficient β denotes the value and magnitude of the relationship between NPE 
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lawsuit exposure and the propensity of the defendant firms to delist. We hypothesise that firms are 

more likely to delist if they are sued by NPEs than if they are not. 

Since the delisting of high-tech firms can be driven by common unobserved year and industry 

effects, we incorporate year, industry, and year-industry fixed effects together (𝛿 𝑡 , 𝜂𝑗, and 𝜑𝑗,𝑡 

respectively) in the models. The industry is defined by four-digit SIC codes based on Loughran 

and Ritter (2004), and standard errors are clustered at the industry level. In the most constricted 

form of our estimation, we use the industry-year fixed effect (𝜑𝑗,𝑡). This fixed effect is used to 

incorporate all the variables that do not vary within a given year and industry, such as business 

cycles and industry-wide investment opportunities. It includes VC financing cycles (Ljungvist et 

al., 2018), merger waves (Doidge et al., 2017), and industry-wide competition (Kahle and Stulz, 

2017). All of these could affect a firm’s delisting probability (Broggard et al., 2021). This ensures 

that our study analyses the propensity of firm delisting following NPE lawsuits while absorbing 

any unobserved heterogeneity that varies across industries and years over time. 

The vector 𝑋𝑖,𝑡 includes time-varying firm-specific control variables that can affect the 

probability of firms’ delisting such as Market to book ratio, Firm Size, Leverage, ROA, and 

Cashflow volatility. 

To account for the fact that low-value and low-growth firms may decide to exit from the stock 

market, we include Market to book ratio and Firm Size as controls. Mehran and Peristiani (2011) 

argue that the Market to book ratio can be viewed as a simple proxy for Tobin’s q. A low Market 

to book ratio refers to a low-franchise value and less profitable prospects for reinvesting cash 

flows to go forward. We measure Firm Size by the natural logarithm of the total assets. The extant 

literature is in a quandary about the effect of firm size and growth on the probability of delisting. 

One school of thought argues that large and high-growth firms are more heavily discussed in the 

media and therefore more vulnerable to litigation risk (Kim and Skinner, 2002). The cost of staying 

public is high for large firms, which could encourage delisting. The other school of thought claims 
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that small and low-growth firms are less able to exploit the liquidity advantage of public markets 

compared to private markets (Doidge et al., 2017; Mehran and Peristiani, 2011). 

Pour and Lasfer (2013) argue that access to public markets and greater transparency enable 

firms to have superior bargaining power with banks, ensuring low borrowing restrictions and 

diversification of sources of finance (Bharath and Dittmar, 2006). Some firms finance their growth 

opportunities with this funding, while other firms go public to rebalance their leverage (Pagano et 

al., 1998). Aslan and Kumar (2011) find that leverage persuades firms to go private. In Europe, 

firms go public to enhance their bargaining power with banks and to reduce their leverage. Firms 

that are not able to rebalance their leverage choose to go private (Bancel and Mittoo, 2009). Hence, 

we expect firms to delist if they are unable to raise equity capital to rebalance their capital structure. 

We test these arguments by including Leverage in the estimation. We expect low-growth firms 

with high leverage and low probability of raising equity capital to be more likely to delist 

voluntarily. 

We control for ROA as profitability is one of the key determinants of a firm’s survival in the 

US market (Bruner et al., 2006). Using the ROA as a measurement of profitability, Bruner et al. 

(2006) observe that at the time of delisting, the delisted firms have lower profitability in 

comparison to the firms that remained listed. They also find that both voluntary and involuntary 

delists have negative ROA on average compared to newly listed firms. Similarly, Sanger (1990) 

finds that most of the delistings stem from the failure to meet numerical standards, one of which 

is related to profitability. 

We also use Cashflow volatility (a five-year rolling standard deviation of operating income 

before depreciation divided by total assets) to control for firm risk as financial distress may prompt 

firms to delist (Broggard et al., 2021). 

 

2.4 Empirical results 
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2.4.1 The association between NPE lawsuits and firm delisting—baseline 

 
We begin by estimating the most basic form of our equation, that is, the impact of NPE lawsuit 

exposure on a defendant firm’s propensity to delist. Following Broggard et al. (2021), we employ 

OLS as our baseline regression, with the idea that our estimation holds a large number of fixed 

effects along with various dimensions. According to Lancaster (2000), using maximum likelihood 

tests such as logit or probit in this regard may cause an incidental problem. In Panel A of Table 4, 

we use an indicator, NPE, equal to one if a firm experiences at least one NPE lawsuit in the prior 

year and zero otherwise. In Panel B of Table 4, we use, NPE intensity, which is the number of 

NPE lawsuits that a firm experiences in the prior year. In Panel A, column (1) uses only the 

industry fixed effect to absorb the variations of the industry in the estimation. Column (2) uses 

both year and industry fixed effects separately, and column (3) uses industry-year fixed effects 

together. 

 

(Insert Table 4 here) 

 

We find that high-tech firms are highly likely to delist following exposure to NPE litigation. 

In both the panels and in all the specifications in Table 4, the coefficients of NPE and NPE intensity 

are significantly positive at least at 5%. In the most conservative form of the specification, where 

both firm-level controls and industry-year fixed effects are considered, an NPE litigation increases 

the chance of delisting by 14.4%. Moreover, the consistency in the magnitude of the relationship 

proves that any industry or year fixed effect left behind is unlikely to change the result. 

The other significant controls have the expected signs. In line with Mehran and Peristiani 

(2009), Doidge et al. (2017), and Bruner et al. (2006), we find that Market to book value, Firm 
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Size, and ROA are negatively associated with delisting. Consistent with Broggard et al. (2021), 

Cashflow volatility is positive associated with firm delisting. 

 

2.4.2 Other robustness tests of the baseline 

 

First, in Table 5, following Broggard et al. (2021), we estimate the probit and duration model to 

test whether the outcome is coherent with the baseline. Instead of OLS, we test a probit model 

between column (1) and (4). We do not include year and industry-year fixed effects in the probit 

model. To control for the larger industry’s conditions and economy-wide effects, variables such 

as Industry sale growth rate and Real GDP growth rate are incorporated in column (2). In line 

with the OLS estimate, the coefficient of the probit model is significantly and positively related to 

delisting propensity. Thus, the probability of delisting rises following NPE lawsuits. In columns 

(5) and (6), we examine the hazard ratio for the Cox regression. Here the hazard ratio is the 

probability that a firm will delist in the next year. Survival models account for both an event’s 

occurrence and the time to the event (Fama and French, 2004). Moreover, a survival model is the 

best option when examining censored data and time-series data with different time horizons 

(Shumway, 2001). Similar to the OLS estimate, the hazard ratio is significantly and positively 

related to delisting propensity. That said, the probability of delisting rises following NPE lawsuits. 

In column (4), we again incorporate the variables of Industry sale growth rate and Real GDP 

growth rate. The coefficient (SCA) remains robust to this alternative model specification. 

(Insert Table 5 here) 

Our general convention says that the delisting probability is high when the economy goes 

through a crisis. To check whether our result still holds even in a non-crisis period, we exclude 

the financial crisis of 2007–2008 and the dot com bubble and find similar results. In column 1 of 

Table 5, Panel B, we exclude the years of the financial crisis, that is, 2007–2009 from the sample. 
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In column (2), we remove the dot com bubble, that is, the years 2001–2002, from the sample. 

Keeping the controls and fixed effects the same as the baseline, we find that the coefficient of NPE 

is consistently positive and significant. 

A handful of studies occasionally discuss the impact of corporate governance on delisting. For 

example, Bajo et al. (2013) find that having a large number of institutional investors reduces the 

probability of delisting. Using 161 firms’ data from the NYSE between 1998 and 2004, Charitou 

et al. (2007) find that a firm’s governance characteristics, such as its board of directors and 

ownership structure, have a significant impact on delisting. Here, as a third robustness test, we 

investigate the impact of governance improvement on a firm’s delisting decision. We extend the 

analysis by including Institutional Ownership, Governance index, and Entrenchment index in the 

baseline regression in Panel C. In all the specifications, we find that the coefficient of NPE is 

positive and statistically significant at 5%. 

Our findings from the robustness tests show that the baseline result holds irrespective of the 

different econometric specifications used to estimate NPE litigation risk. 

 

2.4.3 The causal relationship between NPE litigation and firm delisting 

 

Even though we believe that verifying the robust positive relationships between NPE litigation 

and delisting is adequate, our empirical analysis does not investigate the causal interpretation of 

the results. We hypothesised that it is the underperformance or low abnormal return of a company 

that drives the firm to delist. Because exposure to NPE litigation is a negative shock that leads to 

the company’s underperformance, NPEs in turn drive firms to deregister from the stock market. 

In juxtapose, it might have happened that underperforming firms may be more litigated or 

trolled by NPEs and then more likely to delist due to financial difficulties. This might have led to 

a positive association between NPE litigation and firm delisting. This is consistent with the 
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selected-style hypothesis of Fee et al. (2013). Thus, the association we investigate in the baseline 

might be led by the selection bias of NPEs to choose underperforming companies. To mitigate this 

potential selection bias problem, we use some exogenous events that may be associated with NPE 

litigation but not with delisting. We use the anti-troll laws as natural experiments to establish the 

causal link between NPE litigation and the decision to delist. 

 

2.4.3.1 Impact of anti-troll law 

To investigate whether anti-troll laws change the relationship between a firm’s experience of NPE 

litigation and delisting, we use the following difference-in-difference test in Panel A of Table 7: 

 

𝐷𝑒𝑙𝑖𝑠𝑡𝑖,𝑡= α + 𝛽1×𝑁𝑃𝐸𝑖,𝑡−1 +  𝛽2 (𝑁𝑃𝐸𝑖,𝑡−1×𝐴𝑛𝑡𝑖𝑡𝑟𝑜𝑙𝑙 𝑑𝑢𝑚𝑚𝑦𝑠,𝑡−1) + 𝛽3 × 

𝐴𝑛𝑡𝑖𝑡𝑟𝑜𝑙𝑙 𝑑𝑢𝑚𝑚𝑦𝑠,𝑡−1+ λ𝑋𝑖,𝑡 + µ𝑠  + 𝛿 𝑡  + 휀𝑖,𝑡                                       (2) 

 

where 𝐴𝑛𝑡𝑖𝑡𝑟𝑜𝑙𝑙 𝑑𝑢𝑚𝑚𝑦𝑠,𝑡−1 is an indicator variable equal to one if the firm belongs to a state 

that has adopted an anti-troll law in the corresponding year. The independent variable 𝑁𝑃𝐸𝑖,𝑡−1 is 

interacted with by 𝐴𝑛𝑡𝑖𝑡𝑟𝑜𝑙𝑙 𝑑𝑢𝑚𝑚𝑦𝑠,𝑡−1 in order to differentiate the treatment and control firms. 

As an anti-troll law is a statewide law and is adopted in different years in different states, we use 

the state fixed effect µ𝑠 to absorb the variable among the states. In addition, because there is 

variation in years by the states that adopt this type of law, to incorporate the time variation, we use 

the year fixed effect 𝛿 𝑡. 

 

(Insert Table 6 Here) 

 

In column (1) we use only the state fixed effect, and in column (2) we use both the state 

and year fixed effects. The results are very similar in both the cases. The coefficient of NPE is 
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positive and statistically significant, whereas the coefficient of 𝐴𝑛𝑡𝑖𝑡𝑟𝑜𝑙𝑙 𝑑𝑢𝑚𝑚𝑦 is insignificant. 

That means the positive baseline association between NPE and firm delisting exists and anti-troll 

laws alone do not have any significant impact on a firm’s decision to delist. However, when NPE 

is interacted with by 𝐴𝑛𝑡𝑖𝑡𝑟𝑜𝑙𝑙 𝑑𝑢𝑚𝑚𝑦, we find a largely negative and statistically significant 

outcome. Therefore, after an anti-troll law is adopted in a state, the effect of NPE is abated enough 

to eliminate the positive effect of the NPE on the delisting. To sum up, the baseline results remain 

robust even after controlling for the potential endogeneity between NPE lawsuits and delisting 

probability. NPE lawsuits increase the propensity of firms to delist. 

 

2.4.3.1.1 Impact of anti-troll laws on the NPE litigation 

In Panel B of Table 6, we investigate whether anti-troll laws truly reduce NPE litigation on high-

tech firms as discussed above. We conduct this test by regressing Antitroll dummy on NPE 

litigation. Columns (1)–(2) use the indicator value of NPE litigation and columns (3)–(4) use NPE 

intensity as the dependant variable. The control variables remain the same as that of the baseline 

regression. Columns (1) and (3) use the state-year fixed effect. Columns (2) and (4) use the state 

fixed effect and year fixed effect separately. In all the specifications, we find the coefficients of 

Antitroll dummy to be significantly negative, implying a comparative decline in the chances of 

NPE litigation in states where an anti-troll law is adopted than in those states where such a law is 

not adopted. The result confirms the lesser level of NPE threats in states that have adopted anti-

troll laws. 

2.4.3.1.2 Impact of anti-troll laws on delisting return 

From Panel B of Table 7, we find that an anti-troll law’s rigorous ruling on NPEs reduces the 

frequency of NPE litigation. When NPE trolling is low, high-quality (measured by patent) but 

vulnerable (to NPE litigation) firms can still stay in the market. This effect shifts towards the 

poorly performing firms that fail to meet a stock exchange’s requirements. Since poorly 
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performing firms experience low delisting returns (Engel et al., 2007), the average delisting CAR 

should be even smaller. We suspect this CAR is even more negative following an anti-troll law. 

The stock return data is collected from the CRSP and matched to the Compustat Merged-

Fundamentals Annual file. We limit the data to only the NYSE, AMEX, and NASDAQ traded 

firms referred to in the CRSP database by exchange codes 10 and 11. The frequency of the return 

is daily, and we winsorise the daily return at the 1st and 99th percentiles. 

To test whether the adoption of anti-troll laws shift more negative returns to the poorly 

performing defendant firms, we investigate the CAR of the delisting return variable (dlret) of the 

public defendant firms to the delisting event. We use the Fama and French (2004) three-factor 

model as the benchmark model to estimate the return. The delisting date is the event date. The 

estimation window is the trading day [-252, -21], where day 0 is the delisting date. The CAR is 

calculated for various windows from 5, 9, 13, 17, and 21 days prior to the delisting up to the 

delisting date. The comparison and test of CAR are reported in Table 8. 

 

(Insert Table 7 here) 

 

Panel A of Table 7 compares the CARs of the delisting firms before and after the adoption of anti-

troll laws. The CAR is calculated for the windows of 5, 9, 13, 17, and 21 days prior to the delisting 

up to the delisting date. In most of the cases, the CARs of the delisting firms decline significantly 

after the adoption of anti-troll laws. For the five-day window, the CAR falls by 4% after the 

adoption of anti-troll laws. 

Panel B reports the cross-sectional regression of the CAR on anti-troll laws for all the windows 

taken into consideration in Panel A. We control for firm characteristics such as market to book 

ratio, firm size, leverage, return on assets, and cashflow volatility, all of which may affect the 

CAR. Both industry and year fixed effects are used to capture the variation in the industry and 
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between time. As firms may stop filing financial statements years before the delisting, we exploit 

the earliest financial data available within the current year of, or one year prior to, the delisting 

date. The number of specifications comes down to 912 because of the lack of data on stock returns 

and missing control variables. In all the specifications, we find that the delisting cumulative 

abnormal returns are significantly negative at 1%. This outcome indicates that the delisting returns 

deteriorate even further for firms that belong to anti-troll states. 

2.4.4 Firm characteristics 

2.4.4.1 Firm vulnerability 

Cohen et al. (2019) argue that NPEs are opportunistic organisations that behave as “patent trolls. 

NPEs sue cash-rich firms unrelated to alleged infringement at almost the same rate as they target 

cash in firms related to alleged infringement”. Following Cohen et al. (2019), we proceed to 

examine which types of firms are most vulnerable to the frivolous NPE lawsuits and prone to 

delisting. Wernerfelt (1984) and Barney (1991), in their resource-based theory, argue that a firm’s 

ability to create and sustain unique resources influences its competitive advantage performance. 

Following this theory, Esteve-Pérez and Mañez-Castillejo (2008) attempted to identify the 

determinants to a firm’s survival. They claim that older and larger firms and those with better 

operating performance are likely to have adequate resources to survive longer than the other firms. 

Therefore, firm size, age, and operating performance variables are expected to have negative 

relationships with the delisting rate. On the other hand, the trade-off theory of capital structure 

reasons that financial leverage may lead to financial distress and consequently the probability of 

involuntary delisting (Lamberto and Rath, 2010). This prediction is confirmed by several studies, 

such as Platt (1995), Baker and Kennedy (2002), Li et al. (2006), Demers and Joos (2007), and 

Yung et al., 2008. 

As such, we examine different firm characteristics on delisting and find that leverage and 

small firm size have significant impact on the association between NPE threat and firm delisting. 
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Column (1) of Table 8 reports the interaction between Leverage and NPE on firm delisting. First, 

we find that Leverage alone is positively related to delisting but that it is not significant. Thus, 

Leverage does increase the financial distress for a firm to delist from the market. However, when 

interacted with by NPE, the coefficient becomes significantly positive, implying that NPE threat 

substantially increases the risk of delisting for highly indebted firms. Column (2) exploits the firm 

size from the concept of resource-based theory mentioned above. Firms are identified as small 

firms if their total asset size is less than the 25th percentile of the sample total asset. We find that 

small firms are insignificantly positively related to firm delisting. But when interacted with by 

NPEs, the propensity to delist becomes higher and significant. This is consistent with Bessen and 

Meurer (2013), who find that small firms are the most targeted by NPEs. In an unreported test, we 

do not find any plausible relationship between firm age and/or operative performance and firm 

delisting. Finally, column (3) investigates whether young firms are vulnerable to NPEs triggering 

delisting. Firms are identified as young if the age of the firm is below the 25th percentile of the 

age of all the sample firms. We find that the coefficient of Young firm is positive and significant. 

When interacted with by NPE, the coefficient of the interaction term doubles, which indicates that 

when young firms are sued by frivolous NPEs, they are highly vulnerable to delisting. 

 

(Insert Table 8 here) 

 

This result establishes that high-tech firms that have higher leverage, are smaller in size, and 

are young in age are more vulnerable to delisting when threatened by patent trolls. 

2.4.4.2 Negative sentiment of firm news 

Continuing with the concept of vulnerability, we investigate how firms’ media exposure affects 

an NPE’s opportunistic behaviour. The mass media agenda-setting theory by McCombs and Shaw 

(1993) argues that even though the media has no straight impact on ’people’s understandings, it 
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can shape people’s perceptions rather than change them. It adds that media can affect the market 

by framing market events and that it is able to facilitate the appearance of “irrational exuberance” 

(Shiller, 2015). The key mechanism is that by reducing the information asymmetry to the public 

(Zyglidopoulos et al., 2012), the media influences the building of organisational identity (Gilpin, 

2008) and ’stakeholders’ perceptions and behaviour (Einwiller, Carroll, and Korn, 2010). 

Recently, the discussion of the impact of media coverage on various business performance metrics 

has become quite a prominent part of the literature. Fang and Peress (2009) argue that excessive 

media coverage of stocks leads to lower returns. Williams (2013) finds that press coverage that 

uses the metaphor significantly impacts investment decision-making. By using the media coverage 

of toy companies after misconduct, Zavyalova et al. (2012) find a negative spillover effect of the 

media sentiment, showing that the focal firm is affected by the behaviour of competing firms in 

the same industry. Using Chinese market data for the period 2006–2017, Sheng and Lan (2019) 

find that firms whose stocks experience consecutive annual losses, greater news volume, and 

negative news sentiment are threatened by the “delisting risk warning” announcements. 

 

(Insert Table 9 here) 

 

We collect the media exposure data from the RavenPack database, which provides a CSS 

for every piece of news held in the database. Firms that have a negative CSS are identified as 

having negative sentiment. Table 9 reports the interaction between NPE and negative sentiment 

from the news about a firm and how the interaction affects the propensity to delist. In both columns 

(1) and (2), when NPE lawsuits are interacted with by the Negative sentiment, we find that the 

coefficient terms become positive and significant at 5% significance level. This supports our 

argument that firms with a negative sentiment in the market are more vulnerable and more likely 

to delist when threatened by NPE trolls. 
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2.4.5 How do NPE threats drive firms to delist? 

Now that we have found enough evidence that NPE litigation drives firms to delist from the stock 

market, we investigate the mechanism or channel through which this happens. Bharath and 

Dittmar (2010) argue that firms decide to delist when the costs of listing exceed the benefits of 

remaining public. In other words, firms look at different trade-offs in their delisting decision, 

depending on the type of delisting and whether they will continue to trade afterwards. By testing 

voluntary and forced delisting, we find that the cost of litigation does matter for a firm’s decision 

to delist. Second, we investigate whether firms delist in order to protect themselves from the threat 

of NPE litigation. By comparing the litigation rate of private and public firms, we find that private 

firms are considerably less likely to be sued by NPEs than public firms. 

 

Cost of NPE litigation 

The literature finds at least two costs, that is, direct and indirect costs, involved in NPE litigation. 

First, when sued by an NPE, the direct costs incurred are so substantial that firms find incurring 

similar costs in the future too large to remain listed. The American Intellectual Property Law 

Association (AIPLA)15 issues a biannual survey of IP-related costs. For an entire trial, AIPLA 

says that with less than $1 million at risk, the trial will cost $700,000, while very high-value cases 

will cost $4 million or more. 

On the other hand, the indirect cost of NPE litigation involves enforcing a granted property 

right against infringement, which is associated with costs such as time and expenditure of the legal 

process. Moreover, uncertainty during the dispute often leads to high opportunity cost. 

Differentiating direct and indirect costs is not possible from the data available. Therefore, we 

assess the costs by investigating the motivation for delisting and the demerits of NPE trolling. 

 
15 https://www.aipla.org/ 

about:blank
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We categorise all delisting cases into forced and voluntary choices. Our general convention 

suggests that direct (indirect) costs will matter more for forced (voluntary) delisting. If indirect 

costs do not matter, we will not observe the impact of NPE litigation on voluntary delisting. To 

examine this proposition, we restrict our sample to cases of voluntary and forced delisting. The 

results are stated in Table 10. 

 

(Insert Table 10 here) 

 

The magnitude of the effect of NPE and NPE intensity is significant across all the models 

for both forced and voluntary delisting. Although the extent on voluntary delisting is smaller, 

indicating the smaller impact of indirect costs as opposed to direct costs, they remain statistically 

robust and economically meaningful. In addition, this finding helps to rule out the concern that 

our main finding is primarily driven by firms forced to delist because of the financial distress 

caused by an imminent legal cost. If that is a concern, we should see the litigation effect become 

insignificant to voluntary delisting cases. Nevertheless, that is not the case. 

 

2.4.6 Does going private reduce NPE trolling? 

The main argument of this paper is that public firms delist from the market because of the threat 

of NPE trolling. Therefore, it is robust to examine whether going private in fact saves firms from 

the NPE threat. To investigate this argument, we regress going private (GPT), or the OTC market, 

on the NPE. The GPT data is obtained from the Compustat Capital IQ database. We identify 

private firms by the exchange codes 0, 19, or 20. These codes specify firms that have gone private, 
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not traded in a public stock exchange, are subject to a leveraged buyout, or have been traded in 

the OTC market16. 

 

(Insert Table 11 here) 

 

As public and private firms exhibit characteristics in a significantly different way, we conduct 

a difference test between the characteristics of these firms in Panel A of Table 11. Columns (1) to 

(5) report the statistics of the sample between private and public firms. Consistent with our 

expectation, the firm characteristics are statistically and economically significantly different 

between private and public firms. We also perform propensity score matching based on market to 

book ratio, firm age, leverage, return on assets, and cashflow volatility. We match the treated 

(private) and control (public) firms based on the nearest propensity score with replacement and 

present the results in Panel A of Table 11. After matching, the results in columns (6) to (10) show 

that although there is no systematic difference in the characteristics of control and treated firms, 

the propensity of NPE litigation is significantly less for private firms than public firms. More 

notably, while other control variables are comparable between the control and treatment groups, 

the NPE litigation rate against private firms (treated) is significantly lower than that of public firms 

(control group). 

Moreover, to confirm this difference test, we conduct a cross-sectional regression of firms 

going private (Private) on the propensity to be sued by NPEs (NPE). Column (1) reports the OLS 

regression of Private on NPE. Using an industry-year fixed effect and firm-level controls, we find 

a negative and significant coefficient of NPE. To confirm the robustness, we use the probit model 

in column (2), which provides similar results with a higher and more significant coefficient of 

 
16 Private firms have the discretion to voluntarily report financial data when they want to go to an IPO in the future. 

Moreover, the requirement of SEC reporting is mandatory for OTC firms meeting specific requirements in firm size, 

the number of record holders, or the existence of public debt issuance. For more discussion on OTC regulatory 

regimes, please refer to Brueggemann, Kaul, Leuz, and Werner (2018). 
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Private on NPE. The negative coefficient of Private confirms our proposition that after going 

private, the propensity of the firms to be threatened by NPEs declines. 

 

2.4.7 Producing or non-producing NPEs—which one matters more? 

Finally, we aim to investigate which type of NPE litigation is the most deleterious to the 

defendant firms. The Stanford NPE database distinguishes NPEs based on whether the NPEs truly 

produce the product or not. NPEs are considered to be trolls if they do not produce the product. 

Instead of in-house technology or production, they rely of other small firms for or outsource the 

production. Because they are weak in terms of technology, they become more aggressive to win 

the litigation. On the other hand, when NPEs produce the product themselves, they are confident 

about winning the litigation. Therefore, when NPEs do not produce the product, their threat should 

be more intense and the delisting probability should be highly significant. 

The Stanford NPE database distinguishes NPEs into several types17. It considers only 

“Acquired patents”, “Corporate heritage”, and “Individual inventors” to be true patent trolls. 

According to the definition, “Acquired patents” include any NPE primarily in the business of 

asserting patents it has acquired from other entities, for example, Acacia and Intellectual Ventures. 

Therefore, NPEs in this category are not the true inventors of an innovation. “Corporate heritage” 

entities are firms that were successful producers for a sustained period of years but then 

transitioned to a PAE business model. Examples include Encyclopaedia Britannica, Inc.; IMX, 

Inc.; and PDL Biopharma, Inc. “Individual inventors” comprise firms primarily in the business of 

asserting patents, where the original inventor of the patents is the founder and/or owner of the 

NPE. Most “Individual inventors” entities are limited liability companies owned by the inventor(s) 

 
17 The Stanford NPE database distinguishes NPEs into several types, including “Acquired patents”, “University”, 

“Failed start-up”, “Corporate heritage”, “Individual inventor university/gov’t/non-profit”, “Start-up”, “Product 

company”, “Individual”, “Undetermined”, “Industry consortium”, “IP subsidiary”, and “Corporate inventor”. 
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of the asserted patents and exist solely to hold and enforce those patents. Examples include Ronald 

A. Katz Technology Licensing, L.L.C. 

 

(Insert Table 12 here) 

 

The above definition suggests that “Acquired patents” NPEs do not truly hold the patents 

or invent the products. They purchase the patents to sue other firms. The other two categories are 

inventors of a product. Therefore, “Acquired patents” seem to be patent trolls in the true sense and 

their threat should be intense enough to significantly drive the defendant firms to delist. In Table 

12, we group patent trolls into three categories and find that the “Acquired patents” group is 

positive and significant on defendant firm delisting. The other two categories in columns (2) and 

(3) are positive but not significant. Our result supports the idea that the threat of non-producing 

NPEs is intense enough to significantly drive the defendant firms to delist.  

 

2.5 Conclusion 

NPEs are called “patent trolls” or “patent sharks” in the literature as they rarely or never produce 

a product but purchase patents on behalf of other companies for the sole purpose of trolling other 

similar product-producing companies. The recent patent literature highlights the severe effect of 

NPEs on innovation-intensive companies through how they affect, for example, innovation, R&D, 

abnormal returns, entrepreneurial and employment activity, cash level, dividend payments, market 

share, and the corporate venture capital investments of the defendant firm. Our study adds to the 

literature by investigating whether the cost of NPE litigation is large enough to drive defendant 

firms to delist from the stock market. 

Using firm-level controls and an industry-year fixed effect, we find a positive association 

between NPE threats and firm delisting. This association is statistically significant and 
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economically meaningful. This result is robust to control for various regression models, alternative 

subsample periods of time, the endogeneity problem, and other governance variables. This 

relationship becomes stronger for small and young firms and firms in distress such as highly 

leveraged firms. To investigate a firm’s vulnerability to NPE opportunism, we examine this 

association for firms experiencing negative sentiment in the media. The findings suggest that firms 

having more negative sentiment are more likely to delist when sued by NPE patent trolls. To test 

the causal effect of the NPE threat on delisting, we exploit the America Invents Act and 

corresponding anti-troll laws in our regression. Using both the America Invents Act and anti-troll 

laws as a natural experiment, we find that after an anti-troll law is adopted in a state, the effect of 

NPEs is abated enough to eliminate the positive effect of NPEs on delisting. We also find a 

deteriorating abnormal return before delisting in states where anti-troll laws are adopted. 

Finally, to test whether direct or indirect cost leads to delisting, we compare forced and 

voluntary delisting. We find forced delisting to be more prominent in driving firms to delist while 

voluntary delisting remains significantly positive as well. The results show that the direct cost of 

NPE litigation is more influential to disincentivise firms from remaining listed. To investigate 

whether escaping from the market really shields firms from patent trolls, we examine the impact 

of going private on the propensity of NPE lawsuits. By comparing the litigation rates of private 

and public firms, we find that private firms are considerably less likely to be sued by NPEs than 

public firms. 

In summary, our study contributes to the literature by showing that frivolous NPE trolling 

is detrimental to a firm’s operation. It impedes high-tech firms’ innovation activities and 

competitiveness in equity markets. Our findings also suggest that government intrusion on NPE 

activities through policy imposition does moderate the excruciating effect of patent trolling. Our 

result establishes that such regulations on NPE trolling are crucial to let innovative companies 

pursue participation in the US stock market. 
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The main shortcoming of the NPE literature is the unavailability of sufficient public data. 

If more information were available, we could examine the indirect cost of NPE litigation on high-

tech firm delisting. Further research can add more information to existing databases and invigorate 

this area of finance literature. 
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2.6 Tables and Figures  

Table 1: Distribution of NPE lawsuits and Delisting 

 

The table reports the NPE lawsuits and the delisting of the public firms of the high tech industry. Panel 

A reports the yearly frequency of the NPE lawsuits and the delisting of the publicly listed firms for the 

period from 2000 to 2019. Panel B presents the distribution of the same across 4-digit SIC sectors. In 

Panel A, the NPE rate in column (3) is the number of NPE lawsuits in column (2) divided by the total 

number of firms in column (1). In column (5) of Panel A, the Delisting rate is the number of delisted 

firms in column (4) divided by the total number of firms in column (1). Panel B reports the similar NPE 

rate and the Delisting rate by industry.  

Panel A: NPE lawsuits by year      
  (1) (2) (3) (4) (5) 

Year # of firms NPE Delisting 

    # % # % 

2000 1839 80 4% 190 10% 

2001 1693 82 5% 209 12% 

2002 1517 84 6% 190 13% 

2003 1363 106 8% 147 11% 

2004 1287 128 10% 85 7% 

2005 1270 125 10% 99 8% 

2006 1235 133 11% 113 9% 

2007 1215 196 16% 132 11% 

2008 1104 186 17% 100 9% 

2009 1024 187 18% 83 8% 

2010 1005 248 25% 86 9% 

2011 947 251 27% 67 7% 

2012 923 256 28% 70 8% 

2013 872 223 26% 57 7% 

2014 846 199 24% 56 7% 

2015 828 184 22% 60 7% 

2016 794 182 23% 69 9% 

2017 737 144 20% 57 8% 

2018 702 140 20% 38 5% 

2019 703 159 23% 47 7% 

Total 21904 3293 15% 1955 9% 

Panel B: NPE lawsuits by industry     
  (1) (2) (3) (4) (5) 

Sector # of firms NPE  Delisting  
    # % # % 

Communication equipment 2037 313 15% 191 9% 

Communication services 1339 713 53% 77 6% 

Computer hardware 1256 297 24% 117 9% 

Electronics 3811 611 16% 238 6% 

Measuring controlling devices 1761 179 10% 113 6% 

Medical instruments 2547 278 11% 192 8% 

Navigation equipment 370 34 9% 22 6% 

Software 6771 649 10% 792 12% 

Telephone equipment 2012 219 11% 213 11% 

Total 21904 3293 15% 1955 9% 
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Table 2: Distribution of types of delisting 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

This table reports the types of delisting by years. Column (2) and (4) present the number of delisting that 

were voluntary and forced respectively. In column (3), the rate of voluntary delisting the number of 

voluntary delisting in column (2) divided by the total number of firms in column (1). The rate of forced 

delisting in column (5) is the number of forced delisting in column (4) divided by the total number of 

firms in column (1). 

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

Year # of firms Voluntary  Delist Forced  Delist 

    # % # % 

2000 1839 143 8% 48 3% 

2001 1693 107 6% 102 6% 

2002 1517 75 5% 115 8% 

2003 1363 77 6% 70 5% 

2004 1287 55 4% 30 2% 

2005 1270 62 5% 37 3% 

2006 1235 84 7% 29 2% 

2007 1215 95 8% 37 3% 

2008 1104 71 6% 29 3% 

2009 1024 49 5% 34 3% 

2010 1005 71 7% 15 1% 

2011 947 50 5% 17 2% 

2012 923 51 6% 19 2% 

2013 872 44 5% 13 1% 

2014 846 47 6% 9 1% 

2015 828 53 6% 7 1% 

2016 794 55 7% 14 2% 

2017 737 43 6% 14 2% 

2018 702 30 4% 8 1% 

2019 703 31 4% 16 2% 

Total 21904 1293 6% 663 3% 
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Table 3: Summary statistics 

The table reports the summary statistics of the main variables of this study. The sample period is from 

2000 to 2019. It considers only the high-tech industry defined by Loughran (2004). All data are expressed 

at the firm level and variable definitions are provided in the Appendix. We use the NPE litigation data 

from the Stanford NPE Litigation Database and delisting data from the CRSP. Continuous variables are 

winsorized at 1%. 

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

 Mean S.D. 25th 50th  75th Obs. 

      percentile percentile percentile   

Delisting       

Delist 0.069 0.829 0 0 0 15026 

Voluntary  0.031 0.552 0 0 0 15026 

Forced  0.039 0.620 0 0 0 15026 

Private 0.031 0.576 0 0 0 15026 

       

NPE lawsuits       

NPE  0.135 0.342 0 0 0 15026 

NPE intensity 1.704 12.694 0 0 0 15026 

ln(NPE intensity) 0.247 0.737 0 0 0 15026 

       

Antitroll dummy 0.054 0.225 0 0 0 15026 

       

Firm characteristics       

Market to book ratio 2.230 2.614 1.184 1.672 2.545 15026 

Firm Size 5.750 2.287 4.028 5.522 7.244 15026 

Leverage 0.148 0.279 0 0.041 0.231 15026 

ROA 0.061 0.440 0.037 0.074 0.095 15026 

Cash Volatility 0.138 0.541 0.029 0.058 0.119 15026 

RD 0.125 0.161 0.042 0.088 0.154 12837 

Firm Age 2.348 0.932 1.792 2.398 2.996 14957 

Sales growth 0.293 7.365 -0.057 0.067 0.209 14783 
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Table 4: The impact of NPE litigation on firm delisting 

This table presents the baseline model of the impact of the NPE litigation on firm delisting. It 

reports the fixed effect panel regression of the NPE on Delist. The dependent variable Delist is an 

indicator variable equals one if the firm deregisters from the stock market in a given year and zero 

otherwise. The independent variable in column (1)-(3) is the NPE, which is an indicator variable 

equals one if the firm (defendant) is sued by a Non-practising entity in the year t-1. In column 

(4)-(6), the independent variable is the NPE intensity, which is the number of times a firm 

(defendant) is sued by an NPE in the year t-1.  The control variables are defined in the Appendix. 

Standard errors are clustered at the industry level and t-stats are reported in the parentheses. 

Statistical significance at the 1%, 5% and 10% are indicated by ***, ** and * respectively.  

Panel A: NPE lawsuit indicator   

  (1) (2) (3) 

NPE 0.198**  0.171**  0.144*  

 (2.76) (2.35) (1.99) 

Market to book ratio -0.049*** -0.058*** -0.056*** 

 (-5.12) (-4.99) (-4.69) 

Firm Size -0.043 -0.060* -0.056 

 (-1.20) (-1.72) (-1.61) 

Leverage -0.179 -0.201 -0.196 

 (-0.39) (-0.45) (-0.43) 

ROA -0.966** -0.991** -0.994** 

 (-2.58) (-2.71) (-2.69) 

Cashflow volatility 0.123 0.134* 0.126* 

 (1.67) (1.86) (1.87) 

Year FE No Yes No 

Industry FE Yes Yes No 

Industry Year FE No No Yes 

Observations 15026 15026 15026 

Adjusted R-squared 0.01 0.012 0.018 

Panel B: NPE intensity    

  (4) (5) (6)    

NPE intensity 0.142***  0.135**  0.120** 

 (2.88) (2.66) (2.52) 

Market to book ratio -0.049*** -0.058*** -0.057*** 

 (-5.20) (-5.07) (-4.75) 

Firm Size -0.05 -0.068** -0.064* 

 (-1.51) (-2.06) (-1.92) 

Leverage -0.175 -0.196 -0.192 

 (-0.38) (-0.44) (-0.42) 

ROA -0.959** -0.984** -0.987** 

 (-2.57) (-2.70) (-2.69) 

Cashflow volatility 0.124 0.135* 0.127* 

 (1.68) (1.87) (1.88) 

Year FE No Yes No 

Industry FE Yes Yes No 

Industry Year FE No No Yes 

Observations 15026 15026 15026 

Adjusted R-squared 0.011 0.013 0.018 
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Table 5: Other robustness tests 

This table shows the estimated effect of the NPE lawsuits on a firm's propensity to delist. The 

dependent variable Delist is the indicator variable equals one if the firm deregisters from the stock 

market in a given year and zero otherwise. In Panel A, we examine the probit, multinomial logit 

and Cox models. Panel B reports the regressions on various subsample periods. In column (1), we 

remove period 2007-2009 around financial crisis. In column (2) we remove the period around dot 

com bubble. Panel C investigates the interactions between the governance variables and NPE 

lawsuits on the firm delisting. The control variables are defined in the Appendix. Standard errors 

are clustered at the industry level and t-stats are reported in the parentheses. Statistical significance 

at the 1%, 5% and 10% are indicated by ***, ** and * respectively.  

Panel A: Probability models 

    Probit model   Cox model 

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

  Coeff. Marginal Coeff. Marginal     

       
NPE 0.212* 0.004 0.211*   0.004 0.601* 0.558*   

 (1.73)  (1.71)     (1.94) (1.77)    

Market to book ratio -0.113*** -0.002 -0.112*** -0.002 -0.243*** -0.250*** 

 (-3.68)  (-3.64)     (-4.05) (-4.16)    

Firm Size -0.095*** -0.002 -0.096*** -0.002 -0.410*** -0.408*** 

 (-4.23)  (-4.26)     (-6.53) (-6.51)    

Leverage -0.079 -0.001 -0.081    -0.001 0.0769 0.0758    

 (-1.02)  (-1.05)     (0.65) (0.64)    

ROA -0.372*** -0.007 -0.373*** -0.007 -0.235*** -0.258*** 

 (-5.65)  (-5.65)     (-2.79) (-2.88)    

Cashflow volatility -0.0756 -0.001 -0.076    -0.001 -0.517 -0.604    

 (-0.79)  (-0.79)     (-1.49) (-1.59)    

Industry sales growth   0.044**  0.001  0.084*** 

   (2.09)      (3.02)    

GDP growth   83.91*** 1.512  28.49**  

   (4.07)      (2.17)    

Observations 14441  14441  14383 14383    

Log pseudo 

likelihood -547.06898   -545.084   -843.676 -839.926 
Panel B: Subsample analysis 

  Excluding Financial Crisis Excluding dot com 

 (1)    (2)    

NPE 0.003*   0.308**  

 (1.75)    (2.25)    

Market to book ratio -0.001*** -0.110*** 

 (-4.47)    (-3.08)    

Firm Size -0.001 -0.156**  

 (-1.28)    (-2.77)    

Leverage -0.006    0.106    

 (-0.55)    (0.15)    

ROA -0.023**  -1.746*** 

 (-2.71)    (-4.95)    

Cashflow volatility -0.003*   -0.223**  
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 (-1.97)    (-2.20)    

Year FE Yes Yes 

Industry FE Yes Yes 

Observations  11882    13754    

Adjusted R-squared   0.015    0.009    

Panel C: Governance variable   
  (1) (2)    (3)    

NPE 0.333 0.332 0.326    

 (1.68) (1.48) (1.50)    

NPE * Institutional Ownership -1.615*                  

 (-1.86)                  

Institutional Ownership -1.980                  

 (-1.33)                  

NPE * Governance index  -0.232*                 

  (-1.90)                 

Governance index  0.0186  

  (0.26)                 

NPE * Entrenchment index   -0.504**  

   (-2.33)    

Entrenchment index   0.0344    

   (0.29)    

Market to book ratio -0.115** -0.113*** -0.113*** 

 (-2.88) (-3.27) (-3.26)    

Firm Size -0.158*** -0.111* -0.112*   

 (-3.75) (-2.08) (-2.09)    

Leverage 0.154 -0.392 -0.390    

 (0.33) (-0.91) (-0.90)    

ROA -1.962*** -1.989*** -1.989*** 

 (-3.46) (-5.33) (-5.33)    

Cashflow volatility -0.232* -0.251*** -0.251*** 

 (-1.94) (-3.14) (-3.14)    

Industry-year FE Yes Yes Yes 

Observations 15026 15026 15026    

Adjusted R-squared 0.010 0.018 0.018    
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Table 6: The effect of Anti-troll law 

This table reports the impact of the Anti-troll law on the firm’s propensity to delist. The dependent 

variable Delist is an indicator variable equals one if the firm deregisters from the stock market in a 

given year and zero otherwise. Panel A shows how the interaction between various measures of 

NPE lawsuits and the Anti-troll dummy effects the firm’s propensity to delist. Anti-troll dummy is 

the indicator variable equals one if the firm be- longs to a state-year which has adopted Anti-troll 

law. Panel B estimates NPE on the Anti-troll dummy keeping the controls same as panel A. The 

control variables are defined in the Appendix. Standard errors are clustered at the industry level 

and t-stats are reported in the parentheses. Statistical significance at the 1%, 5% and 10% are 

indicated by ***, ** and * respectively. 

Panel A: Impact of Anti-troll law 

    (1) (2) (3)    

NPE   0.416** 0.370* 0.410*   

  (2.03) (1.81) (1.79)    

NPE *Antitroll dummy  -0.941** -0.803* -0.891*   

  (-2.02) (-1.74) (-1.99)    

Antitroll dummy  0.375 -0.195 -0.168    

  (1.04) (-0.46) (-0.38)    

Market to book ratio  -0.080** -0.099** -0.099**  

  (-2.11) (-2.18) (-2.22)    

Firm Size  -0.143** -0.159** -0.182*** 

  (-2.18) (-2.50) (-3.58)    

Leverage  -0.078 -0.094 -0.155    

  (-0.10) (-0.12) (-0.19)    

ROA  -1.583** -1.637*** -1.650*** 

  (-2.66) (-2.72) (-2.75)    

Cashflow volatility  -0.493 0.062 -0.070    

  (-0.28) (0.03) (-0.04)    

State FE  Yes Yes Yes 

Year FE  No Yes Yes 

Industry FE  No No Yes 

Observations  12310 12310 12310    

Adjusted R-squared   0.011 0.013 0.014    

Panel B: Impact of Antitroll law on the exposure to NPE  

  

(1) (2) (3) (4) 

NPE NPE NPE NPE 

    intensity intensity 

Antitroll dummy -0.782***  -0.016*  -1.755*  -0.025*  
 (-25.50) (-1.78) (-1.73) (-1.87) 

Year FE No Yes No Yes 

State FE No Yes No Yes 

State year FE Yes No Yes No 

Controls Yes Yes Yes Yes 

Observations 12761 12917 12761 12917 

Adjusted R-squared 0.173 0.174 0.193 0.2 
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Table 7: Cumulative abnormal return following Anti-troll law 

This table represents the CARs for the delisting events with the data available. Panel A shows the 

CARs for the stocks before and after Anti-troll law adoption. Panel B reports the fixed effect panel 

regression on different CAR window. Antitroll dummy is an indicator variable equal to one if the 

state to which the firm belongs to has adopted the Anti-troll law. The control variables are defined 

in the Appendix. Standard errors are clustered at the industry level and t-stats are reported in the 

parentheses. Statistical significance at the 1%, 5% and 10% are indicated by ***, ** and * 

respectively.  

Panel A: Before and after Anti-troll law adoption   

Window   Pre Anti troll Post Anti troll Difference t-stat 

[-5,0]  -0.044 -0.083 -0.040* 1.69 

[-9,0]  -0.063 -0.090 -0.027** 1.78 

[-13,0]  -0.068 -0.089 -0.021** 1.82 

[-17,0]  -0.071 -0.076 -0.005*** 2.81 

[-21,0]   -0.074 -0.086 -.012**  2.11 

Panel B: Fixed effect panel regression    

  CAR [-5,0] CAR [-9,0] CAR [-13,0] CAR [-17,0] CAR [-21,0] 

Antitroll dummy -0.051*** -0.072*** -0.162*** -0.174*** -0.165*** 

 (-6.75) (-5.77) (-8.08) (-7.34) (-7.01)    

Market to book 

ratio 0.005 0.004 0.043 0.051 0.045    

 (0.64) (0.28) (1.78) (1.83) (1.68)    

Firm Size -0.004 0.002 -0.003 -0.005 -0.004   

 (-1.45) (0.45) (-0.26) (-0.40) (-0.32)    

Leverage 0.020 0.084 0.201* 0.209* 0.202*   

 (1.43) (1.58) (2.28) (2.27) (2.26)    

ROA 0.021 0.013 -0.028 -0.033 -0.039   

 (1.50) (0.56) (-0.39) (-0.41) (-0.47)    

Cashflow 

volatility -0.028 0.140 0.164 0.093 0.109    

 (-0.61) (1.39) (0.92) (0.41) (0.51)    

Year FE Yes Yes Yes Yes Yes 

Industry FE Yes Yes Yes Yes Yes 

Observations 912 912 912 912 912 

Adj R-squared 0.005 0.003 0.002 0.002 0.002    
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Table 8: Firm vulnerability 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

This table reports the interaction between NPE and some firm characteristics on the propensity to delist. 

The extent and the magnitude of the interaction terms define which firms are most vulnerable to 

delisting. The dependent variable Delist is an indicator variable equals one if the firm deregisters from 

the stock market in a given year and zero otherwise. The independent variables are different 

measurements of performance which are interacted by NPE. NPE is the indicator variable equals one if 

the firm (defendant) is sued by a Non-practising entity in the prior year. All the variables are defined in 

the Appendix. Standard errors are clustered at the industry level and t-stats are reported in the 

parentheses. Statistical significance at the 1%, 5% and 10% are indicated by ***, ** and * respectively. 

  (1) (2) (3) 

Leverage 0.324   

 (0.44)    
Leverage * NPE  2.431**    

 (2.02)   
Small firm  0.223  

  (0.37)   
Small firm * NPE   0.338*   

  (1.72)  
Young firm   0.462*** 

   (2.99)  
Young firm * NPE   0.862* 

   (1.95) 
NPE   0.0310 

 
  (0.14) 

Industry-year FE   Yes 
Control   Yes 
Observations   13556 
Adjusted R-squared     0.011 
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Table 9: Negative sentiment of the firm news 

 

 

 

 

 

 

 

 

This table reports the interaction between NPE and the negative sentiment from the news about 

the firm on the propensity to delist. The dependent variable Delist is an indicator variable equals 

one if the firm deregisters from the stock market in a given year and zero otherwise. The 

independent variable NPE is the indicator variable equals one if the firm (defendant) is sued by 

a Non-practising entity in the prior year. The Negative sentiment is the natural logarithm of the 

number of news expressing negative sentiment. All the variables are defined in the Appendix. 

Standard errors are clustered at the industry level and t-stats are reported in the parentheses. 

Statistical significance at the 1%, 5% and 10% are indicated by ***, ** and * respectively. 

  (1) (2) 

NPE -0.099   

 (-0.65)  
NPE * Negative sentiment 0.197**  

 (2.06)  
NPE intensity  -0.0209 

  (-0.25) 

NPE intensity * Negative sentiment  0.090** 

  (2.09) 

Negative sentiment -0.046 -0.081 

 (-0.63) (-1.20) 

Market to book ratio -0.051*** -0.052*** 

 (-2.70) (-2.66) 

Firm Size -0.133** -0.141* 

 (-1.96) (-1.90) 

Leverage 1.04 1.059 

 -1.69 -1.72 

ROA -1.383*** -1.382*** 

 (-2.50) (-2.50) 

Cashflow volatility -0.274 -0.339 

 (-0.25) (-0.30) 

Year FE Yes Yes 

Industry FE Yes Yes 

Observations 10344 10344 

Adjusted R-squared 0.011 0.012 
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Table 10: Types of delisting 

This table reports the multinomial logit estimates of the effect of NPE lawsuits on the types of delisting 

whether voluntary or forced. In column (1) and (2) the dependent variable is Delisting types where 

Voluntary delisting is a dummy variable equals one if a firm's CRSP delist code is within the range of 

200-299 or is 570 or 573, otherwise zero.The Forced delisting is a dummy variable equals one if a firm's 

CRSP delist code is 300 or above and not 570 or 573. The independent variable is an indicator variable 

equals one if the firm (defendant) is sued by a Non-practising entity in the year t-1. The control variables 

are defined in the Appendix. Standard errors are clustered at the industry level and t-stats are reported in 

the parentheses. Statistical significance at the 1%, 5% and 10% are indicated by ***, ** and * 

respectively.  

  (1) (2) (3) (4) 

  Coeff. Marginal Coeff. Marginal 

Base model - Active firms     

Forced delists     
NPE 0.528*** 0.002   

 (2.65)    
NPE intensity   0.024*** 0.000 

   (2.2)  
Market to book ratio  -0.673** -0.002 -0.666* 0.000 

 (-1.80)  (-1.79)  
Firm Size -0.300*** -0.001 -0.261*** -0.001 

 (-2.88)  (-2.72)  
Leverage -0.002 0.000 -0.013 -0.001 

 (-0.01)  (-0.09)  
ROA -0.390*** -0.001 -0.404*** -0.001 

 (-2.88)  (-3.01)  
Cashflow volatility -0.083 0.000 -0.081 -0.001 

  (-0.34)   (-0.34)   

Voluntary delists     

NPE 0.308*** 0.001   

 (1.94)    
NPE intensity   0.014*** 0.000 

   (3.61)  
Market to book ratio 0.005 0.000 0.005 0.000 

 (0.52)  (0.56)  
Firm Size 0.006 0.000 0.053 0.002 

 (0.06)  (0.59)  
Leverage -1.636* -0.005 -1.91* -0.006 

 (-1.69)  (-1.91)  
ROA 0.630 0.002 0.744 0.002 

 ( 0.73)  (0.83)  
Cashflow volatility -1.714 -0.005 -1.61 -0.005 

 (-0.94)  (-0.9)  
Industry FE No  No  
Year FE Yes  Yes  
Observations 15026   15026   
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Table 11: NPE litigation of the Private firms 

 

 

 

 

 

 

 

 

 

 

 

 

This table examines whether firm’s going private impacts it’s exposure to NPE litigation. Panel A reports the comparison of 

the firm characteristics, litigation rate and delisting rate for Public and Private firms before and after the propensity score 

matching. Panel B reports the cross-sectional regression of firm’s going private on exposure to NPE litigation. The 

independent variable Private is a dummy variable equals one if the firm went from public to private and zero otherwise.  The 

dependent variable NPE is the indicator variable equal to one if the (defendant) firm is exposed to NPE litigation, otherwise 

zero. The control variables are defined in the Appendix. Standard errors are clustered at the industry level and t-stats are 

reported in the parentheses. Statistical significance at the 1%, 5% and 10% are indicated by ***, ** and * respectively. 

Panel A: Comparison of the sample before and after propensity score matching 

  (1) (2) (3) (4) (5) (6) (7) (8) 

  Entire Sample   Matched Sample  
Variable Pvt. Pub. Diff. t-value Pvt. Pub. Diff. t 

Market to book ratio 1.144 1.127 0.017 0.048 1.067 1.076 -0.008 -0.16 

Firm Size 6.304 5.687 0.618*** 7.993 6.315 6.318 -0.003 -0.02 

Leverage 0.129 0.148 -0.019*** -2.237 .157 .169 -0.011 -0.57 

ROA 0.168 0.065 0.103*** 6.702 -.134 -.165 0.032 0.75 

Cashflow Volatility 0.664 0.141 0.524*** 16.262 .397 .285 0.112 1.32 

         
Delist 0.010 0.099 -0.089*** -11.078 .008 .008 0 -0.00 

NPE  0.063 0.130 -0.067*** -7.323 .044 .092 -0.048*** -2.65 

Panel B: Cross-sectional analysis 

              OLS Probit 

    
  

 (1) (2) 

              NPE NPE 

Private       -0.038* -0.641** 

       (-1.94) (-2.43) 

Market to book ratio      0.004* 0.021*** 

       (1.77) (4.67) 

Firm Size       0.055*** 0.267*** 

       (6.85) (32.51) 

Leverage       -0.002 -0.004 

       (-0.08) (-0.05) 

ROA       -0.022** 0.047 

       (-2.18) (0.70) 

Cashflow volatility       0.001 -0.026 

       (0.31) (-0.60) 

Year FE       No Yes 

Industry FE       No Yes 

Industry year FE       Yes No 

Observations       14993 16933 

Adjusted R-squared             0.154 0.193 
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Table 12: The types of the NPEs 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

This table reports the impact of different types of NPEs on the firm’s propensity to delist. The dependent 

variable Delist is an indicator variable equals one if the firm deregisters from the stock market in a given 

year and zero otherwise.  The independent variables from column (1) to (3) are different types of NPEs 

where NPE is an indicator variable equals one if the firm (defendant) is sued by a Non-practising entity 

in the prior year. The control variables are defined in the Appendix. Standard errors are clustered at the 

industry level and t-stats are reported in the parentheses. Statistical significance at the 1%, 5% and 10% 

are indicated by ***, ** and * respectively. 

  (1) (2) (3) 

Acquired patents  0.248*    

 (1.99)   
Corporate heritage  0.430  

  (0.42)  
Individual-inventor-started company   0.115 

   (0.42) 

Market to book ratio -0.722 -0.707 0.267 

 (-1.04) (-0.78) (0.23) 

Firm Size -0.029 0.013 0.011 

 (-0.42) (0.15) (0.18) 

Leverage 0.894 0.821 -1.277* 

 (1.37) (0.84) (-1.87) 

ROA -3.338 -3.375** -1.355 

 (-1.69) (-2.36) (-1.49) 

Cashflow volatility -2.515 -2.403 -0.504 

 (-1.39) (-1.58) (-1.45) 

Year FE Yes Yes Yes 

Industry FE Yes Yes Yes 

Observations 2183 2183 2382 

Adjusted R-squared 0.002 0.001 0.006 
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2.7 Appendix 

 

Variable Description 

 
Variable Definition Data source 

Antitroll dummy 

Dummy variable equals one if the firm belongs to a 

state in which the Anti-troll law has been adopted in 

the respective year, otherwise zero. 

Appel et al. 

(2016) 

Book to market 
Book value of firm equity divided by market value of 

firm equity. 
Compustat 

Cashflow volatility 

income 

The standard deviation of operating profit before 

depreciation divided by total asset over the previous 

five years. 

Compustat-

CRSP  

merged 

Cash Level 
Natural logarithm of total cash plus one 

Compustat 

Cash shock 

Indicator variable equal to 1 if a firm’s change in cash 

in the prior fiscal year is among the top 25% of cash 

changes in the firm’s industry cross section in that  

year. 

Compustat 

Delist 

A dummy variable equals one if the firm deregisters 

from the stock exchange in year t, otherwise zero. CRSP 

Entrenchment index 

The index measure of the corporate governance 

structure of a firm through six corporate governance 

provisions—four constitutional provisions that prevent 

a majority of shareholders from having their way 

(staggered boards, limits to shareholder by law 

amendments, super majority requirements for mergers,  

and supermajority requirements for charter  

amendments), and two takeover readiness provisions 

that boards put in place to be ready for a hostile 

takeover (poison pills and golden parachutes)—that are  

associated with economically significant reductions in 

firm valuation by Bebchuk et al. (2009). 

Lucian 

Bebchuk’s 

home page 

Firm Size 

Natural logarithm of total asset (adjusted to 2010 

values) plus one. 

Compustat-

CRSP  

merged 

Forced 

A dummy variable equals one if the firm is forced to 

deregister from the stock exchange due to non-

compliance with the regulations or financial criteria, 

otherwise zero. 

CRSP 

GDP growth 
The growth rate of U.S. GDP adjusted to 2010. 

BEA 

Governance index 

The index measure of the corporate governance 

structure of a firm through merger and acquisition 

criteria set up by Gomperset al. (2003). 

Yale School of  

Management  

web- site 

Institutional Ownership The percentage of ownership of the firm held 

by other institutions. 

Compustat-

CRSP  

merged  

Industry sales growth The growth rate of the industry sales. 
Compustat-

CRSP  
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merged  

Leverage 

Total debt divided by total assets. Compustat-

CRSP 

merged 

Market to book ratio 

Market value of equity divided by book  

value of equity 

Compustat-

CRSP  

merged  

Negative sentiment 

The natural logarithm of the number of news about the 

firm which has negative composite sentiment score 

(CSS) on the RavenPack data. (nominal). 

RavenPack data 

NPE 

A dummy variable equals one if the firm is sued by a 

Non-practising entity in the year t-1, otherwise zero. 

Stanford NPE  

Litigation 

Database 

NPE intensity 

Natural logarithm of the number of times a firm is sued 

by an NPE plus one. 

Stanford NPE  

Litigation 

Database 

Number of patents 
Natural logarithm of number of patents a firm holds 

plus one 
KPSS 

Past return Firm’s past 12-month stock return CRSP 

Private 
A dummy variable equals one if the firm goes private 

from public 
CRSP 

R&D 

The value of R&D divided by total assets. Compustat-

CRSP  

merged  

ROA 

  

Earnings before interest and taxes (EBIT) divided by 

total assets. 

Compustat-

CRSP  

merged  

 

Small firm 

Indicator variable equals to one if the firm size is less 

than 25 percentile of the firm size of the entire sample, 

otherwise zero 

Compustat 

Voluntary 
A dummy variable equals one if the firm deregisters from 

the stock exchange voluntarily, otherwise zero. 
CRSP 

Visibility 
Natural logarithm of the number of patent related news in 

the prior year plus one. 
RavenPack 

Young firm 

  

Indicator variable equals one if the age of the firm is 

below 25th percentile of the age of all the sample firms. CRSP 
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Table 13A: Anti-patent troll laws signing dates by states 
STATE DATE 

AL 4/02/2014 

AZ 3/24/2016 

CO 6/05/2015 

CT 5/08/2017 

FL 6/02/2015 

GA 4/15/2014 

ID 3/26/2014 

IL 8/26/2014 

IN 5/05/2015 

KS 5/20/2015 

LA 5/28/2014 

ME 4/14/2014 

MD 5/05/2014 

MI 1/06/2017 

MN 4/29/2016 

MS 3/28/2015 

MO 7/08/2014 

MT 4/02/2015 

NH 7/11/2014 

NC 8/06/2014 

ND 3/26/2015 

OK 5/16/2014 

OR 3/03/2014 

RI 6/04/2016 

SC 6/09/2016 

SD 3/26/2014 

TN 5/01/2014 

TX 6/17/2015 

UT 4/01/2014 

VT 5/22/2013 

VA 5/23/2014 

WA 4/25/2015 

WI 4/24/2014 

WY 3/11/2016 
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Table 14A: The impact of firm visibility on the NPE threat 
This table reports the fixed effect impact of the company visibility on the firms’ propensity to be litigated 

by NPEs. The dependent variable NPE is an indicator variable equal to one if the firm is sued by an NPE. 

The independent variable in Panel A, Visibility is the natural logarithm of the number of patent related 

news in the prior year from RavenPack plus one. The independent variable in Panel B, Visibility Count is 

the number of patent related news in the prior year from RavenPack. Column (1) includes only the fixed 

effects and Column (2) and (3) report the control variables alongside. The control variables are defined in 

the Appendix. Standard errors are clustered at the firm level and t-stats are reported in the parentheses. 

Statistical significance at the 1%, 5% and 10% are indicated by ***, ** and * respectively. 

 (1) (2) (3) 

Visibility 0.108*** 0.121*** 0.097*** 
 (7.51) (8.76) (7.06) 

Book to market -0.002 0.001 -0.001 
 (-0.68) (0.08) (-0.56) 

Firm Size 0.132*** 0.167*** 0.149*** 
 (8.10) (10.11) (8.78) 

Number of patents 0.237*** 0.221*** 0.234*** 
 (14.23) (12.84) (14.71) 

RD 0.218* 0.193* 0.191* 
 (1.93) (1.93) (1.92) 

Cash ratio 0.011 -0.125** -0.117** 
 (0.19) (-2.20) (-2.11) 

Past return 0.006 0.019 0.007 
 (0.38) (0.66) (0.36) 

Year FE Yes No Yes 

Industry FE No Yes Yes 

Observations 14026 14026 14026 

Adjusted R-squared 0.178 0.185 0.192 
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Figure 1: Time series of number of high-tech firms 

Time series of number of listed firms in the high tech industry:This figure shows the num- ber 

of the listed firms in the high-tech industry of the U.S. from the year 2000 to 2019. 
 

 

 

 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2: Time series  of NPE lawsuits  
 

Time series of the NPE lawsuit intensity to the U.S. high-tech firms: This figure shows the number 

of times the U.S. high-tech firms were sued by NPEs over the year 2000-2019. 
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3. Chapter 3: Does media coverage attract patent trolls? 
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Does media coverage attract patent trolls? 

 

Sayla Siddiqui 

 

Abstract  

 

Our study examines the impact of media coverage on the non-practising entity (NPE) patent 

litigation against the defendant firms. Using a sample of high-tech U.S. firms from the year 2000 

to 2019, this study reveals that highly visible patent intensive firms proxied by high-tech firms are 

more likely to be targeted by NPEs. This association is more pronounced when the target firms 

are large and experience a positive market sentiment. This causality is confirmed by using anti-

troll law targeted at curbing the threat of NPE trolls as a natural experiment and using distance 

from the nearest news branch as an instrumental variable. We also find that, after suing target 

firms, the plaintiff (the NPE firm) experiences an increased return. Overall, the results provide a 

negative anecdote of the high visibility of the innovative firms. 
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3.1 Introduction 

This study examines whether highly visible firms attract non-practicing entity (NPE) litigation. 

Non-practicing entities (NPEs) are a form of organization which has emerged as a major driver of 

patent litigations in the past two decades. These entities purchase patent rights, not to produce 

commercial products, but to claim license fees or to litigate against license infringement (Shrestha, 

2010). They do this by continually sending demand letters to the rival firms.18 As litigation is too 

expensive for the defendant firms (Bessen & Meurer, 2013), these firms tend to come to an early 

settlement by paying settlement fees, which is the NPEs’ main profit. Rarely producing the 

products, the NPEs instead target the optimization of settlement fees by heedlessly suing the 

patent-intensive firm. Therefore, they are termed as “patent trolls” in the innovation world. 

The increase of NPEs has led to a debate about their impact on the innovation (Cohen et 

al., 2019). Proponents claim that NPEs perform a crucial intermediary role. They police 

infringements by well-to-do firms which could otherwise infringe upon small inventors’ patents 

without these affluent firms experiencing any consequences. However, most studies in the 

literature argue against NPEs as they purposely increase the cost of innovation by manipulating 

the legal process. In addition, the risk is that biased courts may rule in favor of the NPEs, even 

though no infringement has been occurred. Even after the defendant survives the validity test, the 

threat of legal process can produce rents from producing, innovative firms. Bessen and Meurer 

(2013) state that the U.S. defendants lost almost half a trillion dollars of wealth from the lawsuits 

by the NPEs. They also report that NPE cost increased by around 400% from the 2005 to 2011. 

Non-practicing entities (NPEs) also impose indirect costs on firms. Appel et al. (2019) find that 

frivolous NPE litigation impacts the ability of the US start-up firms to grow, generate jobs, 

innovate and to raise capital. Kiebzak et al. (2016) argue that heedless litigation brought by NPEs 

 
18 MPHJ Technology Investments, which is deemed to be one of the most infamous NPEs, directed demand letters to 

almost 16,000 firms between the year 2012 and 2013. However, they never filed a formal litigation.  
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deters entrepreneurial activity. Chien (2011) discusses the excruciating effect of NPEs on the small 

firms. Even though NPEs’ actions are a significant threat to the innovation and firm performance, 

little is known about the determinants of NPE litigation. Only Cohen et al. (2019) investigate the 

strategic targeting by NPEs of the cash-rich firms to optimize the expected litigation pay-off. Our 

study aims to investigate whether extent of media coverage of target firms has any bearing on the 

NPE litigation. 

By taking the role of a corporate governance mechanism, the media influences the 

corporate behavior to a large extent (Zyglidopoulos et al., 2012. For example, Bushee and Miller 

(2012) argue that higher press coverage reduces the degree of information asymmetry during 

earnings announcement periods to a large extent. Positive media coverage generates positive 

outcomes for the firms. For example, higher visibility leads to lower cost of equity (Baker et al., 

2002) and cost of debt (Cheng et al., 2006). Increasing media attention can also raise corporate 

social responsibility (CSR) strengths (Zyglidopoulos et al., 2012) and a firm’s credit rating (Hao 

& Li, 2021). In the current study, we hypothesize that firms with higher visibility are more capable 

of paying settlement fees; thus, NPEs target these firms. 

Our hypothesis is deduced from two facets of literature. Firstly, the concept that the NPEs 

consider themselves identical to the producing defendant firms stems from the identity theory.  

According to identity theory, identity refers to labeling oneself as the occupant of a role and 

incorporating the meaning, expectation, and performance related to that role to oneself (Burke & 

Tully, 1977; Thoits, 1986). These meaning and expectation formulate a set of standards that direct 

behaviour (Burke & Reitzes, 1981; Burke, 1991).  According to Shrestha (2010), NPEs are the 

firms in the innovation world that rarely produce any product or practice patents, rather they focus 

on earning licensing fees by exploiting the patents they purchase. They usually purchase patenting 

licenses on behalf of small and weak firms to foster innovation. In addition to supporting small 

businesses, they continue to threaten strong and valuable patents of other firms by sending 
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sporadic demand letters. According to identity theory, this behavior is the NPEs’ strategy to 

establish and signal their identity in the world of corporate innovation; that is, positioning 

themselves vis-à-vis a highly visible company might make them feel they are as strong as 

innovative firms. 

Secondly, our hypothesis can be based on NPE opportunism theory. According to Cohen 

et al. (2019), NPEs usually target cash rich firms based on the idea that cash rich firms are better 

able to pay the settlement fees. In other words, the frequency at which NPEs sue the cash rich 

firms unrelated to the suspected infringement is basically the same as the rate at which they sue 

other firms related to the alleged infringement. On the other hand, S. P. Miller (2010) finds that 

NPEs litigate relatively stronger patents than those litigated by practicing entities and individuals. 

The author finds that NPE patent litigation is more prevalent in technological areas that are 

characterized as new or that permit relatively broad patents. Therefore, NPEs strategically select 

the litigation cases in order to optimize their pay-offs. As the sole purpose of NPE litigation is 

trolling, NPEs are opportunistic in selecting their target to ensure their expected litigation pay-off, 

it is legitimate to expect that they would troll highly visible firms as they are presumed to be better 

performing firms and their information is more readily accessible, thus being considered 

sufficiently capable of paying the settlement amount imposed by NPEs in the litigation. 

These hypotheses are tested by investigating the association between firm visibility and 

NPE litigation. Our sample is comprised of 21,904 firm-year observations with 3,293 NPE 

litigation for the year 2000–2019. Our fixed effect regression shows that highly visible firms are 

significantly highly likely to be litigated by non-practicing entities (NPEs). One unit rise in firm 

visibility raises the propensity of NPE threat by 10.2%. Our result is economically significant as 

it is consistent with Cohen et al.’s (2019) outcome that one standard deviation increase in cash 

level surges the NPE litigation by 7.40%. We also perform other robustness tests which, such as 

the probit model and the Cox proportional-hazards model (Cox, 1972), and after controlling for 
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broader industry conditions and economy-wide effects. Results of these tests confirm the outcome 

of our baseline regression. 

Additionally, we investigate the robustness of our baseline test by using different measures 

of firm visibility, namely, Analyst coverage, Google SVI [Search Volume Index], Visibility rank, 

All news, and Firm visibility dummy. Analysts act as the informational intermediary between firms 

and shareholders to increase information quality as well as quantity (Chou & Shiah-Hou, 2010; 

Jiraporn et al., 2012). They analyze publicly available data, which includes financial statements, 

earnings-related disclosure data, and other announcements, and share their analysis of this 

financial information with the public. The coefficient of Analyst coverage is very similar to that 

of our main independent variable, Visibility. We also use Google SVI, that is, the number of web 

searches on a firm per year, using data from the Google Trends website as an alternative proxy for 

firm visibility. Visibility rank is measured as the standard rank of the total number of 

product/patent-related news articles; All news is the natural logarithm of the number of all news 

articles plus 1; and Firm visibility dummy is equal to 1 if the firm is covered by the RavenPack in 

a given year, and 0 otherwise. All variables show positive coefficients at a 1% significance level, 

thus verifying the robustness of our baseline estimation.  

As another form of robustness test, we examine whether firm size matters in the field of 

NPE litigation. Casterella et al. (2010) examine the corporate litigation risk for audit firms. These 

authors find that both firm size and growth have positively significant relationships with litigation 

risk. The argument is that, as larger firms have more clients, they are better known and, thus, more 

vulnerable to litigation risk. Similarly, we argue that, as large firms such as Microsoft, Google, 

IBM, etc., receive a higher level of media attention than smaller firms, we expect large firms to be 

exposed to a higher rate of NPE trolling than smaller firms. With Visibility interacting with Large 

firm and Small firm, we find that, when large firms are more visible, they are threatened more by 

non-practicing entities (NPEs). In contrast, when Small firm interacts with Visibility, the 
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coefficient becomes negative and significant. Perhaps, a small firm’s visibility makes the firm’s 

low strength clearer to non-practicing entities (NPEs). Therefore, NPEs troll smaller firms less. 

All the results together provide evidence that size matters in terms of a firm’s visibility and NPE 

litigation threats. 

To address the endogeneity issue, we perform a quasi-experimental setting using anti-troll 

law as an interaction term to demonstrate that NPEs threats are lessened by anti-troll law. Starting 

with the state Vermont from the year 2013, some U.S. states implemented a patent reform law 

named as anti-troll law to save the local industries from the bad faith infringement entitlements. 

The anti-troll law was introduced to lessen NPEs’ option of issuing frequent demand letters. The 

independent variable Visibility is interacted with Antitroll dummy to differentiate between the 

treatment and control firms. Even though the coefficient of Visibility significantly positive in the 

first place, when Visibility is interacted with Antitroll dummy, we find a significantly negative 

outcome implying that after the adoption of anti-troll law, the NPE threats become weak enough 

to nullify the positive association between Visibility on NPE litigation threat.  

We further perform a two-stage instrumental variable analysis using Distance from the 

firm headquarters to the nearest Dow Jones news branch as the instrumental variable. According 

to Gurun and Butler (2012), firm’s visibility in the media and the content of this news are 

positively associated with the distance from the the firm to the news outlet. As collection and 

analysis of information from the distant firms is associate with higher costs, distance lowers the 

probability of news coverage. High distance from the firm to the news office can also reduce the 

attention and interest of the media about the firm. In first-stage estimation, we find Distance to be 

negatively related to the Visibility. In the second-stage, the coefficient of Instrumented visibility 

on NPE litigation is significantly positive at a 1%.  

The study next investigates the economic channel through which firm visibility may attract 

NPE litigation. According to our NPE opportunism hypothesis, the relationship between media 
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visibility and NPE litigation threat is based on the intuition that media broadcasts firm-specific 

information and that NPEs opportunistically target the firms that are highly capable of paying 

settlement fees. Firms with high financial performance are associated with positive news coverage, 

and these firms may attract more NPE trolls. To empirically test this hypothesis, we divide firm 

news into four groups, that is, negative sentiment, and positive sentiment in the 25th percentile, the 

50th percentile, and the 75th percentile. We find that negative sentiment is negatively related to 

NPE litigation, whereas the significantly positive coefficient increases with the increase in 

percentile of positive sentiment news. This is consistent with our conjecture that NPE firms are 

opportunistic and sue more visible firms that are sufficiently capable to pay the settlement costs. 

Another economic channel which induces NPEs to threaten patent-intensive firms is the desire of 

NPEs (as plaintiffs) to establish their identity. According to identity theory, we hypothesize that 

along with protecting their benefits, NPEs are concerned about establishing their identity as well. 

Therefore, after the lawsuit, the return to the NPE (the plaintiff) is expected to rise because, by 

suing a highly visible firm, NPEs seek to prove that they are as strong as the highly visible firm. 

Using CRSP monthly return data, we observe that the plaintiff firms’ returns rise significantly at 

1% in the first and second month following litigation. In contrast, the plaintiff’s (or NPE) stock 

return is insignificant before the lawsuit’s lodgement. Therefore, NPEs, as plaintiffs, have the 

incentive to sue a highly visible firm as it not only ensures settlement costs but also establishes 

their identity in the market. 

Finally, we test the extent of the detrimental effect of NPE litigation on the defendant firms 

by examining the impact of NPE litigation on defendants’ stock return. The literature argues that, 

by heedlessly suing, NPEs create a substantial level of lost wealth among defendant firms. To 

investigate the extent of distress caused by NPEs to defendant firms, we regress Visibility on 

cumulative abnormal returns (CARs) of defendant firms following NPE lawsuits. We find that, 

after being sued by NPEs, Visibility is negatively and significantly associated with defendant 
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firms’ cumulative abnormal returns (CARs). Therefore, the defendant firm’s increased visibility 

following NPE litigation threats leads to a negative abnormal return. This justifies the main 

motivation of the current study about NPEs’ deterrent effect and determinants.  

The contribution of this study can be related two aspects of the literature. Firstly, this study 

is an addition to the findings on the real impact of media coverage. Extant literature discusses the 

positive role of business media in identifying accounting fraud (G. Miller, 2006; Liu & 

McConnell, 2013 and You et al., 2018). A scant number of studies discuss the negative impact of 

media coverage (Caskurlu, 2019; Gurun and Butler, 2012; and Dai et al., 2021). However, there 

is a vacuum in the literature whether and to what extent media coverage is associated with patent 

trolling for patent-intensive firms, such as high-tech firms. From that perspective, the analysis of 

NPE trolling is a novel addition to the media coverage literature. Secondly, this study adds NPE 

impact into the literature of finance where it is scant owing to data scarcity. This study intends to 

fill this vacuum by using the Stanford Non-Practicing Entity (NPE) Litigation Database to 

investigate whether media coverage attracts NPE trolls. Our study is important as it provides 

policy makers with insights into the determinants of NPE litigation which is detrimental to patent-

intensive firms and impedes innovation. 

The rest of the paper is arranged as follows. Section 2 present the literature review on 

media coverage and the impact of NPEs on the patent intensive firms. Section 3 discusses the 

hypotheses and their development. Section 4 describes the data and sample of this study. Section 

5 represents the empirical results, while Section 6 draws the conclusion of the paper. 

3.2 Literature review 

3.2.1 Firm visibility  

This study is related to the literature that reviews how media visibility nurtures financial and 

market outcomes. The literature suggests that the creation and broadcasting of information by the 

financial media are informative to market participants (e.g., Bushee et al., 2010; Drake et al., 2014; 
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Fang & Peress, 2009). The reduction of information asymmetry and the media’s disciplinary effect 

assist investors to pinpoint firms’ potential problems (Dai et al., 2015; Joe et al., 2009; Kuhnen & 

Niessen, 2012 and Miller, 2006). One fragment of the literature investigates the impact of a firm’s 

media visibility on the cost of capital. For example, Baker et al. (2002) find a negative association 

between visibility of the firm and the cost of equity. They argue that investors' recognition of the 

company increases through media coverage after cross-listing. This wider news coverage 

significantly decreases a firm's cost of equity capital. Similarly, Gao et al. (2020) and Cheng et al. 

(2020) find a negative relationship between media coverage and the cost of debt. They argue that 

firms’ media coverage impacts on their debt structure by lessening the use of bank loans and 

enhancing firms’ reliance on public bonds. Both rely on the concept of information asymmetry.  

Another fragment of the literature discusses the effect of the media on the financial market. 

For example, Zyglidopoulos et al. (2012) find that even though increases in media attention 

increases CSR strengths, CSR weaknesses are not related to media attention. Hao and Li (2021) 

investigate the relationship between a firm’s information visibility, counted by the number of its 

press releases, and its credit ratings. They find a positive relationship between highly visible firms 

and credit ratings which is more prominent in firms with higher information asymmetry and a 

weaker monitoring system. In contrast, Bushee et al. (2010) claim that higher press coverage, to a 

large extent, decreases the information asymmetry during earnings announcement periods. They 

quantity information asymmetry by bid–ask spreads and market depth. Furthermore, Miller (2006) 

finds that highly visible firms are more likely to have accounting fraud identified by news articles. 

Kölbel et al. (2017) find that negative media articles about environmental, social, and governance 

(ESG) issues increase the credit risk of a firm.  

Recently, a fair proportion of the media literature has been discussing the different types 

of litigation in the context of firm visibility. For example, Tan (2016) brings the relative 

prominence of the plaintiff over the defendant into consideration. Using data from the US 
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semiconductor industry, the author shows that plaintiff firms commanding much higher levels of 

media coverage than their rivals can compel defendant firms to agree to settlement to avoid 

litigation. Using the setting of the stock option backdating scandal, Donelson et al. (2021b) 

examine the role of the media in the shareholder litigation. Backdating denotes the process of 

twisting stock options grant dates and evading taxes and compensation expenses in order to make 

options more valuable to the managers. These authors find that firms having higher media 

coverage are more likely to have misconduct revealed, thus escalating shareholder litigation. 

Caskurlu (2019) argues that going public makes firms more exposed to litigation. To be specific, 

firms are threated by excessive patent lawsuits soon before IPO completions, with the intensity of 

litigation remaining after firms go public. The author’s finding suggests that firms are more likely 

to encounter litigation when they are under the spotlight and vulnerable.  

The finance literature to date has been concerned with shareholder litigation and/or patent 

litigation. However, investigation is absent on NPE litigation, a distinct form of patent litigation, 

in relation to the discussion of firm visibility. Our study aims to fill this gap by discussing the 

impact of firm visibility on attracting or driving away NPE litigation. 

3.2.2 Non-practicing entities (NPEs) 

Non-practising entities (NPEs) are “firms that hardly or never practise their patents” (Shrestha, 

2010). They do not produce any product but buy the patent rights for the small firms. They aim to 

swiftly recover cash exceeding the level of their investment in purchasing patents. They heedlessly 

continue to send demand letters to rival firms. As litigation is too expensive for defendant firms, 

they tend to come to an early settlement by paying settlement fees, which is the NPE firms’ main 

profit.  

 The negative effect of the patent litigation has been thoroughly analysed in the recent 

literature. This impact is mostly analysed on the abnormal return of the defendant firm. Performing 

an event study of 1,630 patent lawsuits on the stock price of 4,114 events. Bessen and Meurer 
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(2013) find that NPE litigation was responsible for nearly half a trillion US dollars of wealth lost 

by the defendants from the year 1990 to 2010 in the US market. The business cost imposed by the 

NPE litigation on the high-tech firms leads to a decline of profit of these firms that they could 

otherwise invest in innovation. Therefore, NPE litigation reduce the incentive to innovate to a 

large extent. In a similar study, Chen et al. (2019) find a negative spill-over effect of patent 

litigation on the peer firms. Henry (2013) claims that a firm loses its value of around 0.85% 

following a claim that one of its patents is invalid. Besides, Tucker (2014) examine the impact of 

NPE trolling on the sales of medical imaging technology. Based on the data of 4,829 hospitals 

across the USA, they investigate that in comparison to similar products not covered by patents, 

the sales of imaging software of the medical firms decrease by one third when threatened by the 

NPEs. 

 Another area of discussion of NPEs is on the entrepreneurial and employment activity. 

Kiebzak et al. (2016) find a negative association between NPE litigation and the entrepreneurial 

activity. Appel et al. (2019) investigate how the frivolous litigation by NPEs affects the start-ups’ 

capability to create employment, grow, raise capital and innovate. They use the staggered adoption 

of the anti-troll law in the 32 states of the U.S. The finding advises that by restricting the bad faith 

claims of the NPEs, anti-troll law directs to a 4.4% increase in the employments of the high-tech 

start-up firms, which are the major target of the NPEs (Chien, 2011). 

 NPE litigation also affects the innovation of the firm. Besson and Meurer (2008) claim that 

NPEs dampen innovation by raising total expenditure of the firm and venture capital firms that 

bring innovative products to the market. This happens because litigation cost takes place after the 

product commercialization. In turn, NPEs affect the return on investment (ROI) as well.  

 

3.2.3 Non-practicing entity (NPE)-related law 
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In order to lessen the intensity of NPE trolling, the US Government introduced the renowned Anti-

troll law in late 2011, which started to be enacted in the different states of the U.S.A from the year 

2013. Starting with Vermont in 2013, different states of US adopted this law to protect the local 

innovative firms from bad faith infringement claims. The main purpose of anti-troll law was to 

limit the NPEs’ frivolous wills to send sporadic demand letters to the firms. According to this law, 

courts are given the discretion to check “whether the demand letters sent by NPEs had necessary 

information, demanded an arbitrary license fee, or commanded payment in irrationally short 

period of time”, in determining whether the demand letter was sent in bad faith (DeSisto, 2015). 

If such a motive is evident, the court can force the NPE to compensate the target with target’s 

expected litigation cost. Besides, the law enacts that if it is proved that a Vermont firm had been 

the sued under bad faith infringement allegation, they court can grant the following remedies to 

the firm: “(1) A reasonable relief; (2) fees and costs, together with realistic attorney fees; (3) 

damages and (4) typical damages of an amount equal to USD 50,000 or three times of the total 

damage of litigation fees whichever is higher”. To reduce the burden imposed by the NPEs on the 

target firms, the law lets the state Attorney-General to introduce legal proceedings against NPEs 

deemed to be abusive. The Vermont law has been proved to be a model for other states, which 34 

other states to have passed anti-troll laws throughout 2017.  

 

3.3 Hypotheses development 

Our hypotheses about the impact of firm visibility on attracting NPE trolls stem from two distinct 

concepts from the literature, namely, identity theory and NPE opportunism.  

3.3.1 Identity establishment 

Stakeholder theory suggests that, to succeed in the long term, firms need to gratify the often-

conflicting demands of diverse stakeholders (Freeman, 2010). Just as some stakeholders are more 

significant than others for the firm’s survival and success (Cummings & Doh, 2000; Mitchell et 
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al., 1997), some firms are more vulnerable to stakeholder pressures than others (Fiss & Zajac, 

2006; Oliver, 1991; Salancik & Pfeffer, 1978). Fiss and Zajac (2006) argue that firms with higher 

visibility that receive more media attention are more vulnerable to stakeholder pressures due to 

their resulting exposure to multiple stakeholder groups and greater pressure to adapt the framing 

of their actions to pressure from multiple sources. Ettenson and Klein (2005) find that highly 

visible firms are more likely to become campaign targets of social movement organizations and 

other non-profit organizations (such as non-governmental organizations [(NGOs]), with their 

significantly heightened consumer influence in recent decades. Targeting a highly visible firm 

brings a sense of identity to social movement organizations (Rowley & Moldoveanu, 2003). In 

other words, positioning oneself vis-à-vis a highly visible company is one of the easiest ways for 

a stakeholder group to establish and signal its identity. 

According to identity theory, identity refers to labeling oneself as the occupant of a role 

and incorporating the meaning, expectation, and performance related to that role into oneself 

(Burke & Tully, 1977; Thoits, 1986). As previously mentioned, these meanings and expectations 

form a set of standards that direct behavior (Burke, 1991; Burke & Reitzes, 1981). In the world of 

innovation, NPEs are the firms who seldom or never practise their patents or produce products, 

instead they concentrate on earning licensing fees” (Shrestha, 2010). They usually purchase 

patenting licenses on behalf of small and weak firms to foster innovation. In addition to supporting 

small businesses, they continue to threaten strong and valuable patents of other firms by sending 

sporadic demand letters. According to identity theory, this behavior can be explained as the NPEs’ 

strategy to establish and signal their identity in the world of innovation. In 2021, patent trolls filed 

more than 2,900 infringement lawsuits in the United States (USA). Therefore, we can hypothesize 

that:  

 Hypothesis 1: Non-practicing entities (NPEs) threaten more visible firms to create and 

signal their own identity in the world of innovation. 
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3.3.2 Non-practicing entity (NPE) opportunism 

The media has a range of positive impacts on firms. For example, Hao and Li (2021) argue that 

the media enhance firms’ credit ratings by providing a richer set of information to creditors and 

by serving as a monitor of the strategic behavior of managers and large shareholders. Using 

Spanish data from 2004–2019, Peña-Martel et al. (2021) find that media attention increases a 

firm’s research and development (R&D) investment. Zyglidopoulos et al. (2012) argue that, as an 

awareness measure, media attention, to a large extent, increases the firm’s CSR investment. 

Similarly, a firm’s pre-IPO advertisement forecasts a positive abnormal return on its IPO day 

(Cook et al., 2006). The literature also identifies the media’s optimistic role in reducing violations 

of corporate governance violation (Dyck et al., 2008); revealing board ineptness (Joe et al., 2009); 

keeping an eye on the executive compensation (Kuhnen & Niessen, 2012); persuading the capital 

allocation decisions of managers (Liu & McConnell, 2013); restricting the usage of dual-class 

shares (Braggion & Giannetti, 2013); and penalizing insider transactions (Dai et al., 2015). The 

findings of these studies suggest that firms that are more visible in the media are well-performing 

and highly capable of paying the settlement amount imposed by NPEs in litigation. 

 In terms of comparison, Cohen et al. (2019) posit that “NPEs sue cash-rich firms and target 

cash in business segments unrelated to alleged infringement at essentially the same frequency as 

they target cash in segments related to alleged infringement.” However, cash is neither a key driver 

of intellectual property lawsuits by practicing entities (e.g., IBM and Intel), nor of any other type 

of litigation against firms. Miller (2010) finds that NPEs litigate patents that are relatively stronger 

than those litigated by practicing entities and individuals. The author also finds that NPE patent 

litigation is more prevalent in technological areas characterized as new or that permit relatively 

broad patents. Therefore, NPEs choose their cases strategically to optimize their expected 

litigation pay-off. The sole purpose of NPE litigation is trolling, with NPEs opportunistic in 

selecting their target to ensure their expected litigation pay-off. Therefore, it is legitimate to expect 
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that they would troll highly visible firms that are presumed to be sufficiently capable of paying 

the settlement amount imposed by NPEs in litigation. Therefore, 

Hypothesis 2: Non-practicing entities (NPEs) troll the highly visible firm as these firms are 

sufficiently capable of paying the settlement fees.  

 

3.4 Data and sample construction 

Our sample constitutes only the high-tech industry as: (i) the largest part of innovation occurs in 

the high-tech industries (Brown et al., 2009) and as a result (ii) NPE litigation targets mainly the 

innovative industries. We follow Loughran and Ritter’s (2004) classifications to identify whether 

a firm belongs to the high-tech industry. The Non-Practicing Entity (NPE) Litigation Data is 

collected from the Stanford NPE litigation database. Our NPE litigation data takes only the cases 

coded “830 Patent” in the Public Access to Court Electronic Records (PACER) database, taken 

care of by the US Court Administrative Office. We are mainly interested in the defendant firms 

sued by non-practicing entities (NPEs). 

Following Hao and Li (2021) and Dai et al. (2021), we use number of media articles as the 

proxy for firm visibility. We collect the media news data of US firms from RavenPack, which is 

increasingly becoming one of the leading global press coverage databases (Hao & Li, 2021). 

Recently, RavenPack has been widely used by finance and accounting studies (e.g., Twedt, 2016; 

Dai et al., 2015; Drake et al., 2014). RavenPack brings together news from three main sources: (1) 

Barron’s and Dow Jones Newswires, and the Wall Street Journal; (2) national and local news, and 

updates from business publishers and government; and (3) press releases, such as those from PR 

Newswire, CNW Group, and Regulatory News Services. For the primary estimation, we collect 

only product- and patent-related news articles based on the hypothesis that patent and NPE 

litigators are suing firms based on these types of news. RavenPack assigns relevance scores to 

every news article, ranging from 1–100 to indicate how strongly a firm is related to the 
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corresponding news story. Following Hao and Lin (2021), we focus only on news articles that 

have a relevance score of 100.  

Our patent data are collected from Kogan et al. (2017). The sample constitutes observation 

of the patenting activity of the firms in our sample, based on patents filed at the US Patent and 

Trademark Office (USPTO) from 1926–2010. The dataset provides facts on the number of patents, 

the projected market value of the patents, and the number of citations that each patent has received 

after the patent has been filed in the USPTO. 

Our final sample encompasses those firms that are common in media data from 

RavenPack, NPE data from Stanford NPE Litigation database, financial data from Compustat, and 

stock price/return data from the Center for Research in Security Prices (CRSP) for the period of 

2000–2019. Because no common identifier is provided in the NPE data, we match the NPE data 

with the merged CRSP–Compustat data by matching the names of defendant firms in the Stanford 

Non-Practicing Entity (NPE) Litigation Database with the names of the firms in the CRSP–

Compustat database. We have winsorized all the continuous variable at the 1st and 99th percentiles. 

Our final sample includes 2,543 unique firms and 21,904 firm-year observations. 

For the study’s robustness tests, we use analyst coverage, Google Search Volume Index 

(SVI), and distance data. Analyst coverage data are collected from the Thomson Reuters 

Institutional Brokers’ Estimate System (I/B/E/S) database. The Google SVI data are obtained from 

Google Trends, while distance data are collected from <gist.github.com>. 

Table 1, Panel A provides the year-wise distribution of the total number of firms, the 

number of firm visibility, and number of firms sued by NPE litigation.  

 

<Insert Table 1 here> 
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Columns (2) and (3) show the continuous increase in firm visibility. The instances of 

visibility per firm increase from 4.35 times in 2000 to 136.29 times in 2019. The NPE litigation 

percentage in Column (5) is equal to the number of NPE litigation divided by the total number of 

firms in Column (1). The average NPE litigation rate in firms in our sample is 15%. The NPE 

litigation rate was at the peak in 2012, before the anti-troll law was passed, then fell gradually 

from 26% in 2013 to 20% in 2018, then rose a little to 23% in 2019. 

Table 1, Panel B shows the distribution of firm visibility and NPE lawsuits across four-

digit Standard Industrial Classification (SIC) industries. As shown in Columns (4)–(5), NPEs most 

frequently target the communication services industry, followed by the computer hardware 

industry. Overall, the rate of NPE lawsuits varies from 9–53% across different industries. Columns 

(1)– (3) display the instances of visibility across different industries, with the electronics industry 

the most visible industry.  

 

3.4.1 Summary statistics 

Figure 1 presents the instances of visibility per firm and the percentage of NPE litigation. From 

2000–2015, the instances of visibility per firm increase continuously per year until they drop in 

2016 and again start to rise from 2018. The percentage of firms sued by NPEs gradually increased 

from 2000–2012 until it started falling from 2013, which was the year when implementation of 

the anti-troll law began in different US states. However, from 2018, this percentage again started 

to increase. Both variables show an almost identical trend. 

(Insert Figure 1 here) 

Table 2 reports the summary statistics of the key variables used in this study.  

(Insert Table 2 here) 
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We find that, the rate of NPE lawsuits in the high-tech industry is on average 14%, which 

is higher than the 8.6% NPE litigation rate in Cohen et al. (2019). Nevertheless, Cohen et al. (2019) 

examined all industries, whereas the current study only tested high-tech industries. The Number 

of NPE shows that, a firm is on average sued at least 1.595 times by the NPEs per year (based on 

the whole sample). The Visibility count finds that, on average, a firm is visible in the news at least 

50 times (instances) a year, whereas Dai et al. (2021) find this to be 66 times. However, the sample 

of Dai et al. (2021) constitutes all the industries in contrast to the current study’s focus on only 

high-tech industries.  

The average Book to market ratio of firms in our sample is 0.613. The Firm size (natural 

logarithm of total assets) is, on average, 5.602. The Number of patents (natural logarithm of 1 plus 

the number of patents) is 1.1, RD (R&D expenses) is 0.121, and the 12-month rolling Past return 

is 0.12. These values are broadly consistent with those of Hao and Li (2021) and Cohen et al. 

(2019).  

 

3.4.2 Empirical model and control variables 

To examine whether media visibility attracts higher NPE trolls in the US market, we examine the 

following fixed effect model: 

𝑁𝑃𝐸𝑖,𝑡 = α + (β × 𝑉𝑖𝑠𝑖𝑏𝑖𝑙𝑖𝑡𝑦𝑖,𝑡−1) + λ𝑋𝑖,𝑡 + 𝜂𝑗 + 𝛿 𝑡 + 𝜑𝑠 + 휀𝑖,𝑡     (1) 

 where i refers to firms, j indicates industries, s indicates state, and t specifies years. The 

dependent variable 𝑁𝑃𝐸𝑖,𝑡 is a dummy variable equals 1 if a firm i is threatened by an NPE in a 

particular year t, and 0 otherwise. The independent variable 𝑉𝑖𝑠𝑖𝑏𝑖𝑙𝑖𝑡𝑦𝑖,𝑡−1 is the measure of firm 

visibility one year earlier. 𝑉𝑖𝑠𝑖𝑏𝑖𝑙𝑖𝑡𝑦𝑖,𝑡−1 is the natural logarithm of the total number of times a 

firm is visible in the news (data collected from RavenPack) plus 1. In Equation (1), our main focus 

is on the coefficient β which referes to the rate and magnitude of the relationship between firm 
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Visibility and the chance of an NPE trolling defendant firms. We conjecture that the more visible 

firms are highly likely to be trolled by non-practicing entities (NPEs). 

It is highly likely that NPE trolling is driven by commonly unobserved year and industry 

effects. To recognize these effects, we incorporate year, industry, and state fixed effects (𝛿 𝑡 , 𝜂𝑗 

and 𝜑𝑠, respectively) in the models. We define industry by four-digit SIC codes following 

Loughran and Ritter’s (2004) classifications, where standard errors is clustered at the industry 

level. The fixed effect incorporates the variables that don’t diverge within a given year and 

industry e.g., industry-wide investment opportunities and business cycles. These include industry-

wide competition (Kahle & Stulz, 2017), merger waves (Doidge et al., 2017), venture capital (VC) 

financing cycles (Ljungqvist et al., 2018), etc. 

As NPE trolling can be driven by common unobserved year, industry, and state effects, we 

incorporate year, industry, and state fixed effects (𝛿 𝑡 , 𝜂𝑗 and 𝜑𝑠, respectively) in the models. The 

industry is defined by four-digit SIC codes based on Loughran and Ritter’s (2004) classifications, 

with standard errors clustered at the industry level. This fixed effect is used to incorporate all the 

variables that do not vary within a given year and industry, such as business cycles and industry-

wide investment opportunities. These include industry-wide competition (Kahle & Stulz, 2017), 

merger waves (Doidge et al., 2017), venture capital (VC) financing cycles (Ljungqvist et al., 

2018), etc. This confirms that our study analyzes the propensity of the firm to be sued by NPEs 

along with absorbing any disregarded heterogeneity that varies across industries and years. 

Time-varying firm-specific control variables are included in 𝑋𝑖,𝑡, with these affecting the 

probability of firms’ propensity to be sued by NPEs, and including Book to market, Firm size, 

Number of patents, RD, Cash ratio, and Past return. 

Following Cohen et al. (2019) who measure whether NPEs target cash-rich firms, we use 

Book to market as a control. To acknowledge the fact that highly valued and growth firms can 

attract more NPEs, we include Book to market and Firm size as controls. We quantity Firm size 



 

141 
 

by the natural logarithm of total assets. Kim and Skinner (2012) assume that the media focus more 

on large and high-growth firms and, therefore, that these firms are more vulnerable to litigation 

risk. Miller (2010) argues that NPEs litigate relatively stronger patents than those litigated by 

practicing entities and individuals. Based on the hypothesis that a higher number of patents 

increases the chance of NPE trolls, and following Cohen et al. (2019), we control for Number of 

patents.  

Finally, research and development (R&D) (RD) is deemed to be the innovation input which 

may increase innovation quality and attract non-practicing entities (NPEs). Besides, Cohen et al. 

(2019) establish that NPEs target cash-rich firms. Based on these assumptions, we use RD and 

Cash ratio as firm-level control variables for our estimation. 

 

3.5 Empirical results 

3.5.1 Association between firm visibility and NPE trolls – Baseline  

The baseline regression tests the most basic form of our analysis, that is, the effect of a firm’s 

media visibility on the defendant firm’s propensity to be litigated (or trolled) by non-practicing 

entities (NPEs). Although the dependent variable is a binary variable, we use OLS as our baseline 

regression because our regression holds many fixed effects of numerous dimensions. Lancaster 

(2000) argues that using maximum likelihood tests such as logit or probit in this regard may reason 

incidental problems. In Table 3, Panels A and B, the dependant variable NPE is a dummy variable 

equals 1 if the firm is threatened by an NPE, and 0 otherwise. In Panel A, the independent variable 

Visibility is the natural logarithm of the total number of product- and patent-related news articles 

plus 1. In Table 3, Panel B, the dependent variable Visibility count is the total number of product- 

and patent-related news articles. Panels A and B, Columns (1), (2), and (3) use year fixed effect, 

firm fixed effect, and year and firm fixed effects together, respectively. 
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(Insert Table 3 here) 

 

The results suggest that firms that are highly visible in the media are more trolled by non-

practicing entities (NPEs). In both the panels and all the specifications in Table 3, the coefficients 

of Visibility and Visibility count are positive and significant at 1%. In the tightest form of our 

estimation where both year-level controls and industry fixed effects are taken into account, a 

1% increase in Visibility increases the chance of NPE litigation by 10.18%. 

All the other significant control variables show the expected signs. For example, Firm size, 

Number of patents, and RD are significantly positively associated with the chance of being faced 

by NPE litigation threats. This is in line with Cohen et al. (2019) who show that NPEs are, in fact, 

opportunistic, suing high-quality firms to ensure the receipt of the settlement payment. In contrast, 

Cash ratio shows a negative relationship with NPE litigation threats. 

3.5.2 Robustness tests 

3.5.2.1 Alternative robustness tests of baseline 

In Table 4, we employ other specification tests to examine whether the results are in line with the 

baseline estimation. In Columns (1) and (3), we show the results of the probit model, in which the 

year and industry fixed effects are not included. We include Industry sales growth rate and Real 

GDP [gross domestic product] growth rate as controls in Column (3) to control for broader 

industry conditions and economy-wide effects. Coherent with the OLS estimates, the coefficients 

from the probit model are positively and significantly related to the chance of NPE litigation 

threats. Thus, a firm’s media visibility is found to increase its chance of NPE litigation threats.  

(Insert Table 4 here) 

Columns (5) and (6) report the hazard ratios from the Cox model. In this case, the hazard 

ratio is the likelihood that a firm will be sued by an NPE in the next year. In line with the OLS 
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estimate, the hazard ratio is also significantly and positively related to NPE lawsuits. Therefore, 

the probability of NPE litigation threat increases following a firm’s high visibility. In Column (6), 

we include the variables of Industry sale growth rate and Real GDP growth rate. Overall, the 

coefficient of Visibility remains robust to this alternative model specification. 

3.5.2.2 Alternative measures of firm visibility 

In this section, we use different measures of firm visibility, namely, Analyst coverage, Google 

SVI, Visibility rank, All news, and Firm visibility dummy to test the robustness of the baseline 

regression.  

Following Chun and Shin (2018), we use Analyst coverage as an alternative measure for 

visibility. Analysts act as the informational intermediary between firms and shareholders to 

increase information quality as well as quantity (Chou & Shiah-Hou, 2010; Jiraporn et al., 2012). 

They analyze the publicly available data, including financial statements, earnings-related 

disclosure data, and other announcements, and share their analysis of this information with the 

public. We collect the Analyst coverage data from the I\B\E\S database and, as with the baseline 

regression, we find that the coefficient indicates a positive and significant relationship with NPE 

lawsuits.  

 

(Insert Table 5 here) 

 

Our second alternative measurement is Google SVI [Search Volume Index]. By combining 

our search for the ticker number and firm name, we collect data from Google Trends on the number 

of web searches for firms per year. Appel et al. (2019) and Dayani (2020) use Google’s Search 

Volume Index (SVI) for patent troll-related web searches of companies to examine the impact of 

anti-troll law on patent troll-related news articles. Both studies find that anti-troll law reduces the 

number of news articles about patent trolls. In the current study, we find that the number of web 
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searches about a firm through Google SVI is positively and significantly (at 1% level) associated 

with NPE lawsuits. This suggests that NPEs are attracted to firms which have product- and/or 

paten- related news articles frequently visible on the internet.  

To resolve the influence of outliers and to correct the skewness of data, we use standard 

ranking of the total number of product- and/or patent-related news articles as another measure of 

firm visibility. As shown in Table 5, Column (3), the coefficient of Visibility rank is positive and 

statistically significant at a 1% level. In Column (4), we construct another measurement of firm 

visibility using all types of news about the firm. Using all the news information from RavenPack, 

we calculate the natural logarithm of the number of all news items plus 1 to be the independent 

variable All news. We find that All news is also significantly and positively related to NPE lawsuits. 

In addition, to ensure that our sample focuses on all firms covered by RavenPack and is not driven 

by the sample selection process, we create an indicator variable Firm visibility dummy equal to 1 

if the firm is covered by RavenPack in a given year, and 0 otherwise. In Column (5), we also find 

that the coefficient of Firm visibility dummy is positive and significant at a 1% level. This implies 

that firms with non-zero media coverage are more prone to NPE litigation than firms without 

media visibility. The results of the last three measurements comply with those of Hao and Li 

(2021).  

All measurements in Table 5 taken together suggest that our baseline results are robust to 

alternative measures of firm visibility. 

 

3.5.4 Endogeneity test 

3.5.4.1 Difference-in-differences (DiD) test 

To further investigate endogeneity, we conduct additional tests by including the anti-troll law as a 

natural experiment. To investigate the impact of anti-troll law, we test the following equation: 
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𝑁𝑃𝐸𝑖,𝑡= α + 𝛽1𝑉𝑖𝑠𝑖𝑏𝑖𝑙𝑖𝑡𝑦𝑖,𝑡−1 + 𝛽2 (𝑉𝑖𝑠𝑖𝑏𝑖𝑙𝑖𝑡𝑦𝑖,𝑡−1×𝐴𝑛𝑡𝑖𝑡𝑟𝑜𝑙𝑙 𝑑𝑢𝑚𝑚𝑦𝑠,𝑡−1) 

+ 𝛽3 𝐴𝑛𝑡𝑖𝑡𝑟𝑜𝑙𝑙 𝑑𝑢𝑚𝑚𝑦𝑠,𝑡−1 + λ𝑋𝑖,𝑡 + 𝜂 𝐹𝑖𝑥𝑒𝑑 𝐸𝑓𝑓𝑒𝑐𝑡𝑠 + 휀𝑖,𝑡     (5) 

 

where 𝐴𝑛𝑡𝑖𝑡𝑟𝑜𝑙𝑙 𝑑𝑢𝑚𝑚𝑦𝑠,𝑡−1 is a binary variable equal to 1 if the firm is situated in a state which 

implemented anti-troll law in the particular year. We interact 𝑉𝑖𝑠𝑖𝑏𝑖𝑙𝑖𝑡𝑦𝑖,𝑡−1, the independent 

variable with the 𝐴𝑛𝑡𝑖𝑡𝑟𝑜𝑙𝑙 𝑑𝑢𝑚𝑚𝑦𝑠,𝑡−1 to distinguish between treatment and control firms. Anti-

troll law is a state law and was implemented in different states in different years. To absorb this 

effect, we use µ𝑠 ,  the state fixed effect in our regression. Besides, to absorb the variation among 

the years in which states adopted this law, we use the year fixed effect 𝛿 𝑡.  

(Insert Table 6 here) 

 

Columns (1) and (3) of Table 8 use industry and year fixed effects, while, in Column (2) 

uses state and year fixed effects. The outcomes are quite alike in every cases. The coefficients of 

Visibility are significantly positive, whereas the coefficients of 𝐴𝑛𝑡𝑖𝑡𝑟𝑜𝑙𝑙 𝑑𝑢𝑚𝑚𝑦 are not 

significant in Columns (2) and (3). However, when Visibility is interacted with 𝐴𝑛𝑡𝑖𝑡𝑟𝑜𝑙𝑙 𝑑𝑢𝑚𝑚𝑦, 

we find a highly negative and statistically significant coefficient. The coefficients of the 

interaction term suggests that anti-troll law reduces the effect of NPEs to such an extent that it 

abolishes the positive effect of Visibility on NPE threats. In summary, both our test of endogeneity 

of 2SLS and natural experiment test suggest the robustness of the baseline outcome. 

 

3.5.4.2 Instrumental variable analysis 

A potential concern of this paper is endogeneity. The business press has a tendency to 

accommodate the tastes of the public and report sensational news (Jensen, 1979). Therefore, it 

could be that NPE litigation news increases a firm’s visibility. Miller (2006) finds that journalists 
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are inclined to follow firms with specific characteristics, such as large firms, firms with good 

profiles, or firms that require lower investigation costs. As firm visibility and NPE trolling can be 

jointly determined by unobservable factors, it is vital to control for omitted variable bias to validate 

the robustness of our results. Therefore, we next perform a two-stage instrumental variable 

analysis, as set out below, to improve this concern: 

 

𝑉𝑖𝑠𝑖𝑏𝑖𝑙𝑖𝑡𝑦𝑖,𝑡 = α + β 𝐼𝑉𝑖,𝑡−1 + λ 𝐶𝑜𝑛𝑡𝑟𝑜𝑙 𝑉𝑎𝑟𝑖𝑎𝑏𝑙𝑒𝑠𝑖,𝑡−1 + 𝜂 𝐹𝑖𝑥𝑒𝑑 𝐸𝑓𝑓𝑒𝑐𝑡𝑠 + 휀𝑖,𝑡  (3) 

and  

𝑁𝑃𝐸𝑖,𝑡+1 = α + β 𝐼𝑛𝑠𝑡𝑟𝑢𝑚𝑒𝑛𝑡𝑒𝑑 𝑣𝑖𝑠𝑖𝑏𝑖𝑙𝑖𝑡𝑦𝑖,𝑡 + λ𝐶𝑜𝑛𝑡𝑟𝑜𝑙 𝑉𝑎𝑟𝑖𝑎𝑏𝑙𝑒𝑠𝑖,𝑡 + 𝜂 𝐹𝑖𝑥𝑒𝑑 𝐸𝑓𝑓𝑒𝑐𝑡𝑠 + 휀𝑖,𝑡

            (4) 

 

where, the set of control variables and fixed effects are same as that in Equation (1). We 

cluster the standard errors at the year level. At first, the independent variable Visibility is regressed 

on the instrumental variable (IV) in the first-stage regression. The predicted value of Visibility is 

then used in the second-stage regression. 

Following Dai et al. (2015) and Hao and Li (2021), we use Distance to news branches as 

the instrumental variable. To calculate Distance, we used three different information such as; the 

information about the location of Dow Jones offices in US from the Dow Jones website, the firms’ 

headquarter location (state headquarters) information from Compustat and the complete 

information on the distance between the different states, from <gist.github.com>. The eight offices 

that Dow Jones have are in Boston, Chicago, Minneapolis, New York, Princeton, San Francisco, 

Waltham, and Washington.19 We conjecture that the distance between a firm’s headquarters and 

Dow Jones’s offices will decrease media coverage for two reasons. Firstly, a firm’s visibility in 

 
19 See <http://www.dowjones.com/contact>. 
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the media and the content of the coverage depend on the distance between the firm’s location and 

location of the news outlets (Gurun & Butler, 2012; You et al., 2018). As journalists bear high 

costs for collecting and analyzing information from distant firms, lengthier travel times lower the 

possibility of news coverage. Secondly, longer distance between the firm and the new outlets can 

reduce the media visibility and interest about the firm. 

 

(Insert Table 7 here) 

 

Table 7, Column (1) shows that our instrumental variable Distance is significantly and 

negatively related to Visibility, that is, the higher the distance between the firm’s headquarters and 

the nearest news branch of Dow Jones, the lower the visibility of the firm in the news. Using the 

predicted value of Visibility and regression on NPE in the second stage, we find a positive and 

statistically significant coefficient for Instrument visibility. This suggests that firm visibility has 

an important bearing on attracting NPE trolls after controlling for endogeneity. 

 

3.5.3 Size effect 

In this section, we report on our investigation of whether company size matters in attracting NPE 

trolls. As large firms, such as Microsoft, Google, IBM, etc., receive higher media attention than is 

the case with smaller firms, we expect large firms to be exposed to a higher rate of NPE trolling 

than smaller firms. 

In this experiment, we define large firm as an indicator variable with a value of 1 if the 

firm’s size is in the 75th percentile of total assets of all firms. Similarly, small firms are defined as 

a binary variable equal to 1 if the total assets of the firm belong to the lowest 25th percentile of 
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total assets of all firms. We employ a difference-in-differences (DiD) test by multiplying the size 

of firms by Visibility as follows: 

 

𝑁𝑃𝐸𝑖,𝑡= α + 𝛽1×𝐹𝑖𝑟𝑚 𝑠𝑖𝑧𝑒𝑖,𝑡−1 + 𝛽2 (𝐹𝑖𝑟𝑚 𝑠𝑖𝑧𝑒𝑖,𝑡−1×𝑉𝑖𝑠𝑖𝑏𝑖𝑙𝑖𝑡𝑦𝑠,𝑡−1) + 𝛽3 × 𝑉𝑖𝑠𝑖𝑏𝑖𝑙𝑖𝑡𝑦𝑠,𝑡−1 

+ λ𝑋𝑖,𝑡 + µ𝑖 + 𝛿 𝑡 + 휀𝑖,𝑡          (2) 

 

Here, 𝑋𝑖,𝑡 is the vector of control variables; µ𝑖 is industry fixed effect; and 𝛿 𝑡 is time fixed 

effect. As shown in Table 6, Column (1), we find that Large firm on its own is negatively 

(significantly) associated with the propensity for NPE trolls. However, when interacted with 

Visibility, the coefficient becomes positive and significant. This implies that it is not the size, but 

the Visibility of the firm that attracts a higher level of patent trolls. In contrast, when Small firm is 

interacted with Visibility, the coefficient becomes negative and significant. Perhaps, Visibility of 

the Small firm makes the lower strength of the firm clearer to non-practicing entities (NPEs). 

Therefore, NPEs troll smaller firms less. All the results together provide evidence that size matters 

in terms of visibility and NPE litigation threats. 

  

(Insert Table 8 here) 

 

3.5.5 Economic channels or mechanisms 

3.5.5.1 Test on news sentiment 

In this section, we report our study’s investigation of the effect of news sentiment on NPE 

litigation against defendant firms. According to our study’s NPE opportunism hypothesis, the 

relationship between media exposure and NPE litigation threat is built on the arguments that media 

coverage (1) disseminates firm-specific information to the market participants and (2) NPEs are 
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opportunistic as they target those firms that are highly capable of paying off settlement fees. That 

is, firms with good performance are associated with more positive news coverage, and those firms, 

in turn, may attract more NPE trolls.  

To empirically test this hypothesis, we collect sentiment data from the RavenPack 

database, which provides a composite sentiment score (CSS) and event sentiment score (ESS) for 

each news article held in the database. The ESS ranges from +1.0 to -1.0, with a score above 0 for 

positive sentiment, while below 0 is the negative sentiment score, and equal to 0 is the neutral 

sentiment score. In our estimation, ESSnegative refers to scores below 0; ESSpercentile25 refers to scores 

in the top 25th percentile of all positive scores; ESSpercentile50 refers to scores in the top 50th 

percentile of all positive scores; and ESSpercentile75 refers to scores in the top 75th percentile of all 

positive scores. In contrast, the CSS ranges from 0 to 100 with a score above 50 for positive 

sentiment, while below 50 is the negative sentiment score, and equal to 50 is the neutral sentiment 

score. In our estimation, CSSnegative refers to scores below 50; CSSpercentile25 refers to scores in the 

top 25th percentile of all positive scores; CSSpercentile50 refers to scores in the top 50th percentile of 

all positive scores, while CSSpercentile75 refers to scores in the top 75th percentile of all positive 

scores. 

 

(Insert Table 9 here) 

 

As shown in Table 9, Columns (1) and (5), both negative ESS and CSS scores are 

negatively related to the propensity for NPE litigation threat. It is also observable that the 

coefficients of ESS and CSS increase significantly with the increase in percentiles. We find the 

highest positive and most significant coefficient for both sentiment variables to exist in the top 

75th percentile of the respective scores. This suggests that NPEs are mostly attracted to positive 

(top percentile) sentiment news and negatively associated with negative sentiment news. This is 
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consistent with our study’s conjecture that NPEs are opportunistic and target stronger firms who 

are sufficiently capable of paying the settlement costs. 

3.5.5.2 Plaintiff’s return after litigation: identity theory 

According to identity theory, we hypothesize that by targeting highly visible firms, NPEs not only 

aim to protect their interests but are also able to express/build their identity. Positioning itself vis-

à-vis a highly visible company is one of the easiest ways for an NPE to establish and signal its 

identity. This suggests that, by suing a high-performance firm, NPEs may try to prove that their 

identity is similar to the sued firm in the market. Therefore, after the lawsuit, the return to the NPE 

(the plaintiff) is expected to rise as, by suing a highly visible firm, NPEs try to prove that they are 

as strong as the highly visible firm. 

To investigate whether NPEs really are better off from suing a highly visible firm, we 

investigate the pre- and post-returns of NPE firms following their lawsuits against highly visible 

defendant firms.  

(Insert Table 10 here) 

 

Table 10, Columns (1) and (2) reveal the one-month and two-month ex-post returns 

following these lawsuits. In Column (1), the monthly return following the NPE lawsuit is found 

to be significantly positive at a 1% level. The return in the second month following the NPE 

lawsuit is also positive and significant at a 10% level. In contrast, the plaintiff’s return ex-ante 

lawsuits is not significant. This result provides evidence that NPEs, as plaintiffs, have the incentive 

to sue a highly visible firm as this not only ensures payment of the settlement costs, but also 

establishes their identity in the market. 

3.5.5.3 Defendant’s return following NPE litigation threat 

In the corporate litigation literature, Bhagat et al. (1998) find that the announcement of corporate 

litigation leads to a negative stock price reaction. While analysing different forms of legal 
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disagreements, they find that corporate lawsuits cause the average corporate defendant a loss of 

0.97% of its market value, or US$15.96 million, over a (-1, 0) event window. However, based on 

several factors, the magnitude and loss of market value differ immensely, specifically based on 

the type of violations (Karpoff & Lott, 1993). Fich and Shivdasani (2007) argue that the costliest 

type of litigation is the shareholder-initiated class action for which they report a -16% average 

cumulative abnormal returns (CARs) during the (-20, -3) window and a -5.95% abnormal return 

during the (-1, 0) window. Gande and Lewis (2009) confirmed this outcome, documenting average 

CARs of -4.66% and -14.45%, respectively, during the (-1, 1) and (-10, 1) windows. 

On the similar note, the literature argues that by heedlessly suing, NPEs create a substantial 

amount of wealth loss by defendant firms. As mentioned in the literature review, Bessen and 

Meurer (2013) find that NPE lawsuits cause almost half a trillion dollars (US$) of defendant firms’ 

wealth loss from 1990 to 2010 in the US market.  

To investigate the extent of distress caused by NPEs to defendant firms, as shown in 

Table 11, we regress Visibility on cumulative abnormal returns (CARs) of defendant firms 

following NPE lawsuits. Therefore, the sample consists of firms that have already been sued by 

non-practicing entities (NPEs).  

 

(Insert Table 11 here) 

 

As shown in all columns in Table 11, after being sued by NPEs, Visibility is significantly 

and negatively associated with CARs. That said, investors have a negative sentiment about firms 

threatened by NPE litigation. Therefore, the increases visibility of a defendant firm following NPE 

litigation leads to a negative abnormal return. This justifies our study for which the main 

motivation was to establish the deterrent effects on NPEs and to discover NPE litigation 

determinants.  
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3.6 Conclusion 

This paper documents a previously unreported shadowy side of media coverage: NPE trolling. 

Using a novel NPE litigation database from the Stanford Non-Practicing Entity (NPE) Litigation 

Database and media coverage data from the RavenPack database, we find that highly visible firms 

frequently become targets of heedless NPE lawsuits. Our baseline finding is aligns with the NPE 

opportunism hypothesis that NPEs strategically target highly visible firms that are sufficiently 

capable to pay settlement costs. This result is robust to alternative estimation models, such as 

probit and Cox hazard models, and alternative measures of firm visibility. Additionally, the 

comparison between the positive and negative news coverage finds that NPEs are positively and 

significantly attracted to defendant firms with positive news. 

Additionally, we find support for the underlying economic mechanism of the impact of 

firm visibility on the NPE litigation threats, namely, identity theory which proposes that by 

targeting highly visible firms, NPEs not only aim to protect their interests but also to express 

and/or build their identity. Positioning itself vis-à-vis a highly visible company is one of the easiest 

ways for an NPE to establish and signal its identity.  

To identify the causal effect of firm visibility on NPE litigation threats, we follow the two-

stage instrumental variable analysis and the difference-in-differences (DiD) test. Using distance, 

that is, the minimum distance between the firm’s headquarters and the closest Dow Jones branch, 

we find that the Instrumented visibility variable is positively and significantly related to NPE 

litigation threats. We use the anti-troll law adopted in some US states to curb NPEs’ discretion to 

send mass demand letters to defendant firms as an exogenous shock in the difference-in-

differences (DiD) test. We investigate that after the anti-troll law is implemented in a state, the 

effect of NPE litigation threats is sufficiently abated to remove the positive effect of Visibility on 
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NPE litigation threats. Finally, the size effect suggests that when large firms are more visible, they 

are more trolled by NPEs than is the case with smaller firms. 

Our study sheds light on how excessive media coverage may invite patent trolls. It also 

provides avenues for further research into the real effects of NPEs on long-term corporate policies.  
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3.7 Tables and Figures 

 

Table 1: Distribution of firm visibility and NPE lawsuits 

The table represents the firm Visibility and NPE litigation of the high-tech firms. Panel A shows 

the yearly frequency of the NPE litigation and the firm Visibility for the period 2000-2019. Panel 

B reports the same distribution across 4-digit SIC sectors. In column (3) of Panel A, the Visibility 

# of times per firm is the number of Visibility in column (2) divided by the total number of firms 

in column (1). The NPE # in Panel A Column (4) is the total number of NPE litigation by year. 
Panel A: Visibility and NPE lawsuits by year   
  (1) (2) (3) (4) 

Year 

# of 

firms Visibility Visibility NPE 

    # # of times per firm # 

2000 1839 7999 4.35 80 

2001 1693 11209 6.62 82 

2002 1517 11456 7.55 84 

2003 1363 11942 8.76 106 

2004 1287 24283 18.87 128 

2005 1270 24669 19.42 125 

2006 1235 28670 23.21 133 

2007 1215 38223 31.46 196 

2008 1104 40514 36.70 186 

2009 1024 50422 49.24 187 

2010 1005 62410 62.10 248 

2011 947 84213 88.93 251 

2012 923 104231 112.93 256 

2013 872 98611 113.09 223 

2014 846 97007 114.67 199 

2015 828 96060 116.01 184 

2016 794 72351 91.12 182 

2017 737 63085 85.60 144 

2018 702 72206 102.86 140 

2019 703 95815 136.29 159 

Total 21904 1095376   3293 

Panel B: Visibility and NPE lawsuits by industry   
  (1) (2) (3) (4) 

Sector # of 

firms 

  

Visibility 

  # # of times per firm # 

Communication equipment 2037 282765 138.81 313 

Communication services 1339 31198 23.30 713 

Computer hardware 1256 58474 46.56 297 

Electronics 3811 431988 113.35 611 

Measuring controlling devices 1761 51412 29.19 179 

Medical instruments 2547 80311 31.53 278 

Navigation equipment 370 45646 123.37 34 

Software 6771 10050 1.48 649 

Telephone equipment 2012 103532 51.46 219 

Total 21904 1095376   3293 
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Table 2: Summary statistics 

The table presents the descriptive statistics of the key variables of this study. The definition 

of the high-tech firms used for this study follows Loughran (2004). The sample covers the 

period of 2000-2019. The NPE litigation data is collected from the Stanford NPE Litigation 

Database and delisting data from the CRSP. We winsorized all the continuous variables at 

1% on both the sides. The definitions of the variables are given in the Appendix. 

    Mean SD 25th 50th  75th N 

        Percentile Percentile Percentile   

NPE lawsuit       

NPE  0.145 0.352 0.000 0.000 0.000 12836 

Number of NPE 1.697 10.521 0.000 0.000 0.000 12836 

        

Visibility measures     

Visibility  2.479 1.827 0.000 2.708 3.850 12836 

Visibility count 50.000 500.000 0.000 6.000 33.000 12836 

Analyst coverage 1.553 14.045 0.000 0.000 0.000 12836 

Google SVI 5.667 0.956 5.198 5.837 6.354 4073 

ESS  0.292 2.535 0.019 0.059 0.166 9462 

CSS  0.029 0.034 0.015 0.028 0.043 9462 

Firm Characteristics   

Book to market 0.612 0.557 0.231 0.442 0.816 12836 

Firm Size  5.607 2.159 3.982 5.350 6.947 12836 

Number of patents 86.000 287.000 2.000 8.000 35.000 6357 

RD  0.120 0.122 0.042 0.088 0.153 12836 

Cash ratio 0.323 0.221 0.142 0.285 0.472 12836 

Past return 0.118 0.731 -0.326 -0.007 0.350 12836 

Large firm 0.242 0.428 0.000 0.000 0.000 12836 

Small firm  0.255 0.436 0.000 0.000 1.000 12836 

Distance  2.145 3.033 0.000 0.000 5.776 10433 

Anti-troll law 0.050 0.219 0.000 0.000 0.000 12836 
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Table 3: Baseline – Impact of visibility on NPE litigation threat 

This table reports the fixed effect impact of the company visibility on the firms’ propensity 

to be litigated by NPEs. The dependent variable NPE is an indicator variable equal to one if 

the firm is sued by an NPE. The independent variable in Panel A, Visibility is the natural 

logarithm of the number of patent related news in the prior year from RavenPack plus one. 

The independent variable in Panel B, Visibility Count is the number of patent related news in 

the prior year from RavenPack. Column (1) includes only the fixed effects and Column (2) 

and (3) report the control variables alongside. The control variables are defined in the 

Appendix. Standard errors are clustered at the firm level and t-stats are reported in the 

parentheses. Statistical significance at the 1%, 5% and 10% are indicated by ***, ** and * 

respectively. 
Panel A: Visibility (natural logarithm)  

    (1) (2) (3) 

Visibility  0.108*** 0.121*** 0.097*** 

  (7.51) (8.76) (7.06) 

Book to market  -0.002 0.001 -0.001 

  (-0.68) (0.08) (-0.56) 

Firm Size  0.132*** 0.167*** 0.149*** 

  (8.10) (10.11) (8.78) 

Number of patents  0.237*** 0.221*** 0.234*** 

  (14.23) (12.84) (14.71) 

RD  0.218* 0.193* 0.191* 

  (1.93) (1.93) (1.92) 

Cash ratio  0.011 -0.125** -0.117** 

  (0.19) (-2.20) (-2.11) 

Past return  0.006 0.019 0.007 

  (0.38) (0.66) (0.36) 

Year FE  Yes No Yes 

Industry FE  No Yes Yes 

Observations  14026 14026 14026 

Adjusted R-squared   0.178 0.185 0.192 

Panel B: Visibility Count    

    (1) (2) (3) 

Visibility count  0.128*** 0.040*** 0.061*** 

  (6.01) (3.95) (6.76)    

Book to market  -0.004 -0.001 -0.003   

  (-0.84) (-0.04) (-0.66)    

Firm Size  0.236*** 0.304*** 0.275*** 

  (8.06) (9.91) (8.73)    

Number of patents  0.458*** 0.419*** 0.445*** 

  (13.56) (12.08) (13.82)    

RD  0.413* 0.344* 0.357*   

  (1.87) (1.81) (1.84)    

Cash ratio  0.078 -0.188* -0.192*   

  (0.70) (-1.76) (-1.82)    

Past return  0.012 0.043 0.014   

  (0.35) (0.71) (0.34)    

Year FE  Yes No Yes 

Industry FE  No Yes Yes 

Observations  14026 14026 14026    

Adjusted R-squared   0.180 0.187 0.194    
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Table 4: Alternative robustness tests 

This table shows different estimated effects of the visibility on a firm’s propensity to be sued by 

an NPE. The dependent variable NPE is the indicator variable equals one if the firm is sued by an 

NPE and zero otherwise. Here, we examine the probit and Cox models. The first probit model in 

column (1) reports the estimate using year and industry fixed effect. The second probit model in 

column (2) shows the estimate using year and firm fixed effect. The Cox model in column (3) and 

(4) reports the Cox hazard ratios of the firm Visibility on NPE litigation threats. The control 

variables are defined in the Appendix. Standard errors are clustered at the industry level and t-

stats are reported in the parentheses. Statistical significance at the 1%, 5% and 10% are indicated 

by ***, ** and * respectively. 

    Probit model   Cox model 

 (1)  (2)  (3) (4) 

  Coefficient Marginal Coefficient Marginal     

       

Visibility 0.132*** 0.024*** 0.130*** 0.023*** 1.020* 1.021** 

 (16.43) (16.61) (16.15) (16.32) (1.94) (2.09) 

Book to market 0.002 0.001 0.002 0.001 1.010 1.01 

 (0.38) (0.38) (0.38) (0.38) (1.60) (1.50) 

Firm Size 0.165*** 0.030*** 0.166*** 0.030*** 1.041*** 1.045*** 

 (16.86) (17.05) (16.87) (17.07) (2.42) (2.64) 

Number of patents 0.142*** 0.026*** 0.142*** 0.026*** 1.376*** 1.372*** 

 (14.82) (15.09) (14.75) (15.02) (21.33) (21.12) 

RD 0.182*** 0.033*** 0.184*** 0.033*** 0.814 0.819 

 (3.27) (3.27) (3.29) (3.30) (-0.95) (-0.92) 

Cash ratio 0.128* 0.023* 0.132* 0.024* 1.351*** 1.355*** 

 (1.73) (1.73) (1.78) (1.78) (2.30) (2.33) 

Past return 0.03* 0.005* 0.024 0.004 1.055* 1.024 

 (1.94) (1.94) (1.51) (1.51) (1.78) (0.74) 

Industry sales growth   -0.028 -0.005  1.023 

   (-0.85) (-0.85)  (1.09) 

GDP growth   -4.514*** -0.812***  0.001 

   (-4.67) (-4.68)  (-7.05) 

       

Pseudo R-squared 0.193  0.191    

Log likelihood     -14952.105    -14929.11 

Observations 14026 14026 14026 14026 12,877 12,877 
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Table 5: Alternative measurements of visibility 

This table shows the robustness of different measures of firm visibility on the NPE lawsuits. The 

dependent variable NPE is an indicator variable equal to one if the firm is sued by an NPE. This 

table uses five different independent variables as the firm Visibility measure. The Analyst coverage 

is the natural logarithm of the number of estimates given by the analysts for a given firm plus one. 

The Google SVI is the natural logarithm of the number of times the defendant firm appears in the 

Google search plus one. The Visibility rank is the standardized rank of the total number of product 

related news articles. All News is the natural logarithm of the number of all types of news plus one. 

Firm Visibility Dummy is an indicator variable equals one if the firm is covered by RavenPack in 

a given year, and zero otherwise. The control variables are defined in the Appendix. Standard errors 

are clustered at the firm level and t-stats are reported in the parentheses. Statistical significance at 

the 1%, 5% and 10% are indicated by ***, ** and * respectively. 

  

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

      

Analyst coverage 0.094*     

 (1.93)      

Google SVI  0.033***    

  (3.95)    

Visibility rank   0.001***   

   (7.74)   

All News    0.032***  

    (5.08)  
Firm Visibility Dummy     0.048*** 

     (4.58)    

Book to market -0.001 -0.005 -0.001 -0.001 -0.001    

 (-0.33) (-1.52) (-0.15) (-1.19) (-0.14)    

Firm Size 0.034*** 0.066*** 0.033*** 0.037*** 0.035*** 

 (9.18) (8.20) (8.76) (10.31) (8.93)    

Number of patents 0.048*** 0.043*** 0.046*** 0.046*** 0.047*** 

 (11.92) (7.83) (11.78) (10.33) (12.21)    

RD 0.085*** 0.498*** 0.074*** 0.085*** 0.082*** 

 (4.83) (7.88) (4.55) (4.45) (4.77)    

Cash ratio -0.015 0.133** -0.020 -0.018 -0.019    

 (-1.03) (2.82) (-1.29) (-0.90) (-1.28)    

Past return 0.007 -0.004 0.007 0.009 0.007    

 (1.65) (-0.19) (1.57) (1.52) (1.58)    

Year FE Yes Yes Yes Yes Yes 

Industry FE Yes Yes Yes Yes Yes 

Observations 12836 4073 12836 9729 12836    

Adjusted R-squared 0.186 0.204 0.192 0.206 0.189    
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Table 6: Effect of Anti-troll law: Difference-in-differences (DiD) test 

This table reports the difference-in-difference impact of the Anti-troll law on the defendant firm’s 

propensity to be litigated by an NPE. The dependent variable NPE is the dummy variable equal to one 

if the firm is sued by an NPE at least once in a year, otherwise zero. The interaction between the 

Visibility and the Antitroll dummy shows how anti-troll law affects the propensity to be sued in case 

of defendant firms. Antitroll dummy is the indicator variable equals one if the firm belongs to a state-

year which has adopted Anti-troll law. The control variables are defined in the Appendix. Standard 

errors are clustered at the industry level and t-stats are reported in the parentheses. Statistical 

significance at the 1%, 5% and 10% are indicated by ***, ** and * respectively. 

    (1) (2) (3) 

     

Visibility  0.098*** 0.025*** 0.013*   

  (26.63) (5.37) (2.08)    

Visibility*Antitroll law  -0.022*** -0.011* -0.010*   

  (-4.59) (-2.09) (-1.77)    

Antitroll law  0.097*** 0.029 0.042    

  (4.35) (1.31) (1.29)    

Book to market   -0.001 -0.001    

   (-1.49) (-0.39)    

Firm size   0.034*** 0.037*** 

   (12.67) (6.56)    

Number of patents   0.047*** 0.008    

   (9.80) (1.16)    

RD   0.055*** 0.056**    

   (2.12) (2.14)    

Cash ratio 
  

0.087*** 0.018       
(4.83) (0.88)    

Past return 
  

0.009 0.006       
(1.30) (0.96)    

Year FE  Yes Yes Yes 

Industry FE  Yes Yes Yes 

Observations  9084    9084    9084    

Adjusted R-squared   0.129 0.210 0.343    
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Table 7: Firm visibility on NPE litigation threat: Instrumental variable approach 

This table reports the 2SLS regression of the impact of the company visibility on the firms’ 

propensity to be litigated by NPEs. The first stage regression in column (1) uses Distance as 

the instrumental variable on Visibility. The instrumental variable Distance is measure as the 

minimum distance between the firm headquarter and any news branch of the Dow Jones. 

Column (2) reports the impact of the Fitted Visibility from the first stage regression on the 

firms’ propensity to be litigated by NPEs. Visibility is the natural logarithm of the number of 

patent related news in the prior year from RavenPack plus one. NPE is the dummy variable 

equal to one if the firm is sued by an NPE at least once in a year, otherwise zero. The control 

variables are defined in the Appendix. Standard errors are clustered at the firm level and t-stats 

are reported in the parentheses. Statistical significance at the 1%, 5% and 10% are indicated 

by ***, ** and * respectively. 

    First stage Second stage 

  (1) (2) 

    Visibility NPE  

    

Distance  -0.383*  

  (-1.77)  
Fitted Visibility   0.016*** 

   (4.88)    

Book to market  -0.057 -0.012    

  (-0.51) (-1.41)    

Firm size  10.54*** 0.261*** 

  (8.48) (5.97)    

Number of patents  13.58*** 0.284*** 

  (10.36) (5.89)    

RD  23.51*** 0.609**  

  (4.38) (2.82)    

Cash ratio  0.043 -0.286*   

  (0.02) (-1.94)    

Past return  1.003** 0.035   

  (2.57) (0.63)    

    

Year FE  Yes Yes 

Industry FE  Yes Yes 

Observations  11398 9742    

Adjusted R-squared   0.433 0.204    
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Table 8: Size effect on NPE litigation threat 

This table reports how the size of the firms impacts the association between Visibility and 

the NPE litigation threat for the defendant firm. Large firm is an indicator variable equal 

to one if the natural logarithm of the total asset of the firm is greater than the 75th percentile 

of all the firms' total asset. The Small firm is an indicator variable equal to one if the natural 

logarithm of the total asset of the firm is less than the 25th percentile of all the firms' total 

asset. The dependent variable NPE is an indicator variable equal to one if the firm is sued 

by an NPE. Visibility is the natural logarithm of the number of patent related news in the 

prior year from RavenPack plus one. The control variables are defined in the Appendix. 

Standard errors are clustered at the firm level and t-stats are reported in the parentheses. 

Statistical significance at the 1%, 5% and 10% are indicated by ***, ** and * respectively. 

    (1) (2) 

    

Large firm  0.053***  

  (3.21)  

Large firm X Visibility 0.030***  

  (9.83)  

Small firm   0.034*** 

   (3.74)    

Small firm X Visibility   -0.039*** 

   (-10.78)    

Visibility  0.010*** 0.027*** 

  (4.22) (8.75)    

Book to market  0.001 -0.001 

  (0.17) (-0.45)    

Number of patents  0.050*** 0.064*** 

  (13.81) (15.73)    

RD  0.006 0.005  

  (0.71) (0.63)    

Cash ratio  -0.027** -0.059*** 

  (-2.39) (-5.09)    

Past return  0.001 -0.001    

  (0.24) (-0.02)    

Year FE  Yes Yes 

Industry FE  Yes Yes 

Observations  14026 14026    

Adjusted R-squared   0.197 0.186    

 

 

 

 



 

167 
 

 

Table 9: Type of NPEs 

 

 

 

 

 

 

This table differentiates between the type of NPEs by which the defendant firms are threatened 

when they are more visible. The dependant variable NPE in column (1) is an indicator variable 

equal to one if the defendant firm is threatened by a non-producing NPE firm whereas the 

dependant variable in column(2)  is an indicator variable equal to one if the defendant firm is 

threatened by a producing NPE. The independent variable Visibility is the natural logarithm of 

the number of patent related news in the prior year from RavenPack plus one. The control 

variables are defined in the Appendix. Standard errors are clustered at the firm level and t-stats 

are reported in the parentheses. Statistical significance at the 1%, 5% and 10% are indicated by 

***, ** and * respectively. 

    NPE Product Company 

    (1) (2)    

Visibility  0.013*** 0.009    

  (8.52) (1.57)    

Book to market  -0.001 -0.005**  

  (-0.79) (-2.21)    

Firm Size  0.020*** -0.001    

  (10.06) (-0.11)    

Number of patents  0.033*** 0.008    

  (11.19) (0.77)    

RD  0.038*** -0.058 

  (4.19) (-0.38)    

Cash ratio  -0.008 0.251*** 

  (-0.61) (3.21)    

Past return  0.006* 0.013 

  (1.86) (1.51)    

Constant  -0.100*** 0.357*** 

  (-7.29) (4.65)    

Year FE  Yes Yes 

Industry FE  Yes Yes 

Observations  12836 1649    

Adjusted R-squared   0.124 0.100    
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Table 10: News sentiment on NPE trolling 

The table reports how the news sentiment impacts the defendant firms' propensity to be litigated 

by the NPEs. It uses different percentiles of ESS and CSS as the independent variables. ESS is the 

event sentiment score of the news. CSS is the composite sentiments score of a news provided by 

the RavenPack. The dependent variable NPE is an indicator variable equal to one if the firm is 

sued by an NPE and otherwise zero. The control variables are defined in the Appendix. Standard 

errors are clustered at the firm level and t-stats are reported in the parentheses. Statistical 

significance at the 1%, 5% and 10% are indicated by ***, ** and * respectively. 

  (1) (2) (3) (4) (5) (6) (7) (8) 

         

ESSnegative -0.058***        

 (-7.91)        

         

ESSpercentile25  -0.027***       

  (-3.59)       

         

ESSpercentile50   0.012      

   (1.29)      

         

ESSpercentile75    0.043***     

    (4.87)     

         

CSSnegative     -0.058***    

     (-5.67)    

         

CSSpercentile25      0.029*   

      (1.70)   

         

CSSpercentile50       0.021**  

       (2.12)  

         

CSSpercentile75        0.066*** 

        (6.17)    

         

Year FE Yes Yes Yes Yes Yes Yes Yes Yes 

Industry FE Yes Yes Yes Yes Yes Yes Yes Yes 

Controls Yes Yes Yes Yes Yes Yes Yes Yes 

Observations 9084 9084 9084 9084 9084 9084 9084 9084 

Adj R-squared 0.059 0.056 0.055 0.059 0.062 0.056 0.056 0.060    
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Table 11: Plaintiff return before and after litigation 

This table shows the effect of NPE litigation on the plaintiff's stock return. In this case, the NPEs 

are the patent owner or plaintiff. The dependent variables One month return, and two-month return 

are the plaintiff firm's one month and two-month cumulative return following the NPE lawsuits. 

And the dependent variable Return t-1 and the Return t-2 are the one month and two-month stock 

return of the plaintiffs before the NPE lawsuit. The independent variable NPE is the dummy 

variable equal to one if the plaintiff lodges a lawsuit. The control variables are defined in the 

Appendix. Standard errors are clustered at the firm level and t-stats are reported in the parentheses. 

Statistical significance at the 1%, 5% and 10% are indicated by ***, ** and * respectively. 

  

  (1) (2) (3) (4) 

 One month Two months Return t-1 Return t-2 

  return return     

     

NPE 0.027*** 0.028* -0.002 0.004    

 (3.60) (1.98) (-0.17) (0.39)    

Book to market 0.001** 0.001* 0.001 -0.001    

 (2.92) (1.99) (1.36) (-0.93)    

Firm size 0.002 0.003 0.004** 0.003*   

 (0.13) (0.40) (2.54) (1.84)    

Number of patents 0.003** 0.008** 0.002 -0.001    

 (2.30) (2.64) (1.33) (-0.94)    

RD -0.063*** -0.144*** -0.00 0.00108    

 (-4.48) (-6.04) (-0.17) (0.21)    

Cash ratio -0.007 -0.004 -0.005** -0.003    

 (-0.51) (-0.62) (-2.73) (-1.56)    

     

Year FE Yes Yes Yes Yes 

Industry FE Yes Yes Yes Yes 

Observations 2191 1800 2191 1975 

Adjusted R-squared 0.032 0.044 0.028 0.026    
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Table 12: NPE opportunism: Defendant’s return after litigation 

This table reports the impact of the increase in company visibility on the defendant firm return 

after being litigated by the NPEs. The dependent variables are the defendant firm's one month, 

two month and three-month cumulative return following the NPE lawsuits. The independent 

variable Visibility is the natural logarithm of the number of patent related news in the prior year 

from RavenPack plus one. The control variables are defined in the Appendix. Standard errors are 

clustered at the firm level and t-stats are reported in the parentheses. Statistical significance at the 

1%, 5% and 10% are indicated by ***, ** and * respectively. 

  

  (1) (2) (3) 

  CAR [0,1] CAR [0,2] CAR [0,3] 

    

Visibility -0.008** -0.004** -0.003*   

 (-1.99) (-1.95) (-1.71)    

Book to market 0.001*** 0.001*** 0.001*** 

 (17.47) (17.46) (13.55)    

Firm Size 0.002 0.002 0.006 

 (0.42) (0.39) (0.51)    

Number of patents 0.005* 0.005* 0.010    

 (1.80) (1.81) (1.58)    

RD 0.065 0.065 -0.087   

 (0.72) (0.72) (-0.48)    

Cash ratio 0.002 0.003 0.005  

 (0.40) (0.39) (0.54)    

    

Year FE Yes Yes Yes 

Industry FE Yes Yes Yes 

Observations 836 836 836 

Adjusted R-squared 0.077 0.077 0.081    
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3.8 Appendix 

 

 

 

   

Variable Description  

Variable Definition Source 

   

All News The natural logarithm of the number of all types of news  RavenPack 

 plus one.  

   

Anti-troll law Dummy variable equals 1 if the firm is located in a state Appel et al. 

(2019) 

  in which the Anti-troll law has been adopted in the respective  

  year, otherwise 0.  

   

Analyst  The natural logarithm of one plus the number of analysts  I/B/E/S  

coverage issuing an annual forecast for a firm in the 12th month of its database 

  fiscal year.  

   

Book to market Book value of firm equity divided by market value of  Compustat 

 firm equity  

   

Cash ratio Total cash and cash equivalent divided by total asset Compustat 

   

   

CSS Composite sentiment score about the firm  RavenPack 

   

Distance The minimum distance between the firm headquarter and  gist.github.com 

 any news branch of the Dow Jones.  

   

ESS Event related sentiment score  RavenPack 

   

Firm size Natural logarithm of total assets plus one Compustat 

   

Firm Visibility  Indicator variable equals one if the firm is covered by  RavenPack 

Dummy RavenPack in a given year, and zero otherwise.   

   

Instrumented 

visibility 

Predicted value of Visibility from the regression of Distance on Visibility gist.github.com 

& RavenPack 

   

GDP growth The growth of U.S. GDP adjusted to 2010. BEA 

   

Google SVI Natural logarithm of number of times the firm appeared on the Google 

Search Volume Index 

Google  

 the Google Search Volume Index Trends 

   

Industry sales 

growth 

The growth rate of the industry sales. Compustat-

CRSP 

  merged 
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Variable Definition Source 

   

Large firm Large firm is an indicator variable equal to one if the natural logarithm 

of the total asset of the firm is greater than the 75th percentile of all 

the firms' total asset. 

Compustat 

   

NPE Indicator variable equal to one if the firm is sued by an NPE Stanford NPE 

  database 

   

NPE% Number of NPE litigation divided by the number of firms Stanford NPE 

  database 

   

Number of patents Natural logarithm of number of patents a firm holds plus one Kogan et al. 

(2017)  

   

One month return One month cumulative stock return following the NPE lawsuit CRSP 

   

Past return Firm's past 12-month stock return CRSP 

   

RD Natural logarithm of R&D expenses plus one Compustat 

   

Return t-1 Return of one month before the NPE lawsuit CRSP 

   

Return t-2 Return of one month before the NPE lawsuit CRSP 

   

Small firm The Small firm is an indicator variable equal to one if the natural 

logarithm of the total asset of the firm is less than the 25th percentile 

of all the firms' total asset. 

Compustat 

   

Two month return Two month cumulative stock return following the NPE lawsuit CRSP 

   

Three month return Three month cumulative stock return following the NPE  CRSP 

 lawsuit  

   

# of times visibility 

per firm 

The total number of visibility by all firms in a year divided by  RavenPack 

 the number of firms  

   

Visibility Natural logarithm of the number of patent related news in the prior 

year plus one 

RavenPack 

   

Visibility count Number of time a firm's product related news appeared  RavenPack 

   

Visibility rank The standardized rank of the total number of product related  RavenPack 

 news articles.  
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Anti-patent troll laws signing dates by states 

  

STATE DATE 

AL 4/02/2014 

AZ 3/24/2016 

CO 6/05/2015 

CT 5/08/2017 

FL 6/02/2015 

GA 4/15/2014 

ID 3/26/2014 

IL 8/26/2014 

IN 5/05/2015 

KS 5/20/2015 

LA 5/28/2014 

ME 4/14/2014 

MD 5/05/2014 

MI 1/06/2017 

MN 4/29/2016 

MS 3/28/2015 

MO 7/08/2014 

MT 4/02/2015 

NH 7/11/2014 

NC 8/06/2014 

ND 3/26/2015 

OK 5/16/2014 

OR 3/03/2014 

RI 6/04/2016 

SC 6/09/2016 

SD 3/26/2014 

TN 5/01/2014 

TX 6/17/2015 

UT 4/01/2014 

VT 5/22/2013 

VA 5/23/2014 

WA 4/25/2015 

WI 4/24/2014 

WY 3/11/2016 
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Figure 1: Time series of Visibility and NPE lawsuit 

 

Time series of firm visibility and NPE litigation threats: This figure shows the average number of 

times a high-tech firm is visible in the news and the percentage of firms trolled by NPEs. The 

Number of time Visibility per firm is the total number of visibility of all the firms divided by the 

total number of firms per year. The Percentage of NPE is the total number of NPE litigation 

divided by total number of firms in a year. 
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